Regression

Chemometrics II: X-Block | Regessin | Y-Block|

H What’s measured Model What’s desired
Regression and PLS
(Building Predictive Models)

Regression analysis creates a mapping between two
blocks of data.

In contrast, PCA was used to explore the correlation
structure within a single data block.

Regression models are often used to obtain estimates

oo o hosonon . or predictions) for one block of data from the other.
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What Can Be Done with Outline
RegreSSion? + Introduction

* Classical Least Squares (CLS)

» Inverse Least Squares (ILS) Models
* Multiple Linear Regression (MLR)
» Ridge Regression (RR)

* Analyte concentrations from spectra or other sensors
» CH,, H,0, CO, in natural gas (NIR)

* Hy, NH; in waste tanks (FTIR) +  Principal Components Regression (PCR)
* Sugar content of fruit (NIR) «  Cross-validation

* Prediction of property values * Partial Least Squares Regression (PLS)

* Octane of gasoline (NIR) * Model Quality Measures
* Determining of the Number of factors

* Ozone forming potential of automobile exhaust (FTIR) Outler Detection and Model Diagnostics
. u 1

+ Sample classification (e.g., PLS-DA) » Comparison of Methods on NIR Styrene Copolymer data
* Detection of cervical cancer (ETF) A Unifying Theme: Continuum Regression (CR)
* Detection of atherosclerotic (vulnerable) plaques (NIR) » Model Updating, Missing Data
*  Summary
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Course Materials

These slides
PLS Toolbox or Solo 8.1 or later

Data sets

» From DEMS folder (installed with software)
* plsdata (SFCM)

* From EVRIHW folder (additional data sets)
* EigenU_nir_data, SBRdata_ EU
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Data Preprocessing

Everything that was said about preprocessing for
PCA goes double for regression

Data should be linearized, if possible
Data is often mean-centered

Variance scaling used when variables are in
different units or greatly different magnitudes
Many preprocessing methods available!

* Goal: reduce extraneous variance, emphasize relevant
variance

Outlier elimination is critical to regression models
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Conventions & Notation

* Rows correspond to samples, columns correspond to variables
» Notation:

* X = matrix of predictor variables

* Y = matrix (or vector y) of predicted variables

* M = number of samples (observations)

* N, = number of X variables, N, = number of Y variables

* T =X-block scores matrix, t,, t,, ..., ty score vectors

+ U= Y-block scores matrix, u,, W, ..., Ug score vectors

* P =X-block loads matrix, p;, p,, ..., Px loadings vectors

* Q=Y-block loads matrix, q,, q,, .., qx loadings vectors

* W =X-block weights matrix, w,, W,, ..., Wx loadings vectors
* O =ridge parameter
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Classical Least Squares

CLS can be used to develop calibration models
* often used in spectroscopy

The CLS model assumes the data follows:

X=CST+E

where X (MXN,) is the measured response,

S (N XK) is a matrix of pure component

responses, C (MxK) is a matrix of weights (e.g.,

concentrations) and E (MXN ) is noise or an

error matrix.
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The CLS Model

* Given known pure component spectra, how
much of each does it take to make up the
observed mt™h spectrum?'®

+ x,=¢,ST+e,

14

« m=1,..M 12
m:[cm,l’ cm.Z’ cees cm.K] 1

. =1.... £0.8
k=1,...K o

0.6
0.4
0.2

0

-0..
gOO 900 1000 1100 1200 1300 1400 1500 1600
Variables
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CLS (cont.)

 Once S (the spectral “basis”) is known, ¢, the
degree to which each component contributes to a
new sample x, can be determined from

c=xS"
where S*is the pseudo-inverse of S, defined in
CLS as
S*=S(STS)!
* Problem: How to get S?
* library, estimate from calibration measurements
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The CLS Model

» Given known pure component spectra S, how
much of each does it take to make up the
observed spectrum? 12

* ie,whatarethec,,? . m

Y . W

a2 . . . . . , .
B0 900 1000 1100 1200 1300 1400 1500 1800
avelength (nm)
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Classical Least Squares

X=CST+E
X =CST
XS =CS'S
XS(STS)1=C
S*=S(STS)!
 Note that STS is KxK (analytes by analytes)
and square
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Estimating S

* Sometimes, S can be compiled a priori from a
data base/spectral library, or from direct
measurements of pure components

* Problem: must account for all components that can
contribute to X!

* S can also be estimated from mixtures, provided

all C are known and enough samples are available:
ST=(CTC)'C™X
* Problem: The concentration of every analyte that

contributes to X must be known!”
*Interferences and unknowns can be handled with GLS or ELS

type models, but their basis must be estimatedﬁi El GENVECTOR
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Load Data Into Browser

PLS Workspace Browser

File Edit View Analyze Help FigBrowser

rWOEF @
- barry Des kiop/Stehekin_River_Stuff

» 2
» [l EXENGUDE ONUNE VIDEOS
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CLS Example

» NIR data of pseudo-gasoline samples

 absorbance at 401 channels 8
+ 30 samples 6
14
* 5 analytes
. . 12
* EigenU nir data.mat \
* Data broken into £ 08
[=]
25 calibration samples and 06
e 5 test samples 04
0.2
0
>> load EigenU_nir data _0%
>> whos - - 00 900 1000 1100 1200 1300 1400 1500 1600
Name size Bytes Class Variables
cal_conc 25%5 11002 dataset
cal_spec 25x401 96466 dataset
test_conc 5x5 10042 dataset
test_spec 5x401 32146 dataset

double_ Analysis Tools T Workspace
Topks (dovle ik 0 0
. T ravoRres orive
click prii it
i Sared rior anles poied
PCA @ tost_ >
on

PR EIGENVECTOR

RESEARCH INCORPORATED

Start CLS Interface

ann - data in
File Edit View Analyze Help FigBrowser
. WO sa workspace

Cumat Fodet | Users [ barry/ Desktop/Stehekin_River_Stuff 2 ®

LWR - Locally Weighted Regression
L MLR - Multple Linear Regression
L+ MLR DOE - Designed Experiment MR

NPLS - Multway Partial Least Squares.

PCR - Principal Component Regression

PLS - Partial Least Squares

SVM - Support Vector Machine =
CLUSTERING Model Cache

» i cussicaton IR Cace  penerar CREAGE View = ot oy
> é TRANSFORM » B Cache Settings and View
s Gon ; gomon

0ous Y @ 2015 pampron Cup_Sa Women 1t 1708450596 1
» ) IMAGE PROCESSING » @ Aiohol

» @OTATNT

2 e
» [ EIGENGUIDE ONUNE VIDEOS » @ Multple Fluoromax Files

(X EGENVECTOR RESEARCH INCORPORATED | | |» @ 8% NR Xa ]
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Data Loaded

(No Model) = specl, conc

File Edit Preprocess Analysis Tools Help FigBrowser

» @ SHEEEN

) Cumulative 000

darker color indicates data loaded [ rmrmaens |

mouse over to get info

Daia has boon foaded but o model xis Se1 e preproceseing and omor optons (fom e
Preprocess and Toois menus) and caiibrate a model (click on -ma-r Inthe status pane).
Data can be viewed and edited by clicking on the X" andor *Y" ico

EIGENVECTOR
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Pure Component Spectra

Click loadings “spectrum” |2\ - S, estimated from mixtures,

icon, select all 5 components using known concentrations
of all 5 analytes

8 0 0 Plot Controls
5 VaiablesiLoadings Plotforspec 1

File Edit View Plot FigBrowse 0.025

——Comp. 1(12.15%)

Fi 2: Varables/Loadings -CLS 5 Co... & Comp.2(13.18%)
S Camp 3662.76% I
Bl vamnh = 0021 | Comp.4(3.22%) f

———Comp. 5(8.69%) (

2%)
cmm 5 B ns %l

ot e 505

2| none &

[ Setet [ mo | o
[ s || em | ST=(CTC)'C™X

info ? 00§ 0 900 1000 1100 ’_2“)0 1300 1400 1500 1600
(I vaiadls

[] Undo Preprocessing

Set Preprocessing to “‘none,”
calculate model

Tools Help.

Y-block » 1 Mean Center
~ Autoscale

Load Preprocessing >
Save Preprocessing > | Custom...

Plot Preprocessed Data » | Set Current As Default

> None
VeanConer
toatprrocssng >, A
; Custor...

Set Current As Default

G ras Sesnbagea burro modelexes 5 |
Preoncess and Took meris) and cabae s
o e 638ed i £ e

Toxees Sotmacy
e a e Ve DA o

e
S e
e

e een o mig o e cn du s sepeo o v el

Tumoor
o modhid o adust e mode
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.4 RESEARCH INCORPORATED

Fit to Calibration and Estimate
for Validation Samples

E]
Hoteing T2

£ 2
H

i= :

e

" i

< B

]
¥ oo e-Goare

2 §

3 24

H H

e 13

£, £

B 0 W5
¥ Maasurad ¢ Xlans.

0 %
¥ Measured 5 Dacane

£

Click scores “flask” &
icon to get fits and
predictions (test set).

Check “Show Cal Data
with Test”.

Calibration data (black)
Predicted test (red).

All analytes fit and
predicted well.
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CLS Problem

* What if the concentration of 1 analyte was unknown?

* Repeat the CLS procedure using only the first 4 (of 5)
analytes

» Attempt to predict concentrations of unused (test)
samples

PMEIGENVECTOR
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CLS Solution with One

£4 [} [} b4
Analyte "Missing
Py . i~ i . o
i § oLt Click scores “flask
* 2 i Sl icon to get fits
Thidi T Yo Hgere Some analytes not fit
1 ;o e (black) and not
i : P ‘5:’:: ~ predicted (red) well,
of A i especially heptane
\5 o
G 4
10 /
g ]
= /’ BNE
i A IGENVECTOR
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Select only the first four oo ssavcouns

analytes an‘ ’ re’ ’eat Select v-Columns 1o use
tane 1
o anet
Toluene 3
Xylene 4
8006 Analysis - CLS 4 comp - specl, conc. Decane 5
File Edit Preprocess Analysis Tools Help FigBrowser
X 8 ;&’ M e
oDt Appiv/v lidate
View: Import Data
,,,,,,,, Edit Data
Plot Data
Clear Data ”““’
| SaveData ‘
| ‘ Cumula!ive (]
1 189 Transform > 1891
2 69.3 CreateY FromX Columns 88.18
3 435 Splitinto Calibration / Validation 9253
4 7.40_ Augment with Validation | 99.92 I
Sele:(V—Cqumns oo
Select all
Load X and Y
ClearXand Y
| oK ‘ Gancel ‘
: 3 " £
click ‘cal Y: select Y-columns
¥ EIGENVECTOR
m! RESEARCH INCORPORATED

Inverse Least Squares

* Inverse least squares (ILS) models assume that

the model is of the form:
Xb=y+e

where y (Mx1) is a property to be predicted,
X (MXxN,) is the measured response, e (MxI) is
an error vector, and b (V. X/) is a vector of
coefficients

e Unlike CLS, ILS methods associate the noise
with the predicted property, not the measured
response

PMEIGENVECTOR
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Advantage of ILS Methods

 ILS methods (including MLR, PCR, PLS, CR)
don’t require the concentration of all analytes,
including interferents, be known ...

+ ...however, interferents must vary in the
calibration data set for the ILS regression model to
be robust against them

Interferent: Any substance whose presence interferes with an analytical
procedure and generates incorrect results (wiktionary)

PR EIGENVECTOR
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Multiple Linear Regression
Xb=y+e
Xb=y
X'Xb=X"y
b=(X"X) X"y
X =(x7x) X7

* Note that X"X is N XN, and square

i?igEleENVECTOR
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Estimation of b: MLR

It is possible to estimate b from

b=X'y
where X'is the pseudo-inverse of X
There are many ways to obtain a pseudo-inverse;
the most obvious is multiple linear regression
(MLR), a.k.a., Ordinary Least Squares (OLS)

In this case, X" is estimated from

X' = (XTX)il X’

;-15 EIGENVECTOR
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Problem with MLR

Inverse of X"X only exists if ...
* Rank(X) = N,, however rank(X) < min (M,N,)
X has more samples than variables i.e., if M>N,, and
* problem with spectra

e Columns of X are not co-linear.

Inverse may exist but be highly unstable if X is
nearly rank deficient (a.k.a., ill-conditioned).

In these cases, small perturbations in the data
(possibly due to noise) can produce very different
results.
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Slurry Fed Ceramic Melter:
SFCM

Fead ] Preumatic
Thermaowell Nozzle Level
Detector
Thermo-
couple /|
Locations

left right
20 temperatures roam
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00 PLS Workspace Browser
File Edit View Analyze Help FigBrowser !
& =@
Analysis Tools .| Workspace
Topics (ouble cick o opEn) Current Workspace Varables
v ¢ FAVORITES ase Value aytes
Dataset Editor
Geting Saned
. PCA - Princpal Componen Aralyss
» 4 DECOUPOSITION <
v 7 REGRESSON Model Cache
i T e Cache : "general® DATE View (- = Not Available)
MLR - Multiple Linear Regression | '» B Cache Settings and View

MLR DOE - Designed Experi
NPLS - Multway Partial Least Sq\

“Model Cache No Cached Data Available

T ) | =] De mo Datal
Paint Formulation Non-Linear Data (rain

Farky Demo bat (urardata)

Purty Demo Data winofe (urrdata. ol

Raman Specta of Mcrocrystals (Raman Dusk varcess

& PLS - partal Least Squares
. SVM - Support Vector Macine

» 2 CLUSTERING

» 3 CLASSHCATION

» Lo Raman spe o Moyl Relerences (aman st Par find d
> Borer Rarman of Time Resolved Reaction ind data set
> X0 e Cran M Pt (5 312,612

» [ IMAGE PROCESSING

> 2 drag onto

» Hl EIGENGUIDE ONUINE VIDEOS

Styrene-Butadiene Copolymer NIR Spectra (SBRdata_EU)

in DEMS folder
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MLR Example

* Use MLR to obtain a relationship between
temperature and level in a SFCM

PPTviER s —Nv.,ww,\,ww,. e

200 L L L L L
o a0 100 150 200 250 300

o 50 100 150 200 250 300

Sarnple Nutaber (time)
[~ |1
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Edit Data

xblockl and yblockl

. . . ‘@00 Analysis - MLR (No Model) ~ xblockl, yblockl
Wlll 10ad as Callbratlon File Edit Preprocess Analysis Tools Help FigBrowser «
B @ %y N

xblock2 and yblock?2 [ X el

1 1 ] Import Data
will load as validation set i ‘
[Viesis Clear Data ible Seiecton

Save Data

Edit calibration X-block data

Transform
Create Y From X Columns
PLS Workspace Browser Split into Calibration / Validation
Augment with Validation

Load Xand Y
Clear X and Y

ourses/EVRIHW
| Workspace

Current Workspace Variables

prep: P
eprocess and Tools menus) and calibrate a model (cick on icon in the status pane). Data.

Hams Vdies Byten n'be viewed and edited Dychckmqanme"x‘and/ar"‘l“\oﬁn&od
i) xblockl <300x20 dataset> 61170
) xblock2 <200x20 dataset> 44370
i) yblockl <300x1 dataset> 14938
i} yblock2 <200x1 dataset> 13338

~ | |
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Remove Outliers Set Preprocessing

806 Preprocessing X-block
800 Analysis - MLR (No Model) - xblock1, yblockl
(800 I— File Edit Preprocess Analysis Tools Help FigBrowser A [ ok [ i et e [
xblocki - Dataset Editor e e
| File Edit Transform View FigBrowser B o HEEE f'"x‘"‘::;:‘"”m""' o
2@ .,
13 ” = Log10
bi di o ms::wv--\ gEmli ¢] o | S " Colibrate | SO Apply/Validate || asineomic wegnies Loas squres
tab in DataSet Editor \‘ — ‘I‘ i ‘I‘ = I| ] Tt Tt IR E:;;:;:@u%ﬁwgm =
i i & & i . Dervatve Columns (SavGol)
Matns ‘Sample Number ] ] Detrend
Exclude samples 73 P —— : o ommcomany
xclu p , o) ] e — set the preprocessing to -
(Poves) oo BEERE L e
167,278 and 279 from D | E—— - mean-center for both the S
o) e i =
2 et S res
xblockl e x- and y-block L
(Rowzso | [(MNewClss.. i & . Seaingand Comarng
Powzat | [ Mewcas. | o Ao
S . T | @ zz:m:gz::wmm
o=t ® G sonioased i o e St tepcase o 2o overcpore o e e
(Fovis) —— R R g S R et o ey oW
) e rrerm— e g atac o s o
Rwass| [ ||| Mewcas | & = () ( Add— |- Remove || down Settings.
o) [ ||| tewess ] @ Mean-centering allows for an oo e et vomeaen varaoe -
offset in the linear regression. ) = —
Not centering is a force fit = s 3] (v

through zero.
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MLR Fit to Calibration and
Set Cross-Validation Prediction on Validation Data

[eoo Analysis - MLR (No Model) - xblock1, yblockl enn /Cmss—\(a]iriauun

F|1e Edit Preprocess Analysis Tools Help FigBrowser

3 @ & E

=§ % Apply / Validate

View: | Funcion sonings =] Siopwea varabe socior [N

T Click calculate model RYEEE!

= Click scores “flask” |

N
© 0 O PlotControls
Rl Y | File Edit View Plot FigBrowse ™

set the cross-validation
to split the data into

- Fg 1: Samples/Scores - MLR - X0ICK... &
T S ST | Jochi e g t]
o| ¥ Measurea 1 Lover B

3 : 8.0.0, Cross-Validation
contiguous blocks with
. i s e
10 splits ey || 00 |
— R -
e e e o e P Aot o PRl — ——
can be viewed and edited by clicking on the "X andlor “Y" icons. ‘ Piot | [ PotType. |
e ;J ‘ Select H Tool R*2 (Pred) = 0.813

Qoon Goon Pl .

moaw [ ox J[ s ]| T % w2 me  me  ms @ a2

¥ Messured 1 Level

data o,

o camn o en

, PMEIGENVECTOR EEET PMEIGENVECTOR
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Ridge Regression

* Ridge Regression (RR) is one way to deal with ill-
conditioned problems

* RR gets its name because a constant is added to
the “ridge” of the covariance matrix in the
formation of the pseudo-inverse:

X' =(X"X+16) X"

* The addition of the ridge (I term) stabilizes the

inverse and shrinks the values of the coefficients

* this “ridging” is known as matrix regularization

roEm
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RR and MLR Regression
Vectors

0015

-~ MR
-6 RR

0.005

H “VV

'*!ijiElGENVECTOR
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40

RR Shrinkage

Values of Regression Coefficients as a Function of theta
0015

0.01 4 Yertical line shows
- best quess fortheta
2 ] theta= 0.00715026
g i _
g
Eomwsk g - :
T
= L .
] 127
L] e b
® U
= 13 —
-0.005 B A ——
=
5 e
i
001

w003 001
Value of theta

[brr,theta] = ridge(mx,my,0.015,31);

0.015

[~ ]

A
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Problem with MLR and RR

RR helps stabilize the inverse
* ridging biases the regression

* how to determine the ridge parameter 6?

MLR does not work when M<N,

Possible solution: eliminate variables
* how to choose which variables to keep?
« stepwise regression or other variable selection
* lose multivariate advantage - signal averaging
Another solution: use PCA to reduce original
variables to some smaller number of factors

* retains multivariate advantage
* noise reduction aspects of PCA

[~ ]

A
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Principal Components
Regression

* Principal Components Regression (PCR) is one
way to deal with ill-conditioned problems

* Property of interest y is regressed on PCA scores:
. -1
X' =P (T/T,) T]

* Problem is to determine K the number of factors to
retain in the formation of the model

roEm
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Cross-Validation

+ Divide data set into J sample subsets
* For each subset (j=1,...,J):
* Build PCA model using samples in the remaining subsets
» Apply the model to subset j samples
 Calculate PRESS (Predictive Residual Sum of Squares) for
the subset samples:
2 _
e’ =(y—Xb)
* Look for minimum or “knee” in CumPRESS curve
J

RMSECV = (izlei)
=

roEm
. PMEIGENVECTOR
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2
J
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Principal Components
Regression

Tib, =y+e=XPb mb=Pb
Tb =y

K™ pc

TITb =TIy

K"K pc

b=P(TIT,) Tly

X =P (TIT,) T

K

b, =(TIT,) Try

* Note that T/T, is KxK and square

ﬁiEIGENVECTOR
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Cross-Validation Graphically

form model with then

to
‘break data - use predict
into subsets E - I
o
= [

round 2

calculate
prediction error
for each subset
as a function of
number of PCs

round 3

U
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Formation of Test Sets

“Venetian contiguous random leave-one-
blinds” - OK  blocks-best selection- out, used
when data for time usually when not
already in series repeated much data
random several times available
order
What else? Custom selection, based on
at else: prior knowledge! P EIGENVECTOR
45 m’ RESEARCH INCORPORATED
Cross-validation Usage Matrix 1/2
CATReET ___ CROSS-ALIDATION METHODS
TYPES Contiguous Random
Venetian Blinds Blocks Subsets Leave-One Out Custom
« Easiestl (Only
s Easy s Easy s Easy one parameter) * Flexible
GENERAL CV * Canbe slow, if
Method m or number of o Avoid using if |e Requirestime
Properties » Relatively quick * Relatively quick |iterations large m>20 to define splits

e Selection of
subsets unknown

* Good choice & often needed to
avoid the
Small data sets e OK, if many e __unless DOE  |external subset
(<~20 objects) | . iterafions done data lection trap
» Good choice « OK but
randomly- e Cantake a
distributed while with large m, [ Can take a while
_objects = Good choice e Good choice _|many iterations __|with large m .
[~ | ]
PMEIGENVECTOR
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Cross-Validation Considerations

» Cross-validation method selection criteria
* Number of objects in dataset, M
* Order of objects in dataset
* Objective of cross-validation (specific type of error?)
* Presence/absence of replicates
* Remember the objective is to mimic future performance

« “Traps” to avoid
 “Replicate sample trap”
« Different replicates in both model and test set
« “External subset selection trap” - extrapolation
» Test set “space” outside of model set “spacg g

mEIGENVECTOR
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Cross-Validation Usage Matrix 2/2
DATASET E CROSS-VALIDATION METHODS
TYPES Contiguous Random
Venetian Blinds Blocks Subsets Leave-One Qut Custom
* Useful for assessing
NON-temporal madel
errors o Useful for
e Canbe optimistic |assessing
with low number of temporal stability
time-series data [data splits of model . . .
o Useful for
assessing
* Useful for assessing|predictability
predictability within ~ |between = Can manually
batches/parts of batches/parts of select “batch-wise’
Batch data batches batches . . test sets
* Goodwayto e Canuseto
avoid replicate avoid replicate
sample trap sample trap (high[e overly optimistic
e Beware the » Bewarethe |number of spiits, |resuits, dueto
Blocked data replicate sample trap |external subset  |nigh iterations replicate sample
(replicates) (optimistic results)l __|selection trap! preferable) trap .
e Not » often needed
Designed * Dangerous, unless (¢ Dangerous, recommended to avoid the
Experiment object order is unless object order (external subset |external subset
(DOE) data randomized is randomized . ion trap ) lection trap
[~ ]
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Switch Analysis from MLR to
PCR, Calculate Model

800 Analysis - MLR (No Model) ~ xblock1, yblockl 800 Analysis -~ PCR 6 PCs - xblockL, yblockl
File Edit Preprocess Tools Help _FigBrowser > |File Edit Preprocess Analysis Tools Help FigBrowser -

M B @

[ 2

|Data has been loaded butno mt
|Preprocess and Tools menus) a

PCA
Purity
MCR
MPCA

PLS

LWR
SVM (SVM-R)
v MR

s
PLSDA

SVMDA (SVM-C)

SIMCA
KNN

PARAI

FAC
Multi-way PLS (NPLS)

Batch Maturity

Cluster

Analysis Methods Help
Simplify Menu

g

Apply / Validate

Prediction
/

idate

‘Other optons (irom the.
con n the status pane). Data

can

NombarPGs: 6| o selt

Percent Variance Captured by Model (* = suggested)

X-Bock X-Block  YBlock y-Block
PC Cumulative  PC Cumuiative RMSECY
1 8161 8161 8523 8523 olie3
2 615 87277 019 841 ou7ls
3 sz 9298 030 8571 011593 suggested
4 254 9553 002 874 01677
s 137 9690 o017 8591 01744
6 [1o1 1 109 8699 01119 cmem |
7 046 7 [ 87.04 oa12ss
8 039 9876 027 8731 011069

49

51

PCR

PC #

o uUEs WN K

?:iiEIGENVECTOR
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Variance Captured

-----X-Block

Percent Variance Captured by PCR Model

This PC Total This PC Total
1.61 81.61 85.23 85.23
6.16 87.77 0.19 85.41
5.22 92.98 0.30 85.71
2.54 95.53 0.02 85.74
1.37 96.90 0.17 85.91
1.01 97.91 1.09 86.99

?:iiEIGENVECTOR
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PCR Cross-Validation Example

Recall: time series data so
contiguous block CV

0.118

irrelevant PCs

choice for K (6 PCs)

Click variance “lambda” & o116
icon to get CV results oa1a

®00
File Edit View Plot FigBrowse »

Plot Controls

| Fig 1: Model Statisties - PCR 3 POs - 3

|| Prnceal component mumer B
— 0.108

|V Varane Capturad (o)

|Y Cum Varance Captured ()

0.106

RMSECYV Level, RMSEC Level

o
| nfeigenvalues)
s
e

lvseC Lover I 0.104

|GV R Lovel
Caifr2 Lovel

0.102

2| nene B 01—

\PCR Variance Captured and Statistics for xblock 1
)

GoorBy. |

[P || Poitme. |

4 6 8 10 12 14 16 18 20
Principal Component Number
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PCR Model Fit to Calibration
Data and Validation Predictions

Click scores “flask” to &
get prediction results

800
File Edit View Plot FigBrowse

Fig 2: SamplosiSoores - PR 6 PGS~ % |

x:| ¥ Veasuod 1 Loval B

Plot Controls

Adjust Plot
Controls to

get desired TR
plot i e

[Soores on PC3 (5,227
¥: Scores an PC 4 [2.54%)
|Scors an pC 5 (13736}
1:01%

¥ W hiedktod Love

YoUnssoualtievel ||

2| none :]
Gaorby,

[re || Pewe |

[ ‘Select || Teol

Qoon Qcon R,

Tean T oon Fa.

daia nfo

1 Show calata wan Test

() show ErorBare

52 [ Cont. Uimts: [ 95 | %

4 Figur - Sompls/Scores DGR TG bl yHockt
Fle € View st Tools Duskiop Wndow Hely Figbrowser PotGUl
NEde RNV RL- G 0B nD

EE7D213): YRECENESLEEPATNES

2| AsS

Pt

0
Caibraton

.o

¥ Predicied 1 Lavel

Predicton Bias = 006765
R? (Cal,Cv) = 0.670, 0.858
RE (Prec) =0.626

i . . . s
Ta8 2 22 204 208 208 21 212
¥ Measured 1 Lovel
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Problems with PCR

» Some PCs not relevant for prediction, but are only
relevant for describing variance in X
* leads to local minima and increase in PRESS

This is a result of PCs determined without using
information about property to be predicted y

A solution is to find factors using information
from y and X

%EIGENVECTOR
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PLS Cross-Validation Example

SIMPLS Variance Captured and Statistics for xblock 1

53
Set Analysis to PLS
0.118
Calculate model o116l
Click variance “lambda” = °™
to get CV results & g ome
% 0.1
g 0.108
>
% 0.106
z
0.104
0.102

55

no irrelevant factors
choice for K

—+— RMSECV Lewl
—+— RMSEC Lewel

4 6 8 10 12 14 16 18 20
Latent Variable Number
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800 Analysis - PLS 3 LVs - xblockl, yblockl

Partial Least Squares
PLS is related to PCR and MLR

* PCR captures maximum variance in X
* MLR achieves maximum correlation between X and Y

» PLS tries to do both by maximizing covariance between
Xand Y

* Requires addition of weights W to maintain
orthogonal scores

Factors calculated sequentially by projecting Y
through X

X' = R (TiT,) T =W, (PIW, ) (1), ) T
%ElGENVECTOR
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PLS Model Fit to Calibration
Data and Validation Predictions

541y - sblock1,yelock! ooox

Set number of LVs to 4

File Edit Preprocess Analysis Tools Help FigBrowser
M 8o Wl a AN %W

Calibrate ppwv;mm

X-Block Y-Block  y-Block
v v Emuiative RUSECY
sis sers 1 seas  oauso

2.01 88.77 114 87.59 011104 current
4.91 93.68 0.18 87.77 0.11023 suggested

166 96.89 015 8822 0.11084
121 98.10 0.05 8827 011116
037 98.47 007 8834 0.11169
021 98.68 0.08 88.42 011245
031 99.00 0.05 88.48 011318

g o Toolbar umber of

%ElGENVECTOR
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PLS Variance Captured

Percent Variance Captured by PLS Model

————— X-Block----- -----Y-Block-----
LV # This LV Total This LV Total
1 81.61 81.61 85.33 85.33
2 5.15 86.76 1.12 86.45
3 2.01 88.77 1.14 87.59
4 4.91 93.68 0.18 87.77
[~ 1
PMEIGENVECTOR
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NIPALS: PLS Algorithm

Choose uj =y or one column of 'Y

1
w - X u, o = G| Pl @)
i T
X'u
Il o vulbd )
t = Xw Find the regression coefficient for the inner
1 1
@ relation:
q, = ujt, b uT t,
= 1 =
H“\ t\H 3) ' tt, )
u, =Yq, @ After calculating scores and loadings for first
. Latent Variable, the X and Y-block residuals are
Check for convergence by comparin; t] to
¢ Y comparing ! calculated:
previous t]. If Y =y skip (3) and (4) and continue E, =X -tp!
<t i Py (10)
!
Py = 77 F, =Y -uq;
el Yol
Repeat entire procedure replacing X and Y with
» _ P their residuals
R I ©6)

Non-linear iterative patial least squares (NIPALS).

Geladi, Paul; Kowalski, Bruce (1986), "Partial Least Squares Regression:A Tutorial",

59 Analytica Chimica Acta 185: 1-17,

'*!ijiElGENVECTOR
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Regression Vectors

0015 , :
— MLR
—— PCR
—FLs
001+ 1
noost g
0 1 ﬂ bn. A
Y
o005t E
am . . . . . . . . .
o2 4 & 8 W0 12 14 16 18 20

ﬁiEIGENVECTOR
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Other PLS Algorithms

* It can be shown that w, is given by
XYY Xw, = iw,
* The SIMPLS algorithm uses an orthogonalization
of a Krylof sequence (faster than NIPLS algorithm)
* The important thing to remember is:

PLS finds factors in X which are correlated with Y
while describing large amounts of variance in X

Sijmen de Jong, “SIMPLS: an alternative approach squares regression,” [e—

C ics and Intelligent Laboratory Systems, 18 (1993) 251263 mElGENVECTOR

RESEARCH INCORPORATED




Y Projected onto X Plane

¥-block Variables

15 -
1 4 L
** *
05 o ®
L
* *
A g * * *
05 * e
-1 «»
-15
2 B [ T 2
¥
[~ 1
PMEIGENVECTOR
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MLR Regression Vector and
Surface

X-block Variables

. LB TR
P T ’;/’jo
-
"/o '.. ! i
I o 3 \. '3
o "
e o

'"!iliiElGENVECTOR
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PCA of X-Block

reblock Variables

b RS
3y P /;/’jo
L //o ’.. o ;
R *
90y, /,/. e //
asp \ 7 ¢ 0\.:/
B e
-1.5
S 1 [l 1 2
w1
romm
PMEIGENVECTOR
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PCR Regression Vector and
Surface

MLR
reblock Variables

ﬁiElGENVECTOR
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PLS Regression Vector and
Surface

X-block Variables

i MLR
" es PLS
- ® -l
1 . " PCR
s /o o2 )
- .
o0, g \' i
TR A N
g b
1 e
15
2 Kl i | 2
w1
roam
PMEIGENVECTOR
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PLS for Multivariate Y

e PLS can be used to relate multivariate X to
multivariate Y (a.k.a., PLS2)

* outer relationships
X =TP, +E

_ T
Y=U,Q. +F
* inner relationship
UK = TKBK
* ie., the scores in Y are linear combinations of the
scores in X
[~ [}
. EMEISENVECTOR

Geometric Relationship of
MLR, PCR, and PLS

PLS is the vector

H-block Variables

MLR

PLS

on the PCR ellipse 2
upon whichMLR 45
has the longest

projection !

0.5
[
08

-1

-1.8

Line perpindicular
to the MLR
regression vector

-2

66

PLS2

X-Block Outer Model

X2

ﬁiElGENVECTOR
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Y-Block Outer Model

Ist PC

w, and q; are similar to PCs
in X and Y but they are
rotated so that there is better
correlation between

t; (=Xw,) and u, (=Yq,)

68

st PC
qi

Inner Model

up

[ Slope=b

ﬁiElGENVECTOR
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Model Quality Measures

* Root Mean Square Error
(RMSE) Metrics

* RMSEC

* RMSECV

* RMSEP

¢ In units of the Y variable!

>(5,-5)(n-7)

i=1

* Correlation Coefficient (r)

» Unit-less J(z( N ,j)g( = ;)]
« Considers the range of Y ’ ’
PMEIGENVECTOR
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Cross-Validation Error

* RMSEC measures fit fo the model data. RMSECV (root
mean squared error of cross-validation) is an estimate of
predictive power on new data.

* RMSECYV is a function of the number of factors k and
how the test sets were selected

J’s refer to different
CV subsets
PRESS
RMSECV = = . i’s refer to CV subset

samples- not used to
build CV models

[~ [}
mEIGENVECTOR

7 RESEARCH INCORPORATED
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72

Root Mean Square Error (RMSE)
Metrics
* These are used to assess a model’ s fit to the data
and predictive ability on new data

+ Measures “average” deviation of model estimates
from the measured data

* Measure of fit - root mean squared error of
calibration (RMSEC)

i’s refer to all
samples used to
build the model

[~ |1
mEIGENVECTOR
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Prediction Error

¢ Prediction error is often used to validate a model
and is a true measure of the predictive power on
new data

* Measure of prediction error - root mean squared
error prediction (RMSEP)

i’s refer to
samples NOT
used to build the

model

[~ |1
mEIGENVECTOR
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73

75

RMSECYV Level, RMSEC Level

0.106

0.104

0.102

0.1

RMSE metrics, as a function of

factor (PC, LV)

SIMPLS Variance Captured and Statistics for xblock1

RMSEC and RMSECV
can also be used to
determine the optimal
number of factors
(LVs, PCs) to be used
in a model

—+— RMSECV Level
—+— RMSEC Lewel

2 4 6 8 10 12 14 16 18 20

Latent Variable Number

Num

e Choice is not al

[~ [}
m!EIGENVECTOR
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ber of PCs or LVs

ways simple

* A few rules of thumb

+ sqrt(M) a good

choice for number of splits

» useful to do repeated CVs with different data ordering

« if data is time series use block CV due to correlated noise

» be conservative, models are more often over-fit than under-fit

* best choice is often not the global minimum PRESS

* look for minimum of PRESS and work backwards if improvement

is not at least 2

%

* RMSEC<RMSECYV by more than ~20% indicates overfit

* look at varianc

e captured in X and Y. Is it significant with respect

to what you know about the data?

[~ [}
mEIGENVECTOR
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76

Comparison of Models

MLR, PCR, and PLS models were constructed
using SFCM data: Calibration used (xblock1) and

test used (xblock?2).

MLR PCR PLS
RMSEC 0.1002 0.1070 0.1038
RMSECV 0.1136 0.1120 0.1102
RMSEP 0.1498 0.1355 0.1415

Fit and prediction are two entirely different
aspects of a model’s performance

[~ |1
mEIGENVECTOR

RESEARCH INCORPORATED

Model Diagnostics

Diagnostics useful for finding outliers/uniques
X-block Q residual and T?

X-block leverage and studentized Y-block residuals

Try SFCM example without removing outliers

[~ |1
mEIGENVECTOR

RESEARCH INCORPORATED



Build PLS Model on SFCM Data

 Construct a linear regression for yblockl from
xblockl (time series data)
* predict level of slurry fed ceramic melter (Y-block)
* using melter temperatures (X-block)

* Test the model on xblock2 and yblock2

IF data still loaded, can do:

« Edit/Calibration/X-block Data

* Row Labels Tab

« right-click on “Incl” : “Clear/Reset”
(checks all rows)

« calculate model

?:iiEIGENVECTOR

W RESEARCH INCORPORATED

Data: loaded but not analyzed

/ 2 No model calculated (yet...)
S — 3 Plot your Data!

T Analysis - PL (No Model) - sblock], yblockl

File Edit Preprocess dnalysis Tools Help jffBrowser

R T 10

Validation

Il Calibration

VilCaliljration X-Block
;s

Load Data
Import Data.
Edit Data
Plot Data
Clear Data
Save Data

1 Cursor over X-

Transform >
. XJ Create Y From X Columns i
block to get info 1 splitinto Calibration / Validation  *tauat
100 Augment with Validation
Load X and Y
Clear X and Y

roEm
N PMEIGENVECTOR

RESEARCH INCORPORATED

800 PLS Workspace Browser.

Load SFCM Data (plsdata)

File Edit View Analyze Help FigBrowser

WOo& =@

Analysis Tools

[ Workspace

Topics (ouble cick to oper)
¥ FAVORITES

L Dataset Editor

-+ Gettng Started

-+ PCA - Principal Component Analysis
» {) DECOMPOSITION
v REGRESSION

LS - Classical Least Sauares

LWR - Locally Weighted Regression
MLR - Multple Linear Regression
MLR DOE - Designed Experiment MLR
NPLS - Multway Partal Least Sauares
PR - Principal Component Regression
L. PLS - Parval Least Squares
- SVM - Support Vector Machine

X 10015
» [ IMAGE PROCESSING

LA e cunevos ATAG ONTO
PLS

[A_EIGENVECTOR RESEARCH INCORPORATED

Current Workspace Variables

“Model Cache

s ‘

Model Cache

Cache : “general” DATE View (* = Not Available)
» B Cache Settings and View

71 No Cached Data Available

PGSE NN of Photograpic Fim (amr_dava | | » 1) CITITIETEY

Paint Formulation Non-Linear Data (paind) |
Purty Demo Data (punvardata)

Purity Demo Data w/noise (punvardata_noi

Raman Spectra of Microcrystals (Raman Dust raruces) t t
Raman Spectra of Microcrystals References (Raman Dust Part ﬁnd da a se

in DEMS folder

Rice Grain Mixture Photo (RGB 512x512)
Semiconductor Etch Batch Data (etchdata)
Semiconductor Etch Optical Emission Spectra (oesdata)
Slurry-Fed Ceramic Melter PCA Data (pcadata)
[Sturry-Fed Ceramic Melter PLS Data (pisdata) |
Slurry-Fed Ceramic Melter Replacement Demo Data (replaced
Slurry-fed Ceramic Melter Timeseries Data (pulsdata)

Star Temp and Intensity Non-linear Data (stars)
Styrene-gutadiene Copolymer NIR Spectra ($8Rdata_EU)
Sugar Quality by Fluorescence EEM (sugar)

Surface Acoustic Wave Vapor Sensor Data (sawdata)

Swedish Knackerbrod Image (250x250x5)

Texture Photos (27 grayscale 128x128)

Three-Drop Purity Demo Data (S 126x127x600)

78
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Plot Your Data

Default plot

Column / Variable
mean

B ot Contrats [0

File Edit Wiew Plot FigBrowser »

4ng 1: Calbration X-Block Data -
X |Variables 5

Color By.
Piot IV Bite-Uptiate

Select I Toal J

80

File Edit FigBrowser PlotGUl e

DEsEES ®RAaN® € 0B

Sample Number ; Mean

Temperature (C)
1200

1100

700

600

500

400 — L L
10 12 14 18 18 20

Variables

"
=
o1
=
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Plot Your Data

1 Plot control default

the Plot control generates plots in
can look at summary stats

MATLAB figure windows

B Piot Controls ]
Tiew Plot FigBrowser ~
'm Table Cirl+T |
Numbers  Ctrl+U
Xl Wariahl
- T »
Ctr|+Z
Excluded Dats

Declutter Labels Crisk \3 under Y: menu
s co > highlight Data

2 under view menu
check
labels:Temperature

iF\g1 Calibration Plock Data -l

Auds Lines »

4 = Diaganal 11 line
Color By. Log Scales 3

2 b
R | o aa s Pt AutoY-Scale  Ctrl+F

Select I Toal |

Subplots »

Duplicate Figure Ctrl+D

Spawn Static View

[~ [}
) | ﬁ!EIGENVECTOR

| Settings RESEARCH INCORPORATED

Plot Your Data

. B Figure L Calibration X-Block Data )
all variables vs. File Edit FigBrowser PlotGUL ~
Samples(time) D@8 aaqse(Eia

o Sample (time)
under X: menu Sl
highlight Samples 1000
B Plot Controls L) e 900
File Edit view PlotffigBrowser 2 a0
i
£ o |
=
ey 500L L e excBirnc i e s
st - i QU e L
| 300 ]
g =l
TR * E) 00 T 20 0 300
Plt | [ suto-uprete Samples.
Select | Tea | -

o PMEIGENVECTOR

RESEARCH INCORPORATED

Plot Your Data

(- Xals) Figure 1: Calibration X-Block Data

File Edit View Insert Tools Desktop Wi

w Help FigBrowser PlotGUI

A9 0E =D
i A
all samples vs. o 3|04 ¢
: Temperature (C)
variables rann 2
"W roiconats =B8] R | e
File Edit Wiew Plot FigBrowser ~ 1000
[Fia 1: Calibration X-Block Data | 900
Re|Variables - 2 w0 P
v §
Mean E mwo
StoDev 2
Mean+StoDey £ o
Murnber Missing F]
s00 0 R-Plenu
z] - B ano left right |
bottom to top bottom to top
Calcit By, 300
Plot | 7 auto-update 200t i . i i i i i
2 4 B B 10 1z 14 16 18 2
Select | Taal I Varisbles

ﬁiEIGENVECTOR
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82
Click
8.00 I Analysis - PLS (No Model) - xblockl, yblockl
File Edit eprocess Analysis Tools Help FigBrowser

o H Plot Controls

File Edit View| Plot FigBrowser |

Load Data
Import Data

Apply / Validate

» e selecton

Edit Data e ———

Wil Piot Data

Clear Data = suggested)
Save Data — ‘ / z =
[ Transform ” Coloe By
= Create Y From X Columns Plot COHtrOlS: Select Pt | [ autoupdete
Split into Calibration / Validation . —_—
Augment with Validation PIOt.COlUmnS Select | Tool |

Select Y-Columns

Load X and Y
Clear X and Y

84

[z vama ¥ 0 Summery

Ranars
Xl atiables

Colurnns

ﬁiEIGENVECTOR
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Plot Y Data

B Figure 2 Y-data =ac!
N File Edit FigBrowser PlotGUI ~
[ e -
M Plot Controls =[] 28 | Nedae @aaoe|E 0B

File Edit VWiew Plot FigBrowser Seimpl i

= 212
Fig 2 *-data -
X:(Sample - 21
208
T 2086
5 <
Zifrone: - =204
Color B
_ coorbr. | o
Plat |V auto-upciate:
Select | 1ea | 4
o , A ) 3 ;
50 100 150 200 250 300
Sample
PMEIGENVECTOR
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Which Regression?

* BACK to Analysis Window, then Analysis menu
* Choose PLS...

800 Analysis - PLS (No Model) - xblock1, yblockl
File Edit Preprocess mm Tools Help FigBrowser
N [§ PCA |
Purity ;
MCR
MPCA

PLS

Batch Maturity

Cluster

PCR
Vari. LWR ggested)

X-Block X-Blo¢ SYM (SVM-R)
v Cumuli MR
L 1 cLs

SECV
ol

PLSDA

SVMDA (SVM-C)
SIMCA

KNN

PARAFAC [~ [}
e ST mEIGENVECTOR

RESEARCH INCORPORATED
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86
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Plot Your Data: Summary

* Bottom temperatures higher than top temperatures
+ surface and plenum space is cooler than the bottom
e Trend in time

« “saw-tooth” pattern showing correlation between some
temperatures and level

ﬁEIGENVECTOR
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How Should We Scale the Data?

* Variables are in same units and there’s and reason to
believe that variance is associated with signal: Suggests
mean-centering.

* X Preprocessing is set under Preprocess:X-block
8 N6 Analysis - PLS (No Model} - xblock1, yblock1

_File Edit Preprocess Analysis Tools Help FigBrowser

o

1 autoscaling is the
default, highlight
Mean Center

Il Apply / Validate

2 select Mean

lViaw: i 55Q Tabie | IPLS Varabla Seiection |
Number LVs: [ Auto Select Center for both
Percent Variance Captured by Mcdel (* = suggested) X
- and Y-blocks
X-Block X-Block Y-Block y-Block RMSECY
LV Cumulative LV Cumulative '~

|

ﬁEIGENVECTOR
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How to Cross-Validate?

» Time series data suggests contiguous block cross-validation

1 click check for Cross-Validation 2 contiguous block, then OK

8.06 Ak PLS (No Model) - xblockl, ¥

o

" B Cross-Validation

File Edit Prepm(es\Analysls Tools Help

Cross-Val Method Maximum Number of LVs I 20

Calibrate

550 Tabie

Number LVs: Auto Salsct

Dercent Variance Captured by Model (* =

X-Block X-Block Y-Block y-Block

1 y ML

none
leave one out

Reset | ok || camce [}

3 click Model button to
perform cross-validation and
build the regression model

'fjiEIGENVECTOR
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RMSECYV Plot

W ~ Cumulative LV Cumulative
1| ]
89
Plot RMSEC and
RMSECV vs. LV, =
©.0 0 Plot Controls f e
File Edit View Plot erowse ~ =
H
[ FlgLthu\Sﬂtbtk:s-PLSi.i-x,,. 2] énus
H
%.
3 on
0.105
01
‘ ColorBy... ‘
Sewat s ||
91

SIMPLS Yariance Captured and Staistcs for block |

—+—RMSECY Level
—+—RMSEC Level W

2 4 5 B 10 [ W 15 20
Latent Variable Number

'fjiEIGENVECTOR
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Regression Results

2 Click Eigenvalue button to
plot RMSEC and RMSECV

800 Analysis - PLS 1 LVs - xblock1, yblock1

File Edit Preprocefjf Analysis Tnnls HEIp FigBrowser

PR - R

[A Cache : “general” DATE View (* = Not Avallable) [Ei]
2

(£ Demo Data

02-May-2013

» [E] item: PLS (sim) 1 LVs [X: Mean Center ] [ Y: Mean Center] 2013-05-02 11:50:59.80
e T s » I item: yblockl (300,1] "Level

View | ssamoe | PLsVarave sowcton | Bl + @.item: xvlock1 (300.20)

» 27-0

‘v v

=gcmubme :JJ | W " Calibrate ]| wesd  Apply / Validate | Valnia(e

NumberLve: 1 Auto Solect
Percent Variance Captured by Model (* - suggested)

X—Blmk X-Block  Y-Block y-Block

modelcache saves the model

Cumulative LV CumulativeRMSECY
1 957 7957  saz2 8472 odis7s curenm | .
2 ess seas oo wses o : for easy loading and
3 2.09 88.54 0.99 86.62 0.1176 . . .
4 sis 9368 017 8679  0.11706 1nspect10n at a later time
6 153 96.57 0.12 87.14 0.11915
7 148 98.05 0.05 87.19 0.11891
8 0.38 98.43 0.06 87.25 0.11927 1 .
. rmr 1 variance captured table:
10 032 98.96 0.04 87.37 0.12178

99.08 0.07 87.44 0.12257

% variance explained and
RMSECYV for each LV.

'Warning: This model appears (o have some Lnusual Q residuals. Please review Q
residuals and Q contributions using the Scores plotand determine if these samples are
rmors hai should be remaved. fhese are noterrars,cansider adding addiional
| d using more ‘amore reliable mode!

Choose Number of LVs

2 Click Model button to reconstruct
the model with 5 LVs

8006 Analysis - PLS 1 LVs - xblockl, yblockl

File Edit Prepmuss Analysl’T s Help FigBrowser

Cache : "general” DATE View (* = Not Available) &)
» B Cache Settings and View
» () Demo Data
¥ 02-May-2013
Apply / Validate » [ item: PLS (sim) 1 LVs [X: Mean Center | [ Y: Mean Center] 2013-05-02 11:50:59.80
» ) item: yblock1 [300,1] "Level"

Viw | ssamwe |  wSvamvesewcion |} » & item: xblockl [300,20]
NomberiVe: | 5| AutoSooct > 27-0ct-2010

Percent Variance Captured by Model (* - suggested)

X-Block X-Block  Y-Block y-Block ey
v Cumulative LV Cumulative s . . .

1 79.57 7957 s472  s472 011879 armen 1 nghllght the fifth llne

2 688 8645 091 8563  0.11758 suggested

3 200 8854 099 86.62 01176 to Select 5LVs

4 515 9368 017 8679  0.11706

s 136 95.04 023 87.02  0.11675

6 153 9657 012 8714 011915 :

7 148 9805 005 8719  0.11891 3 Click scores button

8 038 9843 006 8725 0.11927 =

Moz lonst ooz lsrar lousess to make scores plots,

10 o032 98.96 004  87.37  0.12178

11012 99.08 007 87.44 __ 0.12257 |OadS button fOI' | M :

'Warning: This model appears to have some unusual Q fesiduals. Please review.
feslainigard Fcdiml st ha i i e seanira i nedel sammesave
}em:rs thatshoul these are not errors, consider add
| o i ot

loadings plots




® 0 0 _ Plot Controls
File Edit View Plot FigBrowse » File Edit

Scores Summary Plot

e 2: Samples/Scores - PLS § LVs - xblock1, yblockl

Insert Tools Desktop Window Help PlotGUI ~

[ Pozsampessoone-pissive-. | D deo B WAL U9 R 8 08 @

Seorss on LV 1 (70,575 0
Scores on LV 2 (5.88%) I
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X-Block Hotelling T? (by sample)

1 set plot controls
X: Sample

‘SemplesiScores Plot of block |

S0p
80P Feconls |\ Hotalling TA2
File Mdit View Plot FigBr . O e g
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X-Block Q Residuals (by sample)

1 set plot controls

X: Sample SamplestScore Flat afsiock
2500
owcome— Y: Q Residuals
3 mpies/Scores « PLS 5LVs 2000 b |
[Scores on LV 1 (79 57%)
¥: Scores on LV 2 (6.88%) -

Scores on LV 3 (2.09%) * 1500 q
Scores on LY 4 (5.15%) 8

Scores on LV 5 (1.36%) =

2siduals (4.96%)

ieling 142 (§5.04%) 3 4}

verago 3
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Calibration Curve
(Predicted vs. Measured)

B Figure 2: Samples/Scores - PLS 5 LVs - xblockl, yblockl. [=[8] & J

1 Click Scores Button (s, e o neas B
XY Measured DEEE RaND|E 0E
Y:Y Predicted

Bl Plot Conflls = 21
File Edit Mieuws Plot FlfBrowser

Samples/Scores Plot of xblock1

212

[ Measured 1 Level

Fis 2 sylesiscores - RS 5LV - | _ =
| X:[ Measured 1 Level 2 5
— 208
[0 Residuals (¢ 56%) 2 2,
Hoteling T2 (95 04 2
Leverazs =
2
&
>

¥ Residual 1 Level
¥ Stait FesidualChoose data for y-axis 0.2
o

[ C¥ Predicted 1 Cever
Zifnone %
20
coor By ’

Fiot auto-update: /
' b 202 204 206 208 21 212
S 1! Y Measured 1 Level
Qcon ] Teon . R o
wa | o 2 Click Plot if auto-

% Show el D i Test

¥ cont. Lints: % %

| update is not checked 'ﬁi EIGENVECTOR
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Predicted Yvs. LV 1 LV2vs.LV1

B Figure 2: Samples/Scores - PLS 5 LVs - xblockL yblockl. |=|E] 8 |
. File Edit FigBrowser PlotGUL )
i 1 Click Scores Button (5 z g & 06 = ]
1 Clle SCOI’eS Button B Figure 2: Samples/Scores - PLS 5 LVs - xblockl, yblockl == &2 | C ¢ bEds aaus« 0 DI =18
X:LV 1 Fie_Edt_Fiabiowser_PlotGUL _ = X:Scores on LV 1 e TR -
. lcema aage e 0E | o / e Row 73 =
. H Samples/Scores Plot of xblock1 Y:SCOreS on LV 2 - o Rescuual - 2950003
Y:Y Predicte prp— L G0 1 20y
i Conivats i) | e = oot =205 1
Lt 4 Precicted = 20.2863
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Studentized Y Residual
vs. Leverage

1 Click Scores Button

Calculation of Studentized
Residuals

samples removed
X:Leverage in first example * Given the pseudo-inverse X* the leverage for a
B piot Cn[

YY Stdnt ReS|dua| SamplestScores Plot of xblock 1

mple x,, = x(m,:) and column x* (. ,,) is
- samplc X,, ( 4 ) X L,m
T T s e ] _ +(.
Fig 2 Poples/scores - PEsLY. - = | lm - XmX (" m) b
-l 2select ! + Studentized residuals for column m™ of'y, ¢, ,,
i Hoteling T2 (35.04%) A tl . E | s
irerared Leva outliers 3 w73 e = j} -y
¥ Preicted  Lovel Wy | 3 . . 3 m m m
ecidual | Level view 1§ of 1
V' CV Predicted 1 Level z] e 741} H 1 .
i 'V CV Residual 1 Level numbers > ] o= M K ele
oz - —
Color By |
Plat | [ auto-updiate e
— m
Select [l Jll | lgym = 12
cean | T ean X X5 ¥ 3 o3 035 O-(l_ lm)
Leversge
wa | infn
7 S o Dtz il Test [y ] A studentized residual is the quotient resulting from the division of a residual ~ a'Es E IGENVECTOR
= cont Ui | @ % m! REE!EGAE(”X(E)SPIIQIIE% 100 by an estimate of its standard deviation and is a form of t-statistic. m! RESEARCH INCORPORATED
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How Much Leverage is
Too Much?

* In PLS and PCR a good rule of thumb is 3K/M,
where K is the number of LVs or PCs, and M is
the number of samples

* In MLR, use 2N, /M, where N, is the number of
X-block variables
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Regression Methods

» Compare the styrene predictions using the four

different regression approaches below.

* CLS —no centering

* MLR (stepwise) — no centering

* PCR —no centering

* PLS —no centering

+ Additionally: show results with mean centering

%EIGENVECTOR
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Regression Example

H H : :
g * NIR transmission spectra of styrene-
£/ X .
¢ L2- butadiene copolymers
CHy
ot .
& + Different amounts of 4 analytes
1 H
Ne—=¢ ig- * All 4 are known for all samples (by NMR)
/ cis
CH, CH,
It g * Data file: SBRdata EU.mat
i * 60 calibration samples in arrays Xcal, Ycal
- rans-
=0 .
P * 10 test samples in arrays Xtest, Ytest
Fha
{—CH—CHgt
N
= S
L | styrene
St romm
PMEIGENVECTOR
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Analysis Tools Workspace
— ¥ FAVORITES Name Value Bytes
* DataSet Editor
L Getting Started
L PCA - Principal Component Analysis
= Script Interpreter
‘s Trend Tool
XT100LS
# DECOMPOSITION
%4’ REGRESSION
21 CLUSTERING
&8 CLASSIFICATION
& . DESIGN OF EXPERIMENTS
‘© BATCH ANALYSIS
= TRANSFORM
ﬂ;‘ézpkocgsswe Model Cache N
* HELp ® Slurry-Fed Ceramic Melter Replacement Demo D\(a (replacedata)
H EIGENGUIDE ONLINE VIDEOS : Slurry-fed Ceramic Melter Timeseries Data (pulsda
Star Temp and Intensity Non-linear Data (stars)
@ Sugar Quality by Fluorescence EEM (sugjar)
@ Surface Acoustic Wave Vapor Sensor Data (sawdata)
@ Swedish Knackerbrod Image (250x250x5)
@ Texture Photos (27 grayscale 128x128)
@ Three-Drop Purity Demo Data (MS 126x127x600)
[~ ]
PMEIGENVECTOR
104 RESEARCH INCORPORATED




Load and Plot Calibration Data

Xcal

Ycal

105

g2 butadiene

ﬁ!EIGENVECTOR
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Correlation Map

& Analysis - PCA (o Model) - SBR NIR Yeal

Fle Edit Preprocess Anabysis Refine | Tools Help Fighiowser

ESERE R

Cross-Validation

T4 PLS_Workspace Browser

File Edit View Analyze Help FigBrowser

K O&# =

Analysis Tools

Topics (double diick to open)
% FAVORITES

+ DataSet Editor
 Getting Started

Try This

Current Folder : C:\Users\rtrogin\Dropbox\working\Ondalys\20170404

Workspace
Current Workspace Variables
Name Value
@WXcal <60x141 dataset>
@ Xtest <10x141 dataset>
[voal <60x4 dataset>

[RRPCA - Principal Component Analysic Qs
+ Script Interpreter S
++ Trend Tool

XT00LS
-8 DECOMPOSITION
# REGRESSION
USTERING
£ CLASSIFICATION
11 DESIGN OF EXPERIMENTS
[H© BATCH ANALYSIS
[#5- TRANSFORM
1B OTHER

Show Detals
Report Witer

Estimate Factor SNK

Conclation Map 1 .

ForImage
View Cache >‘
varcd Toolbar >

i
No Variable Reordering

4] Figure 1
File Edit View Insert Tools Desktop Window Help Figdrowser

Corrlation Reordering
Absoluts Value Recrdering

Eigenvalue 5 Varance % Varlance
of Covix) This PC Cumulative

107

|

Qeda@l

Correlation Map, Variables in Original Order

1,2- butadiene
cis-butadien

g

styrene

1,2- butadiene.

cis-butadiene

trans-butadiene

trans-butadiene

ﬁ!EIGENVECTOR
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0 IMAGE PROCESSING

@ Ytest <10x4 dataset>

Bytes
87734
30744
16014
13822

Model Cache

106
e Calibration data
¢ Xcal as x-block
* Ycal as y-block
¢ Validation data
¢ Xtest as x-block
* Ytest as y-block
108

Loading Data
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CLS Regression

(4] Analysis - CLS (No Model) - SBR_NIR Xcal, SBR_NIR Ycal

File Edit Preprocess Analysis Refine Tools Help FigBrowser

X 8 o il

DECOMPOSITION
PCA - Principal Component Analysis
Purity - SIMPLISMA

MCR - Multivariate Curve Resolution
MPCA - Multiway PCA

P Bath Maturity

Vi CLUSTERING
Number of Components: REGRESSION

PLS - Partial Least Squares (PLS/OPLS)
PCR - Principal Component Regression

LWR - Locally Weighted Regression

SVM-R - Support Vector Regression

MLR - Multiple Linear Regression
[V s - (ssical Least Squares

ANN - Artificial Neural Networks

1 Analysis: CLS

2 Preprocessing: X-block - none, Y-block - none

Fit

3 Cross-validation: contiguous block, 7 splits
4 Calculate model

Cumulative (%X)

?’jiEIGENVECTOR
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Scores: Styrene predicted vs.
Loadings: all 4 components Styrene measured, Cal data
included
4 Figure 4 Variables/Loadings - LS 4 comp - SBR NIR Xcal, SBRNIR Yeal — — [0 X LSt com SBR R Xeal 53R o x
Fie kdit View Insert Tools Deskiop Window Help Figsrowser PlotGUl M =
DNEds MRAILODRL- B 0EH DO
| 2 A B 0 (1A A & L 2 HBE
14 x10% £
——styrene (2.85%) 30
e =
= trans-butadiene (39.41%) 25
10
. ;3«5
3
4 S0 :
. ; o ouoq st nsme
R? (Pred) = 0.987
: 5
wavelength (nm) TR
. . =
. This is the S matrix! ﬁ!ElGENVECTOR

RESEARCH INCORPORATED

CLS results

40 Analysis - CLS 4 comp - SBR_NIR Xcal, SBR_NIR Ycal - o X
File Edit Preprocess Analysis Refine Tools Help FigBrowser E ]
o : =T

PRERN VA

Eca:he "general" DATE View (* = Not Available) X

8 Cache Settings and View
P - 9 Demo Data
=-08-Apr-2017

Calibrate

S5Q Table.

n

Percent Variance Captured by CLS Model

Apply / Validate

8 item: CLS_PRED (s) 4 comp [X: 1[Y: none] 2017-04-0:
@ 8litem: CLS (Is) 4 comp [X: ][ Y: none] 2017-04-08 19:33
@ item: SBR_NIR Ytest [10,4]

@ item: SBR_NIR Xtest [10,1
item: SBR_NIR Ycal [60,4]

110
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item: SBR_NIR Xcal [60,141]

Fit Fit Fit =
(%Model 9% Cumulative (%X) EMSEQY, +07-Apr-2017
81 281 13495 06-Apr-2017
17.94 17.65 2046 3512 5 03-Apr-2017
39.80 39.16 59.62 1599 716-Mar-2017

; S0 30091 15 Mar 2017 Modelcache

1:14-Mar-2017
i 13-Mar-2017

updates!

4 components determined “automatically”

(because of 4 Y variables)
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MLR- styrene

4] Analysis - MLR (No Model) - SBR_NIR Xcal, SBR_NIR Veal
File ‘Edit Preprocess |[ARSSR) Refine Tools Help FigBrowser
(X154 o8 Sl ncoweosmon

PCA - Principal Component Analysis

PLS - Partial Least Squares (PLS/OPLS)
PCR - principal Component Regression
LWR - Locally Weighted Regression
SUM-R - Support Vector Regression
[ MIR - Multple Linear Regression
CLS™ Classical Least Squares
ANN - Arifical Neural Networks
CLASSIFICATION
STATISTICAL
MULTI-WAY
DATA FUSION
Analysis Methods Help

1 AnalyévILR

MCR - Muitvarie Curve Resolution
Y MPCA - Multiway PCA
L s iy |- A ||
View: Fi  CLUSTERING > kcion
REGRESSION

2 Preprocessing: X-block - none, C-block - none
3 Cross-validation: contiguous block, 7 splits
4 Right-click calibration Y-block =>Select Y Columns => Styrene

5 Stepwise Variable Selection button

ﬁiEIGENVECTOR
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Stepwise Variable Selection

1 Check “All Options”

6 Execute
View: | Function Settings Stepwise Variable Selection
Mode: forward X
No. of Intervals: 4 4/ ] Automatic
Interval Size (vars): 1 /
Step Size: auto Automatic
Max LVs: 1 L
= ot'/ — = Reest | 2 Mode: forward
ions xecute | Reset |
2 3 No. of Intervals: 4

Use Selected Intervals

Use (uncheck Automatic)

[ 1610 1656 1674 1684 ] 6 Execute

4 Interval Size: 1
5 Max LVs: leave alone

|
|

113
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MLR re<iilte

Tools Help FigBrowser
| Cross-Validation
‘Show Details 3 Model
Report Writer rediction

3
Correlation Map > I—) Predic]
Estimate Factor SNR.

Apply / Vali
- |
View Cache >
Toolbar lm

Scores button: Styrene
predicted vs Styrene measured,
* Cal included E

NDede kS 9L A 08 =0
=2 D)2 YRECE YeslEIEIRAT-NE SVl ab el b7 11l =

T vodeloae

Predicton Bias = 0.11271
RE (CalCV) = 0991, 0.990
R? (Pred) = 0987

s ) 3
¥ Measured 1 styrone

?:iiEIGENVECTOR
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Forward MLR Results

File Edit View Insert Tools Desktop Window Help Fighrowser -

DEESRARUDRL-(B(0E D

Wrgue?

Forward MLR Results

12

3
3
5 = Funcion Seings Stepuise Varabie Seecion
2 Mode: forward ~
;g No. of Intervals: 4 JAutomatic
3 Interval Size (vars): 1
é‘ g Step Size: auto Automatic
= Max LVs: 1
1Al Options Exccute [ Reset | Help
1600 4 1650 1700 1750 1800 1850 Use Selected Intervals Use Discard
’ wavelength (nm) (1610 1656 1674 1684 | B

variables

1 Select “Use” (then, OK) GRE
114 2 Calculate model (using 4 vars....) m IGENVECTOR
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PCR- Styrene

(4] Analysis - PCR (No Model) - SBR NIR Xcal, SBR NIR Ycal

File Edit Preprocess Analysis Refine Tools Help FigBrowser

asetidior NI (= )

Browser ~
PCA - Principal Component Analysis =

Purity - SIMPLISMA '—,".‘_ Goumntobes |

MCR - Multivariate Curve Resolution
MPCA - Multiway PCA F‘ Label | maisseate | Class I :
Batch Maturity fength () < |fsett: wav... < |[Set1 cempty) | paiy
ST  Son_ velength (o) fvetength (o) | EZ; ;m
Namber PCs: REGRESSION | = [Hew Ciase. =]
" PLS- Partial Least Squares (PLS/OPLS)  ted) 572 [Mew Class: | " BulkInclude Change
Blodk PCR - Principal Component Regression  fjoci 574 e Class. iy T
PC LWR %ccaﬂy Weighted Regression umulk 576 Mews Class. ] Sart By Selected (Ascend)
1 SVM-R - Support Vector Regression o7 hiew Ciass. -] Sort By Selected (Descend)
MLR - Multiple Linear Regression 0 v Cisss. =1 Jr osdinal
CLS - Classical Least Squares 52 iew Class. I r et
ANN - Artifical Neural Networks o v Cisss. B B
CLASSIFICATION > B iew Class. n
STATISTICAL > 5 ew Clsss. O
MULTI-WAY > 590 [rew Ciass. Al
DATA FUSION > 53 [ew ciass. J BN
Analysis Methods Help a4 [rew ciass I T

1 Analysis: PCR I
2 Right-click calibration X-block => Edit => Column Labels => Right-click “Incl.” =>
“Clear/Reset”

3 Calculate ﬁ! EIGENVECTOR
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PCR Results

Eigenvalue button:
RMSEJ[C], [CV], and [P]

Scores: Styrene predicted vs.
Styrene measured

T3 Figure 2 ModelStatiscs - PCR 4 PCs - SBR_NIR Xl SBR_NR_Veal - o x| = 8 X
fools Desktop Window Help. Figrowser PlotGUl A L]
ws-a0@en
E x4 85000 ta 2 MRS
5 1
oy e |
—+—Rus! Fit /
bvess © 5
Sowen .g } o o
2 .
// g
£ Y
N 8 e = 1 oath
° Ruiscov- 1528
o Ruisep = 1005
8 Cabraton Bias = 0024288
\ e o
Prccion e - 0044134
s S = = 5 R? (Cal.CV) = 0991, 0.986
0 - R? (Pred) = 0.988
P S R
PriciplCampannt Number 0
5L
o s w R
St e
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PLS Styrene

‘ [4] Analysis - PLS (No Model) - SBR_NIR Xcal, SBR_NIR Ycal

File Edit Preprocess Analysis Refine Tools Help FigBrowser

=l B DECOMPOSITION

PCA - Principal Component Analysis
Purity - SIMPLISMA

MCR - Multivariate Curve Resolution
MPCA - Multiway PCA

Batch Maturity

View: CLUSTERING
Number LVs: REGRESSION

ons- Purj:%l Least Squares (PLS/OPLS)
XBlok PR - Prifipal Component Regression  iack
v LWR - Locally Weighted Regression  umulative

SVM-R - Support Vector Regression
MLR - Multiple Linear Regression
CLS - Classical Least Squares

ANN - Artificial Neural Networks
CLASSIFICATION

STATISTICAL

MULTI-WAY

DATA FUSION

Analysis Methods Help

1 Analysis: PLS
2 Calculate ﬁi EIGENVECTOR
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PCR Results

Loadings button: Regression Vector for Styrene
Type “2” (creates second plot)
Second plot: Selectivity Ratio for Styrene

o o o —
Dad k(RS Wi 308 eD
7 228> 1o B 500 [T |
2 200
g
&
T 100}
&
g o
$
$
g
& -100
1600 1650 1700 1750 1800 1850
2
g4
i Jectivity Ratio for Y 1 styrene
o imit
8
2|
31
zif
£
B
So
3 1600 1650 1700 1750 1800 1850
wavelength (nm)

PLS Results

Scores button: Predicted vs.
Measured Styrene

Eigenvalue button:
RMSEJ[C], [CV], and [P]

EIGENVECTOR
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-~ o x
. o x -
84
Er %
- RMSECV styrene 4N f" |
4 RMSEC styrene i 1 /
Rusep syrene | | : Cotrton )
| »
‘ e
| il .3/0
] 15}
e C 4 Lotor Vaiablos
‘ 3 | ‘ SEC = 10533
& H RMSECV = 1.278
= o Ruisep <0551
| Calbraton Bias =-0019416
| e OV Bias = 0.10071
i i Prodicion Bias =0.070478
] R? (CalCV) = 0.991, 0967
0 2 Eroy =058 |-
2 4 5 10 12 4 1 18 2 off | R Proc) =0.989
LatentVariable Number .
s
o s 10 2 ) 35
¥ Measured 1 siyen
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PLS-3vs4LVs

[ Figure 6 Somples/Scores - PLS 3 LV - SBR_NIR Xcal, SBR_NIR_Yee - &
Fie Edt View Insert Took Desktop Window Help Fighrowser PlotGUl

DEde ¥ LNLOUBDLL- B 0B eD

S
L 2 K |

Cafibration
Test
Zoro

[ ]
[ ]

i “* 8. °

°® °
' %e 8 8o
’
®
$

Y Residual 1 styrene
5

Rl Fgure :Samples/Scores - PLS 4 Vs - SBR_NR_Xcel SBRNIR. = o
Fle Edt View insert Took Deskiop Window Help Fighrowser PlotGUl 9

DEde h LLOUPRL- A 0B =D

4

Callbration
al Test

Zero

¥ Residual 1 styrene

0 5 10 15 20 25 30 35
Y Measured 1 styrene

ﬁiElGENVECTOR

RESEARCH INCORPORATED

And at4 LVs

X

[J
g o® .
h [ )
. N &
.
o s w m s wm =
Y Measured 1 styrene
R —
‘ il
‘ i S
i e
\
|
121 \
& Figure 4 Samples/Scores - PLS 4 Vs - SBR_NIR Xcal, SBR_NIR_Yeal = m

DEda B RRY
EPPII S G

4r . s— —
Gatbraton
Al Tt
Calbraton (Solected
| Tost (Solected)
2 Lz .9 °
. ° °
g1 d o g
’ °®
3o .
2 e 8 g0
&4 .
= ® ¢
2! °
3l .
-
o 5 10 15 20 25 30 35

Y Measured 1 styrene
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] Figure 1: Samples/S

Fle Edt View nsert Tooks Deskiop Window Help Fghrowser Ploll N
AE FINRESE-T
£ P30 YHLLE N

16 *
14 ®

g

212

s ®

g, N
& °

Fos .‘

3 ¢

%% e o

2

g

&

s

) 02 1 12

04 6 08
Hotelling TA2 Reduced (p=0.950) (99.93%)
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Back to 3 LVs
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" Figure & Ssmples/Scores -PLS 3 Ls - S8R_NIR_csl, SBR_NR_Yea! = O X | @ Figure T Ssmples/Scores - PLS 3 Lve- SBR_NR_cal, SER_NRYeal = o
Fle Edit View Insert Tools Deskiop Window Help Fgbrowser PlotGUI |Fie it View insett Tools Desktop Window Help Fighrowser PlotGUl N
DEde R VU9 RL-A 0B eD DSde R ALOURL- G 0B eD
i 2ilpdHify o 8 00 (317 e bl FOf =l E BN PRETR Nl IR JETNE S
4 25
' Calbration
Test
k1 ) ; Calibxation (Selected) _ ¢
k Test (Selected) £
. Zero oy b
2} ° s °
o © g
£ % o' % . ° i,
30 °o® e 3
2 %e ¢ 8o 3 1 °
& o 4
> @ . g .
72“ 3
b [ ) <05
3i ¢
E [ ]
e (J oo
@ 0
0 5 10 5 3 3 o 02 04 06 08 1 12 14
Y Measured 1 styrene Hotelling T*2 Reduced (=0.950) (99.53%)
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Regression Summary- Styrene

CLS
MLR
PCR
PLS

CLS
MLR
PCR
PLS

Mean centered Not centered
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RMSEC

1.11
1.06
1.08
1.05

1.39
0.89
0.84
0.84

CvV

1.35
1.15
1.33
1.28

1.61
1.07
0.94
0.95

P

1.07
1.04
1.01
0.97

1.33
0.97
0.73
0.73

Comments

4 factors

4 stepwise-selected variables
4 factors

4 factors

4 factors
4 stepwise-selected variables
4 factors
4 factors

ﬁiEIGENVECTOR
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Modelcache

[ Cache : “general® TYPE View ( = Not Available) x
» B Cache Settings and View .
> £ Demo Data ¢ Can list recent work
» il DATA
v [&] MopEL 1 .

» [E] item: CLS Is) 4 comp [X: ] [ Y: none] 2013-05-02 13:29:05.29 in3 ways:

15 (Is) 4 comp [X: Lst Derivative (order: 2, window: 15 pt, tails: weighted) , Mea
I LS (Is) 4 comp [X: 1st Derivative (order: 2, window: 15 pt, tails: weighted) ] [ Y: | . By type (Shown here)
» [ item: CLS (Is) 4 comp [X: Mean Center | [ Y: Mean Center] 2013-05-02 13:51:27.62

. * By lineage
» [ tem: PCA (svd) 5 PCs [MSC (mean) , Mean Center] 2010-10-27 15:35:16.94

» [5] item: PCA (svd) 5 PCs [MSC (mean) , Mean Center] 2010-10-27 15:35:58.94 M By date

» [E] item: PCA (svd) 5 PCs [MSC (mean) , Mean Center] 2010-10-27 15:36:53.69

A&z item: PLS (sim) 5 LVs [X: Mean Center | [ Y: Mean Canter] 2013-05-02 12:03:17.36

e T s Also, can

Number of Compenents/LVs: 5

‘Pnr;:;zt;;se\:lgs'o[;/zeEZHUCEHIE' 11 Y: Y: Mean Center] load/show/save any
i item in the cache

Crossval Method: con
Crossval split. 10
Crossval lter: 1
Mod Date: 02-May-2013 12:03:17
» [5] item: PLS (sim) 1 LVs [X: ] [ Y: none] 2013-05-02 13:23:40.36
» (5] item: PLS (sim) 4 Lvs [X: ] [ Y: none] 2013-05-02 13:23:42.20
» [] item: PLS (sim) 1 Lvs [X: Mean Center ] [ Y: Mean Center] 2013-05-02 11:50:59.80
» 32 PREDICTION
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.m Preprocess Analysis Refine Tools Help FigBrowser
§ Calibration » || A AR 520 |

— Validation »

' s
Method Options (PLS)
Analysis GUI Options
Model Cache Settings
Default Plots

Window Docking Settings

Apply / Validate

Preferences (Expert)
Varfance Captured by Model (* = suggested)

X-Block X-BLock Y-Block y-Block
Lv Cumulative Lv Cumulative
ece Options / Preferences.
User Level ~
73]
Step 1: Edit: Options: Model Cachg Seffini
on |
project |
maxage 235 |
maxdatasize 36000000 |
alerpurgedays 30 |
alertpurgeitems. 100 1
ineage_date._sort descend ‘
Controls operation of cache. ‘on’ records all models and data built. ‘readonly’ locks down cache
not allowing any recording or clearing.
Factory Reset Reset o Cancel |

]
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Modelcache by lineage and date

By lineage By date

@ Eigenvector Cache by LINEAGE (' - Not Avsilable) [® Eigenvector Cache by DATE (- Not dwailable) =

o B Cache Settings ond View B Cache Settings and View
=gl SBR_NIR Xcal 2002-05-22
5 2008-04-25 165400 2003-04-25
L] - 2000-05-01
&[] item: CLS 4 cornp DG 11V: none] 2009-05-02 15:20:11.14 =] iterms PLS 2 LVs [X: Mean Genter | [ Vs Mean Center] 2003-05-01 17:36:57.02
Model Type: CLS (5] item: PLS5 LVs [X: Mean Center | [ V: Mean Center] 2008-05-0117:51:12.75
- Nurmber of Components/LVs: 4 - 2009-05-02
-~ Prepracessing: DX none | [ Y: none] 5] iterm: CLS d comp B¢ 11Y: nane] 2003-05-02 15:20:11.14
+Includle Size: 60 141 ) itera SER_NIR Xcal [60,3]
- RMSEC: W iter: SBR_NIF_Ycal [60,1] "styrene,
RMSECV: 5] iterm: MLR [ Mean Center 1[¥: Mean Center] 2000-05-02 15:41:30.38
- RMSEP: W@ iter: SBR_NIR Xcal [60,141]
-+ CrossVal Method: con W iterm: SBR_NIR_Ycal [60,1] “styrene
- CrossVal Split 7 [] item: PCR 4 PCs [X: Mean Center] [ ¥: Mean Center] 2009-05-02 15:51:30.60
L GrossVal ter: &
5 2009-05-02 15:41:19 e Model Type: PLS
0520000502 04 - Number of Companents/Lis: 4
) SBRNIR st - Preprocessing: [Mean Center ] [: Y: Mean Center]
ERI008-04- 15485120 -~ Tnclude Size: 60 141
W itern: SBR_MIR Xtest [10,141] L RMSEC: 0.83636
87 iterm: PLS_PRED 4LVs [ Mean Center ] [ V: Mean Center] 2009-05-02 21:43.43.96 e
-0l SBR_NIR_Ycal - RMSEP:
1) SBRLNIR Vtest i
- Crossval Method: con
£ wblockl CrosiVal Splits 7
- Crassal Spli
2 yblockl
@ yploc Crossval Iter:
30 item: PLS_PRED 4 Lys [X: Mean Center ] [ ¥: Mean Center] 2003-05-02 21:43:43.96
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[ ] [ ) Options / Preferences

User Level ¥

5 @ =i

¥ Setup Step 3: Save
v on ﬁ'
project readonly
maxage
maxdatasize IvvvvvuY
alertpurgedays 30
alertpurgeitems 100 Step 2: Cache: off
lineage_date_sort descend ‘

cache

Controls operation of cache. 'on' records all models and data built. 'readonly' locks down cache

not allowing any recording or clearing.

Factory Reset Reset Ok Cancel

Step 2: Cache: off
Step 3: Save

L]
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Continuum Regression

* PCR, PLS and MLR can be unified under the
single technique Continuum Regression (CR)

* CR is continuously adjustable and encompasses
PLS and includes PCR and MLR at the extremes

a=x a=1 a=0
PCR PLS MLR
“canonical “canonical “canonical
variance” co-variance” correlation”
roam
ENEISENYECTOR
Missing Data
« MDCHECK

+ Checks data sets for 'NaN' and 'inf' and replaces with
values consistent with a PCA model (if desired)
* e.g, see the ISFINITE function
* This is an iterative method
+ Example, use some data from SFCM
>> x = xblockl.data(1:50,[6:9 16:19]);
>> x2 = x(:,2);

every 4" sample of column 2

>> x(2:4:50,2) = NaN; removed

?:iiEIGENVECTOR
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CR Press Surface

Continuum Parameter

PR EIGENVECTOR
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Call MDCHECK

* Change the options to reduce the number of PCs

>> options = mdcheck('options"')
options =
max_pcs: 5
frac_ssg: 0.9500
meancenter: 'yes'
output: 'no'
tolerance: [1.0000e-006 100
max_missing: 0.4000

>> options.max_pcs = 3;
>> [flag,mismap,xfill] = mdcheck (x,options);
[~ ]
PMEIGENVECTOR
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MDCHECK Results

>> plot(1:50,x2,'ob-",1:50,xf111(:,2),"'rd"), hold on
>> plot(2:4:50,xfi111(2:4:50,2), 'rd", 'markerfacecolor',[1 0 0])
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Model Development

* Developing PCR or PLS models
 center and scale the data (as appropriate)
* cross-validate to determine number of factors

+ check X-block Q, T?, leverage, and Y-block residuals for
outliers

+ remove / explain outliers
» check RMSEC and RMSECYV values for overfit
* repeat as necessary

* PCR or PLS models consist of
* mean and scaling vectors
+ X-block loadings P, scores T, and weights W (if PLS)
* Y-block loadings Q, and scores U
« inner coefficients b

« all of this can be reduced to y = xb+a form for prediction with
new data roam

miEIGENVECTOR
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Regression Summary

* Regression models can be divided into CLS (used
when pure analyte spectra are available) and ILS
models (MLR, PCR, PLS, RR, CR, ...

e PCR and PLS work with ill-conditioned data by
reducing to a smaller number of factors
* has advantage of signal averaging

¢ Cross-validation is used to determine number of
factors

* Fit and Prediction are two different things

;-15 EIGENVECTOR
L
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Model Application

* A PCR or PLS model is applied by
« centering and scaling to the model mean and variance
» multiply measurements by regression vector to get scaled predictions
« rescale the predictions back to original units using model mean and
variance
* Prediction outliers can be found by
* calculating Q and T? values for new samples
+ All the modeling and application is packaged:
« the model is an object that contains all the parameters
« validation e.g.:
valid = pcr(x,y,model,options); %pred’ s with new X- & Y-block
 prediction e.g.:
pred = pcr(x,model,options); %predictions with a new X-block

;-15 EIGENVECTOR
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Model Application — Object

Form
+ All the modeling and application is packaged:
+ the model is an object that contains all the parameters

* validation e.g.:
valid = model.apply(x,y); % this creates a prediction object
pred = model.apply(x); % this does too

valid_scores = valid.plotscores(options);
pred_scores = pred.plotscores(options);

This will create dataset objects containing all of the information
that you’ll see in a scores plot when using the Analysis interface

[~ [}
m!EIGENVECTOR

RESEARCH INCORPORATED



