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Classification of objects rdCV results
Since the very beginning of chemometrics, classification of objects has been an 3 /\ Optimgm.model complexity estimated from calibration data
important task. Common deficiencies of empirical classification models g / el i MnEr G [@eps)

From nyep X S7esr Optimisations of the optimum complexity A, the most
frequent value is taken as the final optimum complexity Agya.-

(classifiers) are

 inappropriate performance measures,

e poor strategies for (1) optimizing the complexity of classifiers , (2) estimating
the performance of classifiers,

e mixing model optimisation and performance estimation.

Performance for new cases estimated from test data
(only using outer CV loops)

From n x nq¢p test set predictions at Aq ., the predictive ability P
(or other performance criteria) is calculated for each repetition.
The variation of P is shown in a box plot.

We present the powerful and easily applicable strategy repeated double cross
validation (rdCV) [1, 2], and apply rdCV to the classification methods (1) D-PLS,
discriminant PLS, (2) KNN, k-nearest neighbour classification, and (3) SVM,
support vector machine classification.

Multivariate classification methods Example 1: Origin of Italian olive oil

n = 572 oils, 9 classes (with 25 to 206 samples) from 9 areas in ltaly,
m = 8 fatty acid concentrations [4], R [5] package “classify”, data(olive).
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D-PLS, Discriminant PLS. Linear, binary classification of class 1 (y=-1), and class 2
(y = +1) . Class assignment: if y < 0 assign to class 1, else to class 2.

Optimisation of model complexity: a, number of PLS components. rdCV: ngep = 50 repetitions, soyr = 2, 5y = 6

. . pe . . e . Optimization results: KNN: k =1; DPLS: a =7; SVM: =0.07
KNN, k-nearest neighbour classification. Nonlinear classification based on the s FINAL FINAL VRINAL

(Euclidean) distance between objects in x-space. Find nearest neighbours (objects = KNN = DPLS P SVM

with known class membership) to query object. =1 T T-g- = D ?‘T"“i =7 T“" T T ?TE E -I-iié';: T—Z'ET'—&E

Optimisation of model complexity: k, number of neighbours. 31 THE el - : — I e E .

SVM, Support Vector Machine classification. Nonlinear classification. =7 ar | 8+ * g i S -

Optimisation of SVM parameter y. =1 3 - Sq £l . b4 7 s1 E
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Repeated double cross validation, rdCV e ibriauris W LIGLI4uEl M ECLIJEET S0

m=a12 2% Bk B 38 BS 33 Bl Bl 5l —_— C|E:ISS no.
Optimum model complexity P=0.92 P=0.71 P=0.91

Both KNN and SVM show good prediction performance; the mean of their
average predictive ability is around 0.9, except for the oils from class “Sicily”.
For this multiclass problem, DPLS performs worse.
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complexity ’ and store results : '2 '3 1 '5 E; '7 E'; (p;rarri/e)ter, A
~1Pa vadationset ||| SEs@ ae ooty Chemical substructures present (class 1) / not present (class 2), n = 600
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(class 1: 300, class 2: 300), m = 658 spectral descriptors derived from mass
spectra [6], R-package “chemometrics” [7], data(phenyl) P (average predictive ability)
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0.88

The standard error of the mean, SE, is

used to find the optimum
optimization parameter, A, [3]. Optimization results: KNN: kpya, = 3; DPLS: ap s = 2; SVME: J4a = 0.0002

Computation time: KNN 550 s, DPLS 42 s, SVM 940 s.
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Performance for new cases wBredictive ability P For this 2-class problem, DPLS performs equally wellas =75
. redictive abili . L i}
Y SVM classification. KNN classification shows lower 84
Class assignment table (binary classification) . . he . .
1 — s — oied o s average predictive ability and more variation of P. S ,
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it
t_ lt_ f - samoomtoom2m * rdCV is a resampling method combining some systematics and randomness.
es I_ma on o Predictive ability class 1: P, = n,,/n, . . . . .« fe . .
opfimum T fo test set olin i B, = 5.8, * rdCVis applicable to calibration and classification problems for data sets with
comp eL optimur_n estimation of Average predictive ability: P = (P,;+ P,)/2 apprOX|mate|y > 25 ObJeCtS.
complexity performance for )
rompwie hew cases Avoid: * |n rdCV, optimization of model complexity (model parameter) is
calibration set (a single number) Overall predictive ability = (n,, + n,,)/n ted f th timati £ model ;
— — tis very misleading if classes differ separated from the estimation of model performance.
Depends on (random) split into calibration set and test set. much in size . dcv id i i £ th ol @ del Tes A b del
Thus, repetitive random splits are desirable! : r provides estimations of the variability of model complexity and of mode
performance.
rdCV scheme  rdCV is easily applicable, fast and free: R-package “chemometrics” [7],
" repetition loop: ngge (20 - 100) times with different random splits into ! www.lcm.tuwien.ac.at/R
: calibration and test set
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outer CV loop
CV splits into calibration set + test set (s;esT Segments)

inner CV loop with the calibration set
CV splits into training and validations sets (S5 5 Segments)

Q one estimation of optimum complexity
Q tes1y for the current test set objects
(for one of syesT sSegments, for all complexities)

B oy forall nobjects (for all complexities)

Stgr *SSHIALRDS! oribe Bplimizaton ertenan Acknowledgements. Anton Fried! (Institute of Chemical Engineering, TU Vienna, Austria) is warmly thanked for providing

financial support for the presenting author.

Chemometrics in Analytical Chemistry CAC 2012, Budapest, Hungary, 25-29 June 2012



