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This is a tale about chemometric dinosaurs .. .. .. .. 
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There has been many theories as to WHY .. .. .. .. 





There are many attitudes/opinions to cross-validation!



There are many attitudes/opinions to cross-validation!

-some are based on tradition, òschool-of-thoughtò, 

- some are emotional (more passionate than argued), 

- and some are based on reflection / science / insight 

A recent discussion on ICS-L é. borderlineemotional 



Chemometrics

Åa data analysisapproach -methods & philosophy 

Åchemometricsïorigin: analytical & physical chemistry

Åfocus on interpreting underlying óphenomenaô instead of ódataô

Å- by finding and utilizing latent data structures

Åbased on covariance models: projections

CHEMOMETRICS: Revealing hidden data structures

i)   Multivariate Data Analysis

ii)  Experimental Design (DOE)

iii) Data Quality (a.o. Theory of Sampling, TOS)



Multivariate Data Analysis (MVDA)

It is not possibleto reap the full advantage of the powerful multivariate 

approach if the issues regarding data quality ("representativity") have not 

been properly considered é

The data quality chain starts with primary sampling(in the field,  in the  plant, 

in the laboratory (sometimes easy, sometimes difficult, sometimes unknown).     

It critically important  that all:

i) sub-sampling 

ii) mass-reduction

iii) sample preparation 

- must all also be fully representative

ANALYSIS Ąñdataò  - Chemometrics is not only about data analysis é



Data quality? ïData quality?
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Data quality? ïData quality?



òData qualityò for a geologist  - yes, what about it?

You take your hammer, your considerable theoretical and field experience , 

consider the objective of (data analysis) project ïremembering the important 

sampling_analysis_characterisation, survey the outcrop carefully ïet voila!

òGet the bl....... samples and 

get on with the analysisò é



Geology/geochemistry is just about as extreme as it gets (nature, field)

At the other end of the spectrum: multivariate calibration e.g. in the 

analytical laboratory - - - - - - - - Ah, the complacent life in splendid 

isolation from the world inside the four cosy walls of the laboratory !!  



- and many types of materials are conveniently easy to process (homogeneous) 



The world is made up of 

heterogeneous materials!





Primary stage òrepresentative samplingò  é 

The key issue is ïall materials are heterogeneous 

Only a scale-issue - Sampling is not trivial scooping!



Every (phys.) sampling will be associated with a manif-

estation of sampling errors (large/intermediate/small)

The key issue is ïall materials are heterogeneous 

One can easily employ non-representative sampling



Propagation of errors:  

Example:

Propagation of errors in the analytical process s.l. 

which very nearly always is a multi-step process

Pooling variances from independent sources (stat.)
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It is easy to get a first estimate of the 

sum-total of all sampling + analysis 

errors - - - - - almost unbelievably easy

REPLICATION òfrom the topò - - -

f.eks. 10 times

N.B. This is a benchmark experiment 

ïto be  carried out only once !!!!!!



Relative Sampling Variability (RSV) 

Relative Sampling Variability (RSV), aka

relative Coefficient of Variation, rel. (C.V.)

RSV mustbe smaller than  .. % 

Relative Sampling Variability (RSV):

C.V. =  [ STD / Xavr.] x 100 



Every (phys.) sampling will give rise to a manifestation of 

the sum-total sampling_plus_analysis errors (TSE + TAE)

The message of this presentation is ïthere is not an appropriate 

accounting of the sampling error contributions in the X-validation 

Chemometricians very rarely know the magnitude of TSE + TAE.    

Test set validation is one easy way out of this problem! 



Legitimate 

cross-validation 

situations:

Illegitimate 

cross-validation 

situations:

Historical data

Exp. Design

QSAR/QSPR

é..

(controlled conditions)

(small/insigficant S.E.)

Uncontrolled conditions w.

Significant sampling errors

(time, space, heterogeneity):

Natural science systems

(geology, biology, forestry ..)

Environmental systems

Food/feed/(beverages) é.

PAT

Illegitimate generalisation !!!



Validation in chemometrics

X Y
PLS-regression

Time series forcasting

Classification/discrimination



Training data set

Test set (proper)

Validation ïthe general situation (no disagreement)

Validation data set

òFutureò data set



WHAT characterises the òfuture data set(s)ò?

- i.e. when / where the intended prediction is taking place:

- at this time, we may easily validate its appropriateness  

NOBODY would argue for cross-validation at this time -

EVERYBODY would be happy to use test set validation -

ééééééé òat the time of the future data setò

Important issue re. òfuture data setò é two cases:

- Process situation: (chronologic / process ïtime)

- Non-process time: second useof TDS protocol é (third é) 



WHAT characterisesòtheò training set?

1) - will be representativeof the system at calibration

2) - shouldbe representativeof the system at validation

3) - é hopeit is representativeof the system at prediction

WHAT characterisesòtheò test set?

1) ïonede factorepresentationof the system at prediction

This puts critical conditionson the training set:

1) (X,Y) span, range must be representative: HOW?

2) The TDS must be repr. of the system at the time of pred.

Theseconditionsmust beensubject to VERIFICATION!

é not governedby ASSUMPTIONS!

hope.., assume, .. must assume..



There is (much) more to a training data set than it size  é (N) 

Let us first take responsibility for a perfectTRAINING SET é. 

Do EVERYTHING possible to uphold the critical conditions:  

EVERYTHING é ensemble representativity,  span,  range, N -

TRAINING SET é. optimised, fine-tuned, òjust rightò --- --- ---

PROTOCOL: All necessary information to produce optimal TDS 



Training data set

Test set (proper)

Validation ïgeneral situation 

Validation data set

Done EVERYTHING possible to uphold the TDS conditions é  

This MUST mean, that we cannot voluntarily reducethe size of TDS !! 

WHAT is it that cross-validation will have to do ïover and over é ??? 

REPRESENTAVITY demands the entire, intact TDS ïntwai !! 



In cross-validation, there is always one free 

parameter, which is to be determined by the 

data analyst: - number of X-val segments: s

s - can always take any value in the interval:

(N-1), (N-2), (N-3) ... ... ... 15 ... ... 10 ... 5, 4, 3, 2

X-val sub-models are always based on a reduced TDS ï

Are there any scientific criteria for choosing s ?



USUAL assumptionsre. training set suitability: 

ïwe have enough samples éé  (to do òtest set splittingò) 

-we know òfrom experienceò (pop. stationarity assumption) 

- we may validate its appropriateness ( circular reasoning) 

UNUSUAL assumptions re. training set suitability:

- have faith in X-val. ïòexperience showsò 

- many data sets shows that X-val, holds é (proven how?) 

- ICS-L discussions, debates at chemometric meetings ;-)

USUAL arguments for cross-validation: - - - - - EXCUSES

ïwe donôt have enough samples é (for test set validation) 

- we donôt have ANY samples é é (for test set validation) 

- It is by far the easiest, most inexpensive, fastest validation



Training set

Test set (proper)

Validation ïrole model ... TEST SET validation

Prediction 

evaluation

min. RMSEP

Test set validation

Model 

complexity



Test set validation vs. X-validation: Issues

What constitutes a propertest set ?

This cannotbe discussed within a 

statistical frame of reference (only)

This cannotbe discussed by focusing 

of this-or-that particular schemeof 

cross-validation (alone)  [mechanics]

We have to look at the fundamental 

objective(s)of validation: # components and

prediction optimisation  e.g. min.RMSEP



The conventional  òpopulationò ...



Drawing a òsampleò

- from the population ...

- the òtraining  setò



The conventional  òpopulationò ...

òObjectsò / òSamplesò /Measurements ... are viewed 

as òequalò... as having òequal statistical massò ... ... 

The crucial insight: this is too simple a view when 

dealing with òheterogeneous materialsò ... ...   



What constitutes a propertest set ?

Using the same TDS protocol ï

at least a second time: Test set(1)

This ensures that all inherent 

sampling error contributions have 

(at least) one more chance to impact 

the validation (maybe more é é)



There is samplingïand there is ïsampling

Statistical sampling -from a population (ident.obs.)

Physical sampling --- from heterogeneous materials



The theory of Sampling (TOS) is a 50-year old 

theory, unfortunately not sufficiently well 

incorporated in today's university curricula  -

in analytical laboratories, government agencies, 

industrial companies é 

The theory of sampling is intimately related to a 

in-depth understanding of two key feature :

Heterogeneity 

ñData Qualityò 



- feed: soya beans (Argentine):  

30.000 tonnes



- sample: 30 grammes

30 gram vs. 30.000 tonnes

é é 30.000.000.000 gram

sampling rate: 1: 1.000.000.000 1: 109 sampling rate: 1: 102ï1:1012(+) 

A representative sample?

A representative datum?

òData qualityò ïobs/vars



Hand sampling by professionals é

A grab-sample, representative of 54 ton material?

WHO is responsible for acquiring suitable data quality?



Looks can be deceptive: This is FLY ASH, with an 

apparent not-to-difficult heterogeneity òon the surfaceò

Beneth the surface however: The spatial distribution of 

Cu, Zn, Pb, Hg, Cl ... ... is extremely irregular 

WHO is responsible for acquiring suitable data quality?

... hidden phenomena ...



Sampling in the laboratory: Whatôs the difference w.r.t. the field?

The SCALE ...... !!! 



- archetype grab-sampling -

- Extremely irregular distribution of pollutants, Cr , mycotoxins ... 

- Very uniform distribution of protein, starch, water ... é é

- Just a little bit re. Theory of Sampling (TOS) 



grab-sampling by a sub-optimal sampling process é 

Fundamental Sampling Error: FSE Grab Sampling 

RelativeSampling Error Variance: RSV



- an important difference:    

é. standard statistics  ....

ISE: Incorrect Sampling Errors

CSE: Correct Sampling Errors



ERROR   vs.   UNCERTAINTY

An important distinction separates error and uncertainty. Error is 

the differencebetween an individual result and the unknown true 

value. Thus the value of a known errorcan be applied as a 

correctionto the result.     point estimate

interval estimate

By contrast, uncertaintytakes the form of a range and, if estimated 

for an analytical procedure and defined sample type, may apply to 

all determinationsdescribed. The value of the uncertainty cannot 

be used to correct a measurement result. 

An analytical result mayhave a negligible error after correction 

but the uncertainty may still be large simply because the analyst is 

unsure of how close the result is to the true value. The uncertainty 

of an analytical result should never be interpreted as representing 

the error itself, or the error remaining after correction.



Training set

Validation .. CROSS-VALIDATION

Cross-validation

Number of 

PLS-comps.

N N min. RMSECV



In all of cross-validation, there is one free 

parameter, which is to be determined by the 

data analyst: - number of X-val segments: s

s - can always take any value in the interval:

(N-1), (N-2), (N-3) ... ... ... 15 ... ... 10 ... 5, 4, 3, 2

Are there any scientific criteria for choosing s ?



There are NONE !!!

- Let us take a closer look at the 

actual workings of cross-validation


