Optimizing Models:
Preprocessing and
Variable Selection
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What is Preprocessing?

* Preprocessing includes any procedure done to transform data
before it is modeled (with PCA, PLS, MCR, ANNs, etc.)

* Preprocessing is often the critical difference between adequate and
inadequate models

e There are many ways to preprocess data, many of them particular
to spectroscopy and spectrometry
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Goals of Preprocessing

e The goal of preprocessing is to remove/reduce variation you
don’t care about and emphasize variation you do care about

e Don’t care about variance that is not related to the problem you
are trying to solve

e Do care about variation related to the thing you are looking for

e This lets the analysis focus on the variation due to the
problem of interest
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Sources of Variation

e Variation not related to the problem of interest

e Measurement noise

Baseline effects
¢ Non-linearities (detector, sample matrix effects, etc.)

Clutter

Other analytes

Physical effects (scatter, sample temperature or pressure)
¢ |ntra-class variation (and sometimes inter-class variation)

e Variation of interest

¢ Signal from analytes or property of interest
¢ Intra-class variation
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Background/Baseline Subtraction

Removal of broad (low-frequency) interferences while
retaining higher-frequency features.
eDetrend: fit polynomial to entire spectrum
eSelected-Points baselining: fit polynomial to selected points in
spectrum
*Weighted Least-squares (a.k.a. asymmetric) baselining: fit to
automatically selected points on the bottom of the spectrum
* Windowed: Whittaker, Rolling Ball, Median, Minimum, etc.
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Sample Normalization Methods

How about variance due to changing magnitude?
¢ variable source or lighting magnitude
¢ scattering effects and path length effects
e Row Normalization: removes magnitude
e Standard Normal Variate (SNV): subtracts the row mean from
each row and scales to unit variance
e Multiplicative Scatter Correction: Determines scale factor that
best fits new spectrum to reference

e Be aware that these can “blow up” noisy samples to have more
variance
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Smoothing and Derivatives
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Derivatives with respect to A can be
used to remove offsets/slopes
Savitzky-Golay

e piece-wise fit polynomial to each spectrum

e smooth + derivative can be boiled down to
a set of coefficients

First derivative will remove offset

Second derivative will remove offset
and slope
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Orthogonalization Filters

Develop a description of clutter, i.e. variation that you
would like to eliminate
e Variation in samples not related to analyte of interest

Use description to develop filter to remove clutter

External Parameter Orthogonalization (EPO)

e Use PCA to develop variation basis

¢ Filtered data is residuals on this PCA model

Generalized Least Squares Weighting (GLSW)
e Inverse square root of clutter covariance
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Variable Selection

e |rrelevant and noisy variables degrade a model’s predictive

performance

e Many methods available to select “best” variables

e interval PLS (i-PLS)
e Selectivity Ratio (SR)
* Genetic Algorithm
e Many many others
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Conclusions

e Models can often be improved by optimizing preprocessing
and variable selection

* Generally easier to make a good model better than to make a
bad model good

e Leads to many possible models!
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Preprocessing and Variable
Selection Resources

e Webinars

e https://eigenvector.com/aiovg videos/evri-thing-you-need-to-know-about-
preprocessing/

e https://eigenvector.com/aiovg videos/evrithing-you-need-to-know-about-
the-model-optimizer/

¢ Final Model Selection conference talk
e https://vimeo.com/chemometrics/final-model-selection

e Eigenvector University courses live and recorded

e https://eigenvector.com/events/advanced-preprocessing/

e https://eigenvector.com/events/variable-selection/
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https://eigenvector.com/aiovg_videos/evri-thing-you-need-to-know-about-preprocessing/
https://eigenvector.com/aiovg_videos/evrithing-you-need-to-know-about-the-model-optimizer/
https://vimeo.com/chemometrics/final-model-selection
https://eigenvector.com/events/advanced-preprocessing/
https://eigenvector.com/events/variable-selection/
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Saving and
Documenting Models

Saving a Mode

® 00 Analysis - PLS 3 LVs - Multiple SPC Files, Experiment File
lCW Edit Preprocess Analysis Refine Tools Help FigBrowser ~
Load Data [ FAPEE ] ]
Import Data >
New Data > P J_I
Load Model
Import Model e dle. |
Load Prediction Calibrate Apply / Validate
Load Options
Save Data »

Save Model

[1 of 1] Warning: This model appears to have some unusual Hotelling's TA2 values.
the ot

Export Model > Percent Variance Capturec by Model (* = suggested)
Export Predictions » X-Block Y-Block y-Block RMSECV
Save Prediction | Cumulative v Cumulative concentration
Save Options 99.26 99.83 99.83 0.48593
Clear 0.14 99.97 0.20816

100.00 0.088043 current”
Close 100.00 0.087068
5001 100.00 0.090001
6 0.02 100.00 0.090666
7 0.00 100.00 0.09167
8 001 100.00 0.092636
9 001 100.00 0.093394
10 | 0.01 100.00 0.09344
11 0.00 100.00 0.093482
12001 0.00 100.00 0.093499
13 0.00 0.00 100.00 0.093484

TA2and T

hould be removed. If

‘additional samples which are like these.

errors, consider adding
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eoce PLS_Workspace Browser
File Edit View Analyze Help FigBrowser New Version!
D& =@
Current Folder : /Users/barry_m_wise/Dropbox/Crash_Course/Glucose_Files S
Analysis Tools | Workspace
Topics (double click to opel Current Workspace Variables
v i FAVORITES Name Value Bytes
'+ DataSet Editor @ Glucose_conc  <120x1 dataset> 25420
L+ Getting Started Glucose_model  <PLS model> 526480
L+ PCA - Principal C1 @) Glucose_spectra <120x2048 dataset> 2.31648E

L& PLS - Partial Leas
L Trend Tool

» X TooLs

» ) DECOMPOSITION

REGRESSION

CLUSTERING

CLASSIFICATION

1, DESIGN OF EXPERIME

» (O BATCH ANALYSIS

» =~ TRANSFORM

» [ OTHER
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Model Cache

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

] 0cmo Data |

» 05-Dec-2022

» 02-Dec-2022

» 18-Nov-2022

» 130012022

Save model to hard drive as .mat file!
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Model Details

W By o W@

Analysis - PLS 3 LVs - Multiple SPC Files, Experiment File
File Edit Preprocess Analysis Refine Help FigBrowser
37, % |l v Cross-Validation

Show Details
Report Writer
Correlation Map >
XY Correlation Plot
Estimate Factor SNR

Add Component Names

Send To MCCT
EWFA For Image

File Edit

Prediction

Included (in axis units):
Preprocessing: Mean Center

—
Apply / V:

Preprocessing: Autoscale
Num. LVs: 3

Label: concentration

Model Details

View FigBrowser

Linear regression model using
Partial Least Squares calculated with the SIMPLS algorithm
Developed 05-Dec-2022 10:24:35.835

Author: barry m_wise@Barrys-Mac-Pro

X-block: Multiple SEC Files 115 by 976 (barry m wise@Barrys-Mac-Pro@2022
Included: [ 1-18 20-36 38-87 89-100 102-118 120 ]
[ n/a]
Y-block: Experiment File 115  m_y
Included: [ 1-18 20-36 38-87 89-100 102-118 120 ]

Cro;l validation: venetian blinds w/ 10 splits and blind thickness

Percent Variance Captured by Regression Model

[ 93-737 1475-1805 ]
[ 232.748-1536.75 2665.37-3047.11 )

1 (barry_m_wise@Barrys-Mac-Pro@20221205T
[1)
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Percent Var uggested) mean : 19.7826
View Cache > sta @1 7ed
X-Block X-BLock RMSECV n
L G S Toolbar > i min B
: max : 40
1 99.26 99.26 99.83 99.83 0.48593 m:vo‘,o;::::;s
2 017 99.43 0.14 99.97 0.20816 Rine: 3.88271e-18
3 [0a6 99.59 0.02 100.00 0.088043 cu CV Bias: 0.00180327
R*2 Cal: 0.999956
4 0.04 99.64 0.00 100.00 0.087068 R 2 CV: 0.999944
S 0.01 99.65 0.00 100.00 0.090001
6 0.02 99.67 0.00 100.00 0.090666
7 0.00 99.67 0.00 100.00 0.09167
This Total
1 99.26 99.26
2 0.17 99.43
3 0.16 99.59

This Total
99.83 99.83
0.14 99.97
0.02 100.00

Report Writer

Analysis - PLS 3 LVs - Multiple SPC Files, Experiment File

File Edit Preprocess Analysis Refine IEH Help FigBrowser

Show Details A

Report Writer HTML
Correlation Map MS PowerPoint
XY Correlation Plot MS Word

N o VA WN -

Estimate Factor SNR
Add Component Names
Send To MCCT

Open Report Folder
Change Report Folder]

EWFA For Image
Percent Var uggested)

X-Block X-BLock ViewCache > RMSECV

v (e | Toolbar > B conc
99.26 99.26 99.83 99.83 0.48593
0.17 99.43 0.14 99.97 0.20816
[0.16 99.59 0.02 100.00 0.088043 cu
0.04 99.64 0.00 100.00 0.087068
0.01 99.65 0.00 100.00 0.090001
0.02 99.67 0.00 100.00 0.090666
0.00 99.67 0.00 100.00 0.09167
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* Report Writer creates html,

Word or Powerpoint files
that include

Model Details

Copies of all open figure
windows associated
with the model
Autogenerated pre-set
plots
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Saving and Documenting
Resources

e From our Wiki

e https://www.wiki.eigenvector.com/index.php?title=Loading and Saving

e https://www.wiki.eigenvector.com/index.php?title=Reportwriter
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Model Maintenance
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Why Model Maintenance?

e Numerous things can cause calibration models to become invalid and
produce poor predictions/classifications
¢ samples move to a range outside original calibration
¢ analyte or interferent goes beyond calibration range or occurs in unusual combination
¢ new variation is introduced into the samples
¢ new interferent or variation in physical parameter, e.g. temperature
¢ achange in the sample matrix causes the relationship between analyte and

measurement to change
¢ change in pH, particle size, temperature, pressure
¢ achange in the hardware causes the analyte-measurement relationship to change
¢ instrument maintenance, fiber optic change, source replacement, etc.
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Before Model Goes Online

e Develop a plan for maintenance
e Assume that updated or new calibration models will eventually be

required
¢ Have a plan for how to detect the problem and what to do about it
e Putitin the budget!
* Measure standard samples
¢ Plan for registration and amplitude shifts
e Characterize instrument in ranges important to model
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Model Maintenance
Roadmap

Develop Preliminary study
maintenance plan and calibrations

Put model &
instrument online

Create new
calibration model

Add slope/bias
correction
Measure new
calibration set

Measure additional
samples

Out of range

change

Recalibrate

Standardize

Develop standardization
transform original data
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Model Maintenance Resources

e Webinars

e https://eigenvector.com/aiovg videos/evri-thing-you-need-to-know-about-
how-to-build-and-deploy-instrument-standardization-models/

e https://eigenvector.com/aiovg videos/embed-instrument-standardization-
directly-into-multivariate-models/

e Eigenvector University course live and recorded
e https://eigenvector.com/events/calibration-model-maintenance/

e Journal article

e B.M. Wise and R.T. Roginski, “Model Maintenance: the unrecognized cost in
PAT and QbD,” Chemistry Today, Vol. 33(2), pps. 38-43, March/April, 2015.

P EIGENVECTOR

@\ RESEARCH INCORPORATED

Overall Conclusions
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https://eigenvector.com/aiovg_videos/evri-thing-you-need-to-know-about-how-to-build-and-deploy-instrument-standardization-models/
https://eigenvector.com/aiovg_videos/embed-instrument-standardization-directly-into-multivariate-models/
https://eigenvector.com/events/calibration-model-maintenance/
https://www.teknoscienze.com/tks_article/model-maintenance-the-unrecognized-cost-in-pat-and-qbd/

Take Away Messages (1/2)

e Good calibration models start with good planning
* Recognizing sources of variation
e Experimental design or representative sample selection
e Review and screen data
e Plotting and PCA
e Find outliers
¢ |dentify trends and causes
e Develop regression model
e |terative process
¢ Validate model

ESQEEIGENVECTOR

IAL RESEARCH INCORPORATED

Take Away Messages (2/2)

Optimize model
e Many preprocessing methods available to handle various “problems”

e Variable selection
e Evaluate choices

Save and document model

Get model online
¢ Variety of methods available
¢ Selected method depends on infrastructure

Plan for model maintenance
e Most models don’t last forever
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