Knowing when to Quit:

Why do we waste so much time trying
to get models out of bad data?
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The Problem

Lots of bad data out there!

Engineers and scientists developing methods
based on more complex signals

e Using spectroscopy on everything!
Problems complicated by low signal-to-noise
and/or low signal-to-clutter

e Blood glucose

May not be possible to get a reasonable model 1n
some of these situations
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Example Data Set
Blood glucose by NIR (again!)

NIR Spectra for Blood Glucose Study
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Region of Interest

Wavelength Range of Interest
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What to try

e Basic “plain vanilla” models
* Look at preprocessed data and color-by
* Nearly exhaustive search—Model Optimizer

e Try to stick with “reasonable” preprocessing
e Interrogate best models

e Over-fit?

* Any reason model be over-optimistic?

e Squint test
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No Obvious Trend

Colored by Blood Glucose Value
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Initial Model
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Scores from MC Model
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1.4

Try Different Preprocessing

1.2

0.6 -

0.4

Baseline Order: 1
T T T

0.2
1400

10

1
1450

1
1500

1 1 o 1 1 1 1 1
1550 1600 1650 1700 1750 1800 1850
Wavelength (nm)

1900

Data

0.18

0.16 -
0.14 -
0.12

0.1r
0.08 -
0.06 -
0.04 -

0.02

-0.02

1700 1750 1800
Wavelength (nm)

EEEE IGENVECTOR

ESEARCH INCORPORATED

r.
1N
e

1180

1160

140

120

100

80



Other Preprocessing
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When Preprocessing Works!

Tablet NIR Spectra Raw Data Tablet NIR Spectra Preprocessed with MSC,
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Model Optimizer
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Scores in 15t Derivative Model
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Conclusions (IMHO)

Preprocessing and variable selection
e Can often make a good model better
e Seldom make a bad model good

Should be able to see signal in preprocessed data
e At least in spectroscopy
e Discrete variables maybe not

Exhaustive search increases chance of false
discovery — don’t try too hard?

Can be difficult to deal with clients
e At what point do you tell them to give up?
Still worry about missing something that works!
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