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Principal Component Analysis I PCA

AWhy we really need it
AHow we use it
AWhat the pitfalls are
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Using a single variable is:
Wrong, incorrect, suboptimal, oldfashioned , ..!
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Using a single variable is:

oldfashioned

Wrong, incorrect, suboptimal,

Shoulder Breadth (biacromial) - 300mm

Buttock-Knee Length - 300mm
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Buttock-Knee Length

Simply plot the two versus each other

Co-variation = new information
available in the individual variables
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thatis not

460

Lee S.,.Bro R., Regional Differences in World Human Body Dimensions: The
Multi -Way Analysis Approach, Theoretical Issues in Ergonomics Science, 2007
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Buttock-Knee Length

Simple conclusion

Complex problems are not caused or
Il nfl uenced by jJust one f a

We have to be able to handle many
variables in order  to properly understand
complex problems
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Principal Component Analysis

What it Is
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PCA: exploratory
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pattern recognition

Cheeses from two factories i are they similar

J. Sorensen, C. Benfeldr | International Daivy Jowrnal 11 (2001 ) 355-362

GC-MS of cheeses from two
factories (triangles and squares).

The similarity is used to assess if
the cheeses produced are
sufficiently similar with respect to
Important aroma compounds.
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Principal Component Analysis T good things

ACan handle many variables

ACan see relations between variables and/or samples
ACan detect outliers

ACan find new patterns

ACan do true fingerprinting

ACan generate new hypotheses
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Principal Component Analysis

ow not do to it!!

APCA models variance - variance is not necessarily information

AWnhy you should not develop models based on % variance

ABe careful about over -interpreting your model

AHandling outliers
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PCA models variance 1
Variance Is not necessarily (relevant) information

PCA simply reflects the main variation in your data

It is your responsibility to make sure this is relevant for your problem
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PCA models variance i
Variance Is not necessarily (relevant) information
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Understand what the data reflects
For example:
AMSPC is based on detecting outliers. Need relevant data.

AMany use NIR because é. they do!
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PCA models variance i
Variance Is not necessarily (relevant) information

lll/Healthy Male/Female

PC2 Scores PC2 Scores
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RESULT1 X-expl: 12%.9% RESULT1X-expl: 12%9%

Variance explained: 21% Variance explained: 21%
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Why you should not develop models based on % variance
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Why you should not develop models based on % variance

Reference

Reference

gVar expl. 99%. Error 0.45
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Why you should not develop models based on % variance

Do n Guse percentages for any conclusion
or argument unless you are exactly sure
what you mean

Percentages are nice later on, though for
reporting
omy nice model fits 96 % of the vari
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Be careful about over- You may conclude that Ash
. . and SO2 are correlated I
Interpreting your model butonly or the 60%

shown.

You may not say
much sensible
about Color and
Amino N because
they are not well
explained (close to
0,0)

There is no way to know
what holds for the
remaining 40%
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Outliers

Determine number of components
i then outliers e éé WRONG!

Determine outliers T then number
of components ééé WRONG!

M-
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Removing non -outliers
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Is this an outlier ? Maybe .
Isit wrong ? No, justan extreme

lipo_diff. M2 (PLS)
t[Comp. 1J4[Comp. 2]
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RIX[1] = 0,430341
Ellipse: Hotelling TZ (0,95)

This patient has the highest lipid content inthe blood in
the entire data set ( colored by this parameter)

From Marianne Toft



