
4 Wavelength selection in multivariate calibration models

2.7 Considerations for wavelength selection

Since the precision of the estimated concentrations depends on the volume, shape

and orientation of the ellipsoid, the selection of sensor based on the optimization of

one criterion alone does not guarantees a high precision.

Det(STS) and Tr^S)-1 always improve as more sensors are considered4 so that

they cannot be used as a criterion to decide on the sufficient number of sensors to use.

The Det(M), where M=STS/J could be used, since it measure the information content

per sensor, and the variance inflation factors (VIF) could be used to indicate if the

selected sensors have the necessary information to estimate the concentration. A VIFjc

value larger than 10 has been proposed 39'40 to indicate when multicollinearity can be

a serious problem for the reliable estimation of concentrations. This can be applied

here to the analyte concentrations, which are the coefficients of the model given in eq

1. However, if the experimenter is not concerned about using the minimum number

of sensors necessary but the number that produces the best predictions, this criteria

cannot be used. These criteria state that even the sensors that only have noise

contribute to improve the confidence interval of the predicted concentration.

To obtain the best precision and accuracy for concentration predictions by means

of wavelength selection, the optimal subset of / sensors should simultaneously

maximize Det(STS), minimize Tr(STS)4 or the largest eigenvalue of (STS)4 and

maximize LSELjc among all possible subsets of / sensors. It has also been suggested

that the wavelength selection criterion should also consider spectral and

concentration noise information, correlate with actual prediction errors and include

information on prediction samples14-15. A hypersphere of small radio is the optimal

confidence region that simultaneously optimizes the three parameters and gives

independent concentration estimates with a high global precision and with, similar

variances for each analyte. Finding A-optimal, E-optimal, SEL-optimal sensors or

combinations of them need optimization algorithms such as generalized simulated

annealing (GSA) or genetic algorithms (GA) to be used, to avoid checking all possible

combinations of / wavelengths, and multicriteria functions to simultaneously

optimize several responses at the same time. Since a subset of sensors that

accomplishes all these conditions may not exist, subsets which represent a

compromise between them should be used.
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4.3 Further considerations on the sensitivity ...

A new selected sensor should improve the mentioned properties as much as

possible. The magnitude of the change depends on whether the added sensor

increases or decreases the orthogonality among the columns of S and on the

instrumental response values in the added sensor. If the added sensor increases

orthogonality, the ellipsoid tends to a small radio sphere. On the contrary, if it

decreases orthogonality, the ellipsoid is more inclined, although the predictions are

globally more precise. In most cases, the optimal conditions for the determination of

each component is different and should be optimized separately.

4. Conclusions

The effect of several measures on the confidence ellipsoid of the estimated

concentrations has been shown. Representing graphically the confidence ellipsoid

helps to understand the effect of the wavelength selection criteria such as sensitivity

and selectivity on the prediction ability of the model. The optimization of one

criterion alone does not necessarily guarantees low prediction errors. This paper

helps to understand the already used criteria and to develop a more general criterion

for wavelength selection based on selectivity, sensitivity, noise and information on

prediction samples. This shows that a global optimization criterion is needed. This

criterion should take into account the uncertainty in the spectra. Other approaches

include the optimization to best predict a certain analyte. Probably, the cited global

criterion would need optimization algorithms to find the best set of sensors, such as

GA or GSA.

The used criteria only affect to the precision of the estimated concentrations.

Thus, the technique proposed is limited by the assumptions of multicomponent

analysis: the additivity of the responses according to the Beer's Law, that S can be

determined errorless, that the model is correct and that the r variables have

experimental error that is distributed following a normal law N(0,cr2). Although in

reality, the S variables do have error, their uncertainty can be reduced by averaging

repetitions of the spectra of the pure components until the error can be considered be

smaller than the error in the spectrum of the unknown sample. These assumptions

enable the least-squares expression to be used to estimate the concentrations in the
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4 Wavelength selection in multivariate calibration models

unknown sample. Under these hypothesis, the variance of the coefficients always

decreases when a new sensor is added.

Another problem of wavelength selection^ is the lack of measures that 'truly

indicate the ability of the selected sensors to provide unbiased and precise

predictions. The algorithms select the best wavelengths among the set of

wavelengths given. If none of the wavelengths given is good enough (e.g. when all

the wavelengths are highly correlated), the solutions of the algorithm would have

little sense.
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4.4 Equivalence between Selectivity and
Variance Inflation Factors in

Multicomponent Analysis

Química Analítica 15 (1996) 259-262

J. Ferré, F.X. Rius

Departament de Química. Universitat Rovira i Virgili.

PI. Imperial Tàrraco, 1, 43005-Tarragona. SPAIN

Diagnostic parameters for detecting collinearity in multicomponent analysis

have been known for a long time. Variance inflation factors (VIF's) for least-

squares estimates, derived from multivariate statistical modelling, and selectivity

are both used as guidelines for deciding when multicollinearity is such that the

spectral chemical analysis results should be questioned. Their equivalence is

shown in the present article.
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4 Wavelength selection in multivariate calibration models

Introduction

The term multicomponent analysis (MCA) is used for techniques in which several

components in a sample are determined simultaneously. In such cases the linear

additive model is frequently used, e.g. models based on the Lambert-Beer law. For a

mixture of K components, the response measured at each sensor (wavelength) can be

described with Equation (1):

e i (1)

where ry is the measured absorbance of the iC-component system at/th wavelength, s¡k

is the molar absorptivity of the 7cth component at ;'th wavelength, Ck denotes the

concentration of /cth component in the mixture and e\ represents the noise or error in

measuring r¡. When / responses are measured, the linear model is described by

Equation (2):

r = S c + er (2)

where r is the Jxl vector of responses, S =[si, 82, ... sk ... SK] is the JxK matrix of

sensitivities, whose columns (s&) are the spectra of the pure components present in the

system when their concentration is equal to 1, c is the vector of component

concentrations and er is the vector of error terms. After determining S either from

standard solutions of individual components or their mixtures, the vector of

unknown concentrations of the various analytes contained in an unknown sample

whose spectrum is run can be obtained with least squares by using Equation (3):

(3)

and the uncertainty in the predicted concentrations is given by Equation (4):

var(cun)= cf (4)

where a2 is the variance in the measured responses of the unknown sample, which is

usually determined from the residuals calculated using the calibration sample set.

The /cth diagonal element of cr2(STS)-1 contains the concentration variance for the /cth

component.
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The prediction error expressed in Equation (4) is largely affected by the

coUinearity among the columns of S. Collinearity (also called multicollinearity or ill-

conditioning) exists when the columns of S are approximately linearly dependent

due to overlapped calibration spectra. Collinearity causes numerical instability when

solving Equation (3); small relative changes in run and S can cause large relative

changes in dm. This makes the variances and covariances for concentration estimates

large. Thus, a high degree of spectral overlap can severely affect the sample

concentration estimates. Disappointing results have been obtained (e.g. negative

values for components known to be present [1]) because of linearly related absorption

curves leading to an extremely unstable system of equations.

Before predicting with the regression model, Equation (3), diagnostic tools can be

used to evaluate the extent to which the concentration estimates can be degraded by

the Collinearity. Some Collinearity diagnostics commonly used in regression analysis

have been reported [2-4]: the correlation matrix of the régresser variables, the

condition number of S, variance-decomposition proportions and variance inflation

factors (VIF) of the regressors, etc... The condition number of the calibration mateix S

has been used to select the most suitable wavelength range in Kalman multivariate

calibration and classical least squares (CLS) calibration in order to optimize accuracy

and precision [5-6], This measure, however, has been criticized due to its statistical

properties[7]. Kalivas [8] used the variance-decomposition proportions to test for the

presence of spectral overlap among the pure-component spectra in K-matrix

calibration. VIF values have been recommended by Harrison et al. [4] as a general

measure of coUinearity in regression. VTFs can be calculated for each estimated value

in a regression equation (here the estimated concentrations) and give information

about the error propagation for the respective component. High VIF values point to

the presence of high coUinearity. Also, VIF is the low limit of the condition number

[9].

On the other hand, in specteoscopic determinations, Lorber [10,11] defined

selectivity for the 7cth component (SEL*) as a measure of the degree of non-overlap

between the spectrum of the 7cth component and the spectra of the other components.

Some wavelength selection procedures [12,13] used the sum of selectivities for all

components as the criterion for optimization.
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4 Wavelength selection in multivariate calibration models

This paper shows that the VIF value and selectivity for the fcth component are two

equivalent measures of collinearity. So, optimizing selectivity for a multicomponent

system by wavelength selection is nothing more than ensuring that the coUinearity

among the calibration spectra will not degrade the concentration estimates.

Theory

The VIF for the estimated kth component concentration [2,4] is given by Equation (5):

(5)

where R/t is the multiple correlation coefficient obtained from the regression of the kth

component spectrum s/t on the spectra of the rest of the components. By defining the

S matrix without the kth column s¿- as Sjt = [si,... s/t-i ,8*4-1,... SK], the regression model

can be described by Equation (6)

(6)

The S/t columns geometrically define a hyperplane, L, in the /-dimensional

Euclidean space EA If s& is not a linear combination of the S¿ columns it does not lie on

this hyperplane, which is represented for two components in Figure 1. The least-

squares estimation of Pt is given by Equation (7):

(7)

where + indicates pseudoinverse. Vector b& is chosen so that the length of the residual

vector e/t=sn—s¿ is minimal, where §^.=5^ is the predicted vector. s¿ lies in the L

hyperplane since it is a linear combination of the Sk columns and corresponds to the

orthogonal projection of vector s& onto hyperplane L. On the other hand, the residual

vector ek is orthogonal to the hyperplane L, which is precisely the definition of net

analyte signal, Sk* given by Lorber.

Lorber defined the net analyte signal sj¿* as the part of the spectrum of the kth

component that is orthogonal to the spectra of the other components in the mixture
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Figure 1. Geometrical representation of the regression of Sk on the spectra of
two components defined by Eq (6). The L plane is generated by the Sit
columns. SK* is the residual vector of the regression model.

and is calculated using Equation (8):

(8)

It is clear that:

ic* = (I-S)cS/c+)s)c =st -SfcSjt+s* = sic -Sjtbfc = sr- sk (9)

as can be seen in Figure. 1. The coefficient of determination R/c2 (the squared

correlation coefficient) for this model is given by Eq (10) (see e.g. Belsley et al. [2]):

„ 2 - eTe „ si.* st.* . . 2
R¿/ =1—f- = i<—•" T =l-sinz«

y y s¿ s/c

(10)

where T means transposed, e is the residual vector and y is the dependent variable

vector. These vectors correspond to s/c and s¿ respectively, a is the angle between Sk

and S£ (see Figure.l). So the VIF value for the Icth component is:

1 1

sin2a
(11)
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4 Wavelength selection in multivariate calibration models

The selectivity for the 7cth component is defined according to Equation (12):

SEU = Ils,* II /Ils, (12)

where || • || designates the Euclidean norm. Following the geometrical interpretation, it

is apparent that:

SELk = = sina

therefore

SEL j

(13)

(14)

which shows the equivalence between the diagnostic parameters. When a spectrum

corresponding to a calibration sample is orthogonal to the others, VIF=1 and

selectivity^, which is the optimal situation. As the spectral overlap gets larger, VIF

increases and selectivity decreases. Depending on the authors, it is assumed [4] that

VIF values higher than 7 to 10 indicate that the corresponding least-squares estimates

may be so poorly estimated that one should attempt to fit a different multivariate

model to the experimental calibration data (e.g. by introducing quadratic terms),

select the wavelengths used in the analysis or use an alternative estimation technique

(e.g. ridge regression). The equivalent selectivity values range between 0.38 and 0.32

as shown in Table 1. Therefore, selectivity values for a component which are lower

than 0.32 indicate that the concentration might be erroneously estimated.

Table 1. Numerical relationship between selectivity and VIF for a component
in a mixture.

VIF

1

4

7

10

selectivity

ï

0.5

0.38

0.32
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4.5 The effect of wavelength selection in...

4.5 The effect of wavelength selection in the
trueness and precision of analytical results.

A tutorial

(in preparation)

Joan Ferré and F. Xavier Rius.

Departament de Química, Universitat Rovira i Virgili.

PI. Imperial Tarraco, 1, 43005-Tarragona. SPAIN

The ISO definitions of trueness, precision and accuracy are reviewed in

general terms and related to the effect on the predicted concentration of

different wavelength selection criteria in CLS used in the literature.
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4 Wavelength selection in multivariate calibration models

1. Introduction

One aim of analytical determinations is to give unbiased and precise estimations

of the analyte concentrations in future unknown samples. Since this is influenced by

each step of the analytical procedure, improving the ability of the calibration model

(if used) to give unbiased estimations and reasonable confidence intervals will

improve the quality of the analytical result. The performance of the model depends,

among others, on the quality of the data used for calibration (e.g. the trueness and

precision of the concentrations and instrumental measurements in the calibration

samples), on which sensor (or sensors) are used and on the adequacy of the

mathematical expression to the measurements of the unknown sample. Since

multivariate calibration models based on spectroscopic data are increasingly used,

criteria for wavelength selection are constantly studied in the literature. However,

the information about the performance of these criteria to improve the precision

and trueness of the result is disperse in a considerable number of papers and may

be contradictory. For example, wavelength selection based on the condition

number of the calibration matrix in CLS has been said to improve either the

precision1, the precision and the accuracy2, the prediction ability3, or be

uncorrelated with the prediction errors4 or with the accuracy and the precision5.

Moreover the authors rarely specify what they consider accuracy and precision so it

is difficult to compare their results. The modern concept of accuracy (trueness and

precision) is seldom used and some authors use the term accuracy when they are

probably referring to trueness. This causes confusion to the experimenter who

wants to use the most appropriate criterion in his/her wavelength selection

problem.

The purpose of this paper is to review the ISO definitions of trueness, accuracy

and precision6-7 and to relate them with the wavelength selection criteria in CLS used

in the literature. The capacity of these criteria to improve the prediction results is

indicated. Guidelines to achieve optimal trueness and precision of the model bunding

step through wavelength selection in CLS models are given. Although this paper is

focused on spectroscopy as a quantitation method and the instrumental responses are

spectra, most conclusions can be extrapolated to many analytical methods.

218

UNIVERSITAT ROVIRA I VIRGILI 
EXPERIMENTAL DESIGN APPLIED TO THE SELECTION OF SAMPLES AND SENSORS IN MULTIVARIATE 
CALIBRATION 
Joan Ferré Baldrich 
 
 
ISBN:978-84-691-1875-7/DL: T-337-2008



4.5 The effect of wavelength selection in.

2. Definition of trueness, precision and accuracy

2.1 Trueness

"Trueness refers to the closeness of agreement between the arithmetic mean of a

large number of test results and the true or accepted reference value" 6.

2.2.1 How is trueness measured?

The trueness of the measurement method can be investigated by comparing the

accepted reference value with the measured or estimated value given by the

measurement method6. The trueness is normally measured in terms of bias. Bias is

the difference between the expectation of the test results and an accepted reference

value :

biaS= E(Cun)- Ctrue (1)

Bias is the total systematic error6. Unless the value accepted as true is known the

trueness cannot be estimated; this means that certified reference materials (CRM),

reference methods or interlaboratory collaborative studies among other references are

necessary to assess the trueness of the result.

2.1.2 Which factors affect trueness?

Trueness is affected by systematic error components6. Some possible sources of

bias in chemical analysis are incorrectly calibrated laboratory material, looses or

increments of the measurand, the presence of one element that interferes with the

determination of another or inadequacy of the calibration model to predict future

unknown samples.

2.2, Precision

"Precision refers to the closeness of agreement between independent test results
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4 Wavelength selection in multivariate calibration models

obtained under stipulated conditions"6. Precision depends only on the distribution
of random errors and does not relate to the true value or the specified value 6.

Precision is the general term for variability between repeated measurements.

Reference values are not needed to estimate the precision 8. Repeatability and

reproducibility are the two extremes of precision, the first describing the minimum

and the second describing the maximum variability in results.

2.2,2 How is precision measured?

The precision with which a given concentration of the component k, Ck , can be

obtained using a given analytical method is normally expressed in terms of standard

deviation s(a), variance s2(ck) or relative standard deviation sit/ft, with respect to the

concentration Ck of component k8-9.

2.2.2 Which factors affect precision?

Many factors may contribute to the variability of results from a measurement

method , including7'10: the operator, the equipment used, the calibration of the

equipment, the environment (temperature, humidity, air pollution, etc.), the batch

of a reagent or the time elapsed between measurements. Within the multivariate

calibration methodologies the standard deviation s(c/t) is expected to decrease with a

growing sensitivity of the method with respect to the components and to increase

with the noise of the analytical signal9. The standard deviation due to the error

propagation depends on the choice of the sensors11 (wavelengths for the case of

spectral data) and is affected by the selectivity of one component with regard to the

others9.

2.3. Accuracy

"Accuracy is the closeness of agreement between a test result and the accepted

reference value". The term accuracy, when applied to a set of test results, involves

a combination of random components and a common systematic error or bias

component.
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4.5 The effect of wavelength selection in.

2.3.1 How is accuracy measured?

Accuracy is measured according to several statistics. One of the most common

is the Mean Squared Error (MSB) between the true concentrations and their estimates

for different test samples, defined as E[(ctme -Cun)2 ] where E[ • ] is the expectation

operator. This corresponds to the expected squared Euclidean distance between the

estimated concentration Cun and the true concentration vector Ctme. The smaller the

distance, the closer is cw to ctrue. This measure can be decomposed into12:

MSE=E(Ctme-Cun)2 = E[(ctrue -Cun)T(ctrue -C [E(Cun)-Ctrue]2 (2)

The first term is the variance of Cun and the second term is called the bias squared.

MSE takes into account systematic deviations (bias) and variance of the prediction

errors13:

MSE= variance + bias2
(3)

In practice, MSE is computed as the average squared difference between actual and

predicted concentration values for a validation set of I samples:

(4)

To obtain a good estimate of the average prediction ability, the set of measurands on

which it is based must be representative for the whole population of future unknown

measured quantities in question. As Cun is the result of the complete analytical

procedure, MSE takes into account systematic deviations (i,e. bias) and variance of

the prediction errors13 due to the complete analytical procedure. If the method is

unbiased, MSE evaluates the precision.

2.3.2 Which factors affect accuracy?

Since the term accuracy refers to both trueness and precision6 , accuracy is

affected by all the factors that influence trueness and precision.
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4 Wavelength selection in multivariate calibration models

3. The influence of the wavelength selection criteria on the

trueness, precision and accuracy of the calibration model.

The objective of many wavelength selection studies is to improve the precision of

the model and to assure that no bias is introduced in the result due to a model

incorrectly specified for the unknown samples. Using the considerations given above,

the next section discusses how different wavelength selection criteria can influence

the trueness and precision of the predicted result using a CLS model and thus, of the

result of the analysis. The criteria considered are selectivity (SEL) and sensitivity

(SEN), accuracy (ACC) and minimum squared error of Sasaki15 , Det(STS) and

Tr̂ S)-1 and condition number Cond(S). If the word 'accuracy' or 'precision' is

followed by the reference to an author, it means that the author used that word to

refer to the performance of the criterion. It is possible that the meaning that the

author attributed to that word does not correspond to the ISO concepts of accuracy

and precision considered above.

3,1 Trueness

Bias in the final result can be introduced in any step of the analytical procedure. In

the step which involves predicting with a calibration model, the trueness of the result

can be prejudiced by measured data that not accomplish the assumptions of the

model. Possible sources of bias are blank problems, baseline shift, spurious peaks,

interaction between components (non-additivity of the pure analyte responses), non-

linearities (deviation from Beer's law at high absorbance values) and spectral overlap.

3.1.1 Spectral overlap and trueness

Spectral overlap has been considered a source of bias. Wavelength selection has

tried to reduce the overlap by optimizing some measure of selectivity. Although

overlap does introduce bias in univariate calibration (which requires specific

measurements and for this reason the selectivity is important since it is the main

reason for using multivariate instead of univariate calibration), this is not necessarily

the case in CLS and needs further considerations.
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' 4.5 The effect of wavelength selection in...

Two situations may arise: (a) when the overlap is due to the spectra of known

analytes that are included in the model and (b) when the spectra of analytes in the

unknown sample not considered in the model overlap the spectra of the analytes of

interest. In the first case spectral overlap does not introduce bias since the model is

able to discern the signal from the different analytes. The use of not selective sensors

does not affect the trueness as long as the analytes that give rise to a signal are

considered in the model. However, the larger the spectral overlap and the similarity

between the spectra, the smaller is the net signal of the analyte of interest and thus

the precision. Frans and Harris14 considered the CIS model to be accurate if the

component spectra in S are those actually present in the mixture spectrum. This

really corresponds to the definition of trueness. In the case (b) overlap is a source of

bias, The trueness of the result might be kept through wavelength selection based on

chemical knowledge about the sensors where the possible interferents absorb and not

including that spectral range in the model. If the interfèrent absorbs in all the spectral

range, bias can be avoided by including the spectrum of the interfèrent in the model

or using separation techniques to eliminate the interfèrent.

According to the indicated above, the wavelength selection criteria based only on

the calibration matrix do not measure nor necessarily improve the trueness of the

result. This is because they only consider the analytes included in the model and

cannot guarantee that the unknown samples will be free of any unexpected

interferents that absorb in the selected spectral region. In addition, the degree of bias

depends on the degree of spectral overlap of the interfering species and usually

influences the analytes in a different degree.

Usually, the prediction errors with respect to some reference values are used to

prove the efficiency of a selection procedure based on the calibration mateix. In

reality, this prediction error evaluates the complete analytical procedure not only the

modeling step since the predicted value is the result of all the steps of the analysis.

Then, in the wavelength selection in CLS, it must be assumed that that all the steps in

the chemical procedure are free from bias and that the model describes correctly the

system under study, i.e. there are no uncalibrated constituents that can introduce bias

in the final result.

In the bibliography, selectivity and spectral overlap have usually been associated to

accuracy16. This is based on the idea that the propagation of the errors into the
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4 Wavelength selection in multivariate calibration models

analytical result is much more marked for non-selective than for selective procedures,

and thus, the wavelengths with the lowest overall overlap (highest selectivity)

should yield the most accurate component concentration estimation17 (minimum

errors) in the determined concentrations18. Consequently, wavelength selection based

on criteria related to the selectivity have been proposed as a strategy to improve the

accuracy. Several measures of selectivity have been reported in the literature. The

three measures considered below only consider the analytes in the calibration matrix

S and cannot assure that analytes not considered in S will not be present in the

unknown sample. Thus one must consider that all the analytes present in future

samples are known, and that the postulated model is correct:

- selectivity after Lorber (LSEL^)19. It measures the degree of non-overlap between the

spectrum of the Jcth analyte and the spectra of the other pure components in the

system. It has been said to improve the accuracy17.

- condition number. Different results have been presented for the condition number.

The set of wavelengths that produces the minimum Cond(S) has been said to

optimize the accuracy 20,21 or the accuracy and precision of the multicomponent

determinations 2,5,22,23 Moreover, the wavelengths selected according to the condition

number has been reported to give good results3 while other investigations indicate

that they do not necessarily result in low prediction errors 1,4,5,24,25 ^d that the

condition number must be regarded as a qualitative tool for error estimation19.

- Det (STS). A large value of Det(STS) has been considered a global measure of

accuracy and precision5, of selectivity between the vectors in the calibration matrix
5,16,26 an¿ of sensitivity1.

LSELj-, Det(STS) and Cond(S) are measures related to the precision of the estimated

concentrations in CLS, not to the trueness.

3,2 Precision

The precision of the estimated concentration is affected by three sources of error:

the random error in the spectra of the unknown sample and on the precision of the
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4.5 The effect of wavelength selection

concentration and the measurements in the wavelengths used to build the model. The

influence of these errors in the precision depends on their propagation through the

calibration model, which in turn, depends on the sensors used (the number and

which ones), on the mathematical expression of the model and is worsened by the

collinearity problem due to spectral overlap. The objective of the wavelength

selection is to improve the precision of the estimated concentration. Many

wavelength selection criteria try to improve the accuracy based on an improvement

in the precision since the trueness of the result is assumed. The variance of the least-

squares predicted concentrations in CLS is:

var(Cun)=

This expression only considers the propagation through the model of the error in the

measured spectrum of the problem sample. The criteria for wavelength selection are

based on this expression to improve the precision. Some examples are:

- Variance coefficients. They are the diagonal elements of (STS)'1. They have been said

to identify analytical wavelengths which yield superior concentration precision,

especially in the case of severe spectral overlap14.

- MSE. The minimum mean square error of Sasaki et al?5 , defined as:

MSE= E(c-cpIed)T(c-cpred)=

where Tr denotes trace has been used as a criterion for wavelength selection 15<17 . It

calculates the difference between the theoretical component concentrations and their

estimates, hence the variance in the concentration vector, that originates from the

expectation value of the noise. This has been considered a measure of accuracy15 or

accuracy and precision of the multicomponent determinations5. The assumption that

no bias is present reduces the expression to CT^Trj^STS)4] (the sum of the variances of

each estimated concentration) which is a measure of precision. This criterion is the

same as the sum of the variance factors, used by 14.Larger subsets of wavelengths will

always yield a smaller MSE, i.e. better precision in the concentration estimates. For

Liang et al, 5 this measure is related to the collinearity of the calibration matrix. The

trueness is not involved in this criterion if it is evaluated as a2Tr[(STS)-a].
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4 Wavelength selection in multivariate calibration models

Table 1 summarizes the different criteria for wavelength selection used in the

literature the commente of the different authors about the capacity of each criterion to

improve the accuracy, the precision, the selectivity or the sensitivity. The last column

gives the performance of each criterion according to the definitions of trueness,

precision and accuracy given in the section 1.

Table 1. The different criteria used in the literature and the measure that has been
associated to the criteria. The authors that found that the criteria were not related with the
associated measure are indicated by the asterisk(*) (ACC:accuracy, PREiprecision,
SEL:seIectivity, SEN: sensitivity)

Criterion
selectivity

sensitivity Sk*
Lorber's selectivity

Cond(S) or Cond(STS¿
Det(SJS)

variance factors

IIIIlMMlfZIII"
more spectral
measurements

As a measure of;

ACC ¡
ACC PRE and SEL I SEN

PRE !

:::í:::Í::::í:.4::i:17 -r y y ̂  r
1 ! I I

1 ! 5*2 ' 4*,22 16,14

' 1 ' 14*5 1 16*,5,26 ' 9
1 | | |

b.-trt^t=t=i i i ii i i i

New
consideration

PRECISION

PRECISION

ERROR

PROPAGATION

PRECISION

PRECISION

PRECISION

PRECISION

ACCURACY

The last column indicates our interpretation of the effect of the criteria according to

the actual knowledge.
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4.5 The effect of wavelength selection in.

3. Classification of the criteria for wavelength selection

The large number of criteria used for wavelength selection has lead us to classify

them and to clarify their paper in the wavelength selection problem.

a) Depending on the number of analytes to predict.

- global criterion. The property (e.g. prediction ability) of the sensors that optimize this

criterion is a compromise for all the analytes in the sample (e.g. Det(STS), Tr(STS)4 ,

Cond(STS), RMSEPT).

- local criterion. The property (e.g. prediction ability) of the sensors that optimize this

criterion are optimal for a specific analyte although may be not for the other analytes

(RMSEP for one analyte, LSELfo VIF*, variance coefficients of a particular analyte).

b) Depending of the data used.

- criteria based on the calibration matrix: Det(STS),

minimum eigenvalue?, VIFt

- criteria that use a validation set: RMSEP.

, Cond(STS), maximize the

At the same time, these criteria can be either global (RMSEPT) or local (LSELfo

c) Depending on the number of criteria used

- individual criterion: only one criterion is optimized. The sensors that optimize one

individual criterion may be different from the ones that optimized another criterion

(e.g. Det(STS) and Tr(STS)-!

- composite criterion (multicriteria) : the selected sensors are an acceptable compromise

for several criteria at the same time. These sensors may be not optimal for a given

criterion, but sub-optimal. Composite criteria have not been found in the literature of

wavelength selection yet.
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4 Wavelength selection in multivariate calibration models

4. Conclusions >

The effect of different wavelength selection criteria in CLS on the precision,

trueness and accuracy of the predicted concentration have been considered. These

criteria are an important improvement with respect to using a experimenter's

subjective choice of wavelengths. However, the criteria based only on the calibration

matrix S cannot guarantee the trueness of the final result since they cannot prevent

the absorbances in selected sensors from being free of systematic errors in future

unknown samples. Therefore, the efficiency of these criteria is limited to the cases

when all the steps in the analytical procedure in addition to the modeling step give

unbiased results. Previously to using criteria such as the Det(STS) or the Tr^S)4 the

sensors that do not follow the model due to an interfèrent absorbs in future unknown

samples must be eliminated. Otherwise the criteria could select these sensors.

Diagnostics are necessary to detect if the sample to be predicted follows the model in

the selected sensors or otherwise may contain"'a systematic error. A criterion for

wavelength selection not considered here is the prediction error (e.g. RMSEP).

Although this has the advantage that may discard sensors that contain more error, it

is highly dependent on the validation samples used.
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4.6 Figures of merit in multivariate calibration.
Determination of four pesticides in water by

FIA and spectrophotometric detection

Anal Chim. Acta 348 (1997) 167-175

/. Ferré, R. Boque, B.Fernandez-Band1, M.S. Larrechi*and F.X. Rius

Departament de Química. Universitat Rovira i Virgili de Tarragona

Pça Imperial Tàrraco, 1, 43005 Tarragona, Spain

1 On leave from Universidad Nacional del Sur. Bahía Blanca. ArgentinaA. Rius*, M.P.

The accuracy, trueness and determination limit of a FIA method are evaluated

in the simultaneous determination of the pesticides Carbaryl (RYL), Carbofurane

(CBF), Propoxur (PPX) and Isoprocarb (IPC) in water by multicomponent analysis.

Calibration is based both on the spectra of artificially made samples according to

the experimental design theory and the spectra of pure pesticides. Prediction

errors in the range 0.1-1.4 evaluated as RMSEP are obtained. The absence of bias is

evaluated from the joint confidence interval test for the regression line obtained

from measured and predicted concentrations taking into account errors in both

axes. Multivariate determination limits were found to be between 0.03 and 1.0

ppm.

Received in revised form 3 February 1997; accepted 7 February 1997
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4 Wavelength selection in multivariate calibration models

1. Introduction

Pesticides of the carbamate family are widely used in agriculture because of their

powerful biological activity [1]. Since they are also serious environmental pollutants,

a considerable number of analytical procedures have been proposed to determine

and control their presence in surface waters [2-12]. Of these procedures, the

spectrophotometric methods use the reaction between the pesticide, previously

hydrolysed to its naphtol, and different reagents to produce strongly coloured

species. These methods have also been used coupled with a FIA system, due to the

simple instrumentation and high analysis speed. Khalaf et al. developed a flow

system with initial liquid-liquid extraction to spectrophotometrically determine

Carbaryl [13] and Propoxur [14] with p-aminophenol in natural waters, Fernandez-

Band et al. [15] simultaneously determined three pesticides using a FIA system with

in-situ pre-concentration in a CIS stationary phase of the complexes formed.

Espinosamansilla et al. [16-17] also describe a stopped-flow detection system for the

determination of Carbaryl, which is based on the degradation speed of the pesticide

in an alkaline medium. Garcia et al [18] describe the simultaneous determination of

Propoxur, Carbaryl, Ethiofencarb and Formetanate by using p-aminophenol and

partial least-squares regression.

In the above mentioned papers, the figures of merit determined are not associated

to the multivariate nature of the analysis but to the response of the analytes measured

on a single channel. So, the limits of detection are either associated to the lower limit

of the linearity obtained for each pesticide at a single wavelength or calculated as the

concentration derived from a response equivalent to three times the standard

deviation of the method. Also, precision is evaluated in terms of standard deviation

calculated in conditions of repeatability and associated to replicated analyses of

samples with the same concentration of analytes. In addition, the absence of

systematic errors is usually detected by measuring the recovery percentage in

samples which have been spiked with the analyte under study.

In this paper the accuracy, trueness and determination limit of a FIA method are

evaluated when it is used to determine four pesticides (Carbaryl, Carbofurane,

Propoxur and Isoprocarb) in water with the classical least-squares regression method

(also called the K-matrix approach). Calibration is based on the spectra of artificially
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made samples, either the pure pesticides or mixtures prepared according to the

experimental design theory. The methodology has been validated with 9 artificially

prepared drinking waters and 6 samples of ground and river waters spiked with

pesticides.

2. Theoretical background

2.1 Calibration model

The classical least-squares model in spectrophotometric analysis of several

components is based on measurements of absorbances at selected wavelengths

according to Beer's law (eq 1)

r = S c + e (1)

where the vector r/xi represents the absorbances measured at / wavelengths, S/XK = [si,

82, ... SK] is the matrix of molar absorptivities for / wavelengths and K components,

CRxi is the concentration vector for K components and e/xi is the vector of error terms.

The unknown concentrations of the various analytes contained in a sample whose

spectrum is tun can be obtained by using eq 2.

= (STS)-iST ru (2)

where T means transposed. The variance associated to the estimated concentrations is

given by:

var(Cun) = s2 (STS)-1

where s2 is the variance of the spectral measurements, evaluated as:

(3)

(4)

where + means pseudoinverse. The matrix S is determined by recording the spectra

of standard solutions of individual components or mixtures:
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4 Wavelength selection in multivariate calibration models

ST = (5)

where QxK is the concentration matrix of the K components in I standard solutions of

individual components or mixtures and R/.r/ is the ahsorbance matrix of the standard

solutions with / wavelengths (columns) and I rows. If pure component samples are

used, (OXI)-1 is a diagonal matrix.

Application of Eq. 2 requires matrix S to be error-free. This is not so because the

matrix is estimated from Eq. (5); however, the error can be decreased by selecting the

mixtures according to a designed plan. A Hadamard matrix can be used since it

provides minimum variance estimators for a given number of samples. Its

performance can later be compared with the one evaluated from the pure component

spectra.

2.2 Selectivity and sensitivity measures

The spectral selectivity and sensitivity in the S matrix are known to influence the

prediction ability of the model. The following measures were considered here:

Selectivity for the kth component [19] is evaluated from Eq. (6):

SEU = (6)

where sj<* = (I - SkSk+)sk is the net analyte signal and || • || denotes the Euclidean norm.

Sk is the matrix of the spectra of the pure constituents except the k analyte, SkSk+si< is

the null component of Sk, i.e. the part of spectrum Sk that is contained in the spectra of

the other constituents present in the sample. This measure has been shown to be

equivalent to the variance inflation factors (VTFs) [20] often used as multicollinearity

performance characteristics. Low selectivity values are associated to unstable

estimations of the concentrations and large prediction errors for new samples.

Sensitivity for the kth component [19] refers to how large the analyte responses are at

each sensor in terms of net analytical signal. It is defined as:
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(7)

This measure is directly related to the confidence interval for the estimated

concentrations in CLS [22].

2.3 Accuracy

In order to take into account all the causes of variability of the method, accuracy in

the concentrations was assessed by root-mean-squared error of prediction (RMSEP)

of a set of I validation samples not included in the calibration set, which were

analysed in reproducible conditions:

RMSEP =
,faown ~ C/,u

(8)

2.4 Trueness

The absence of bias in the model [23] was assessed by performing a joint statistical

test for the slope and the intercept in the regression of cm versus Cknown for the test

samples taking into account the errors in both axes [24]. This test needs to know the

variance of the true concentrations, which was considered to be constant for all

samples and was evaluated by error propagation in the preparation of the standard

solutions, and the variance of the predicted concentrations, evaluated from eq 3.

2.5 Limits of determination

The limits of determination were calculated with the expression derived by

Boque and Rius [25], which is based on the theory of the hypothesis tests applied to

the concentration domain. The null hypothesis, Ho: c = 0 (analyte not present in the

sample) is tested against the alternative hypothesis, Hi: c > 0 (analyte present in the
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4 Wavelength selection in multivariate calibration models

sample), where c is the true but unknown concentration of the analyte in the sample.

v l / 2The procedure is to reject Ho when the statistic t = (c-c0)/ var(c0 ) is higher

than ta, the a-percentage point of the Student's i-distribution with v degrees of

freedom, c is the estimated value of c and var(c0) is the estimated variance at 'zero

concentration level'.

The power of the above Student's i-test is given by 1 - b = pr {i(A) > fa}, where b

is the probability of committing a false negative (i.e. erroneously accepting Ho) and 1A

is the noncentrality parameter of the noncentral i-distribution, i(A), with v degrees of

freedom.

If the probabilities a and b are fixed then the noncentrality parameter can be

computed and a multivariate determination limit, MDL, for the fcth analyte can be

calculated:

(MDL)* = A(cc,p) varfa,*)1/2 (9)

The noncentrality parameter, A(a,p), can either be computed or obtained from the

tables [26]. The variance at 'zero concentration level', var(co,t), can be estimated from

any expression of the variance of the predicted concentration (eq 3), but only under

the null hypothesis, i.e. the Jcth analyte is not present in the sample. If this equation is

used to estimate var(co,j), the degrees of freedom in the calculation of fa and A(ot,p) are

v = J-K, where / is the number of wavelengths and K is the number of analytes. a2 is

in this case the variance of the spectral measurements at zero concentration level.

However, if the measurement errors are assumed to be homoscedastic, cr2 can be

estimated from Eq (4) or calculated from replicates on different samples.

3. Experimental

3.1 Instrumentation

The following equipment was used to build the FIA system: a Hewlett-Packard

8452A diode array spectrophotometer controlled by an HP Vectra 386s/20 computer

equipped with an HP-IB IEEE 488 interface for communications, two Gilson
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Minipuls-3 peristaltic pumps, a Rheodyne 5041 injection valve, a Helhna 178.713 QS

(10 mm optical path) flow cell and OMNIFIT tubing.

3.2 Reagents

Standard solutions of Carbofurane, Propoxur, Carbaryl and Isoprocarb (from

Riedel-deHaën) were prepared by dilution of stock solutions with Millipore water.

Aqueous solutions of 0.2% NaNO2, 2M NaOH and 0.2% sulfanilic acid in 30% of

acetic acid were used. Millipore water was used as carrier.

3.3 Manifold

The FIA system is shown in Fig. 1, according to the optimal parameters described

in reference 15. The time for measuring the spectrum at the FIA peak maximum was

found to be 85 seconds. The spectrum of a blank sample was recorded and

substracted from each sample spectrum.

3.4 Procedure for determining the pesticides

The sample was inserted into the carrier merging with a basic stream to favor

hydrolysis of the analytes along reactor Rl. Solutions of NaNOz and sulfanilic acid

T=60°C

CARRIER

NaOH

NaNOj

Sulphanilic
acid

Waste

Fig. 1. FIA manifold used for on-line determination of carbamate
compounds based on hydrolysis of the analytes and dye formation, (q =
peristaltic pump, R = reactor, DAS = diode array spectrophotometer).
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4 Wavelength selection in multivariate calibration models

were also merged to facilitate formation of diazotized sulfanilic acid along reactor

R2. The subsequent confluence of Rl and R2 resulted in the formation of the

corresponding dyes along R3. Hydrolysis and derivative reactions were boasted by

immersing the reactors in a thermostated bath at 60°C. The colour appears

instantaneously and, in the flow conditions used [15], the reaction is developed

enough for the signal recorded in the detection cell to be perfectly quantifiable.

3.5 Software

All calculations were made using Matlab home-made subroutines.

3.6 Samples

Data were collected to enable the model built from the pure component spectra

and the spectra of the mixtures to be compared. Spectra were recorded between 340-

650 nm every 2 nm and grouped into the following calibration and validation sets:

• Calibration set 1 consisted of 5 replicates of the pure pesticide spectra at a

concentration of 10 ppm of each pesticide. The value of 10 ppm was chosen in

order to obtain high sensitivity.

• Calibration set 2 consisted of 4 replicates of mixtures designed according to a

Hadamard matrix of 4 variables and 8 samples between 2 and 8 ppm

• Validation set 1 consisted of 3 replicates of 9 mixtures of the spiked four pesticides

in tap water between 2 and 8 ppm. The mixtures correspond to a 3 level Hoke

design Dl plus a point in the centre. This design was selected because it covered

the experimental domain with 3 levels of concentrations and required a small

number of samples. The mixtures that had already used in the Hadamard matrix

were not considered here.

• Validation set 2 consisted of the spectrum of 6 real samples from ground and river

waters spiked with 5 ppm of each pesticide.

The designed mixtures (ppm of each pesticide) are shown in Table 1.
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Table 1. Experimental designs. A) Calibration set I Each sample was prepared
5 times. B) Calibration set 2. Hadamard design. Each sample was prepared 4
times. C) Validation set according to the Hoke design Dl plus a point in the
centre. Each sample was prepared 3 times. Concentrations of each pesticide in
ppm. (RYL = Carbaryl, CBF = Carbofurane, PPX = Propoxur, IPC =
Isoprocarb).

Sample

Number

1
2
3
4
5
6
7
8
9

(A) Calibration set 1

RYL

10
0
0
0

CBF

0
10
0
0

PPX

0
0

10
0

IPC

0
0
0

10

(B) Calibration set 2

RYL

8
8
8
2
8
2
2
2

CBF

8
8
2
8
2
2
8
2

PPX

8
2
8
2
2
8
8
2

IPC

2
8
2
2
8
8
8
2

(C) Validation set 1

RYL

8
5
5
5
8
8
2
2
5

CBF

5
8
5
5
2
8
8
8
5

PPX

5
5
8
5
8
2
8
2
5

IPC

5
5
5
8
8
2
2
8
5 ;

4. Results and discussion

Two models were built with calibration set 1 (pure component samples) and

calibration set 2 (mixture samples) according to eq 5. Fig. 2 shows the pure

component spectra for each pesticide at 10 ppm evaluated from the two calibration

sets. The considerable difference for the spectra of carbaryl (RYL) at low wavelengths

estimated from both calibration sets may be because of interactions between the

analytes, which cannot be detected from the pure analyte samples, and kinetical

effects. The same can be said of propoxur (PPX). Because several analytes are present

in real samples, calibration from the samples of mixtures using the Hadamard matrix

is expected to give estimates of S with less uncertainty than the ones estimated from

the pure component samples.

Table 2 shows the selectivity and sensitivity values associated to the matrix S

(calculated from eq 5) for the calibration sets. As it is expected from the Fig. 2,

Carbaryl is the component with highest selectivity and sensitivity while Carbofurane,

Propoxur and Isoprocarb have lower values due to their similar spectra (collinearity).
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350 400 450 500 550

Wavelength (nm)

600 650

Fig. 2. UV absorption spectra of the four pesticides: (a) Carbaryl, (b)
Carbofurane, (c) Propoxur and (d) Isoprocarb, measured from solutions of
10 ppm of the pure pesticides (solid line) and calculated from the
calibration mixtures (dashed line).

Table 2. Individual values of sensitivity , SENt, and selectivity , SELjt, for
the pesticides in calibration sets 1 and 2 and accuracy values (RMSEP) for
validation set 1. (RYL = Carbaryl, CBF = Carbofurane, PPX = Propoxur, IPC
= Isoprocarb).

Calibration set 1

RYL
CBF
PPX
IPC

SEN*
0.122
0.011
0.015
0.014

SEU
0.764
0.117
0.144
0.137

Validation
Setl

RMSEP
0.38
2.29
0.74
2.08

Calibration set 2

SENk

0.135
0.010
0.014
0.015

SEU
0.797
0.111
0.142
0.138

Validation
Setl

RMSEP
0.41
0.46
0.32
0.82
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Collinearity can also be assessed from the variance-decomposition proportions [27]

given in Table 3, where each column decomposes the variance of each pesticide as a

function of the eigenvalues of the STS matrix. 90.4% (0.202 + 0.702) of the variance of

RYL (first and second rows of Table 3) is associated to the first and second largest

eigenvalues and has no important collinearity with the other pesticides since in these

rows the contributions from the other pesticides are practically zero. This agrees with

the selectivity observed in the RYL spectra with respect to the other pesticides. The

fourth row in the table shows that the smallest eigenvalue considerably contributes to

the variance of CBF (99.8%), PPX (38.1%) and IPC (40.1%). These large variance

proportions associated to this small eigenvalue are due to the collinearity between the

three pesticides. Similarly, the third row indicates that a considerable part of the PPX

and IPC variance (61.6% and 59.4% respectively) is only due to collinearity between

them.

According to the sensitivity and selectivity values as well as the variance-

decomposition proportions, the estimated concentrations for RYL should be more

accurate than the estimations for CBF, PPX and IPC.

Table 2 shows the RMSEP values for validation set 1. RMSEP values are

considerably smaller for the models based on mixtures than for the models evaluated

from pure components (except for a slight increase in the prediction error of RYL that

cannot be considered significant). This can be explained by the effect of the

Hadamard matrix on the calibration step and the effect of interactions that cannot be

taken into account when calibrating with pure pesticide samples. The prediction

results from calibration set 1 are in agreement with the pesticides' sensitivity and

selectivity values, since the lowest prediction error corresponds to RYL, which has the

Table 3. Variance-decomposition proportions evaluated from the
calibration matrix (RYL = Carbaryl, CBF = Carbofurane, PPX = Propoxur, IPC
= Isoprocarb)

eigenvalue

0.0446

0.0131

0.0002

0.0001

RYL
0.2020

0.7024

0.0659

0.0297

CBF

0.0003

0.0010

0.0006

0.9981

PPX
0.0007

0.0023

0.6163

0.3807

IPC

0.0009

0.0035

0.5941

0.4014
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largest SEN and SEL values. The large prediction errors of CBF and IPC may

therefore be associated to spectral collinearity. Although this is true for calibration set

1, the results from calibration set 2 cannot be explained so straightforwardly from

their sensitivity and selectivity values, suggesting that these measures alone do not

explain the final prediction error. This has already been noticed in previous works

[28]. Nevertheless, due to its better prediction ability, the calibration model made

with the mixtures was used to calculate the figures of merit in the following sections.

Table 4 shows the values of the different parameters of the straight unes obtained

by regressing the actual concentrations on the predicted ones for each of the

pesticides taking into account uncertainties in both axes. The individual variance

values calculated for the true concentrations are considered constant at 10-3 ppm

while the mean values of the variances for the predicted concentrations, calculated

from the multivariate calibration model using eq. (3), were 10'3 (RYL), 2xl04 (CBF),

10-1 (PPX) and 104 (IPC) respectively.

The joint confidence interval test of the slope and the intercept, taking into account

errors in both axes, proved that the methodology is free from bias for the four

pesticides, at a 90%, 97.5%, 90% and 99.99% level of significance for RYL, CBF, PPX

and IPC respectively. Fig. 3 shows the confidence ellipse for the pesticide Carbaryl,

where the center corresponds to the coordinates intercept = 0.24 and slope = 0.95 (see

Table 4). It can be seen that the theoretical point (0,1) is within the joint confidence

interval of the ellipse for a = 0.10

Table 4. Values of intercepts, slopes, corresponding standard déviations
and correlation coefficients for the regression lines of true concentrations
versus predicted concentrations for each pesticide. (RYL = Carbaryl, CBF =
Carbofurane, PPX = Propoxur, IPC = Isoprocarb

RYL
CBF

PPX

IPC

Slope

0.95
1.02

1.00

0.95

s.d. slope

0.03

0.04

0.02

0.05

Intercept

0.24
-0.31

-0.05

0.59

s.d. Intercept

0.18
0.23

0.12

0.26

r

0.9847

0.9849

0.9921

0.8600
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Slope
1.10

1.0 c

0.8

0.4

0.2

0.2 0.4 0.6

Intercept

0.4 0.6 0.8

MDL (ppm)

Fig. 3. Confidence ellipse for the slope and Fig, 4. Characteristic curve of determination
the intercept of the straight Une obtained of the pesticide isoprocarb (IPC) at different
regressing Cun on Cknown taking into account probabilities of type I error, a: (a) 0.10, (b)
the uncertainties in both axes for the 0.05, (c) 0.025 and (d) 0.01.
pesticide Carbaryl,

The limits of determination, MDL, for each pesticide were computed according to

Eq (9). The term a2 was obtained experimentally using validation set 2 by calculating

the variance of the spectra of the 10 replicates and selecting the maximum in order to

estimate the error in the response vector. Table 5 shows the MDL's calculated with

different a and P probabilities of error. It can be observed that the MDL values are

highly correlated with the selectivity values so that for a given value of a and p,

Carbaryl has the lowest determination limits and Carbofurane has the highest values.

Table 5. Limits of determination (ppm) of the 4 pesticides computed according to Eq (8) for
different a and b probabilities of error. (RYL = Carbaryl, CBF = Carbofurane, PPX = Propoxur,
IPC = Isoprocarb).

a = 0.05

P = 0.05

RYL

CBF

PPX

IPC

0.08

1.04

0.75

0.71

p = o.io
0.07

0.92

0.67

0.63

p = 0.20

0.06

0.78

0.56

0.53

P = 0.50

0.04

0.52

0.37

0.35

P = 0.05

0.07

0.91

0.66

0.62

p = o.io
0.06

0.80

0.58

0.54

P = 0.20

0.05

0.66

0.47

0.45

p = 0.50

0.03

0.40

0.29

0.27

a = 0.10
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4 Wavelength selection in multivariate calibration models

Fig. 4 shows, as an example, the characteristic curve of determination for

Isoprocarb, i.e. the representation of MDL as a function of the p probability of error at

different probabilities of a type I error. It can be observed that for a given probability,

the MDL increases when a probabilities decrease. On the other hand, given a fixed

probability of type I error, a, low MDL can only be obtained by increasing the p

probabilities of error.

4.1 Validation with real data

The method has also been validated using real river and ground water samples

spiked with 5 ppm of each pesticide. The mean concentrations found for three

replicated measurements per sample and the percentages of resulting recoveries are

shown in Table 6. It can be observed that the RMSEP values calculated according to

eq. (8) are correlated with the values obtained from validation set 1 (Table 2).

Propoxur gives rise to the most accurate results while Isoprocarb can be determined

with a certain degree of inaccuracy.

Table 6. Mean value of the concentrations found from 3 replicates and
percentage of recovery (% R) for the six river samples and ground water
spiked with 5 ppm of each pesticide (validation set 2). (RYL = Carbaryl, CBF
= Carbofurane, PPX = Propoxur, IPC = Isoprocarb )

Fl - river
F2 - river
VE - river

Jl - ground
J2 - ground
J3 - ground

RMSEP
(global)

[RYL]

5.19

5.12

5.46

5.70

5.44

5.57

0.49

%R

103.8

102.3

109.1

114.0

108.9

111.4

[CBF]

4.65

4.70

4.47

3.93

4.45

4.52

0.61

%R

92.9

93.8

89.4

78.6

89.0

90.4

[PPX]

4.95

5.04

5.16

5.04

4.97
5.09

0.13

%R

99.0

100.8

103.3

100.8

99.5

101.9

[IPC]

6.05

6.31

6.47

6.81

6.14

6.59

1.43

%R

120.9

126.1

129.3

136.2

122.7
131.8
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5. Conclusions

Multivariate analysis is gaining importance nowadays and methods using this

technique should be validated accordingly. In the present paper, important

performance characteristics such as accuracy, trueness and determination limits are

reported for a FIA method using classical least squares regression. The calculation

and interaction of these figures of merit with other performance measurements of the

calibration model such as selectivity, sensitivity and the variance-decomposition

proportions are shown. The main problem found was collinearity. The specific

methodology proposed to determine pesticides in water requires a preconcentration

step to reach the concentration level necessary for spectrophotometric determination

of real samples within the legal limits. By accepting a global error of approximately

10%, and considering that 60% of the error corresponds to the previous steps of the

analysis and 40% to the instrumental determination itself, the statistical tests

performed indicated that only 3 of the four pesticides could be determined with

acceptable accuracy.
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4.7 Detection and correction of biased results.,.

4.7 Detection and correction of biased results
of individual analytes in multicomponent
spectroscopic analysis

(submitted)

Joan Ferré, F.Xavier Rius

Departament de Química Analítica. Universitat Rovira i Virgili.

PI. Imperial Tarraco, 1, 43005-Tarragona. SPAIN

Simultaneous spectroscopic multicomponent analysis based on Beer's law

requires the test sample to follow the hard model, independently of whether this

model is built with the full spectrum or only with a few sensors selected according

to an optimality criterion. We have developed a graphical method based on the net

analytical signal concept to detect bias in the predicted results of individual

analytes in test samples. When an interfèrent, or other causes which produce bias,

are detected, a moving window approach is used to select the subset of sensors

that minimize the bias of the predicted results. The method has been validated

with UV-Vis spectra of binary clorophenol mixtures and of mixtures of four

pesticides in water analysed with a FIA system with diode array detection.
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1. Introduction

Multicomponent analysis (MCA) applied to spectroscopic data is a multivariate

calibration method based on Beer's law that enables all the components in mixtures of

a well defined qualitative composition to be determined. Most statistical properties of

this technique are well known although very recent research has provided some

figures of merit such as the detection limit1. The selection of the best sensors for

quantification has been the subject of much recent interest. Criteria based on the

condition number2 of STS, f means 'transposed' and S is the calibration matrix), the

determinant2 of STS, the trace2"4 of (S1 )̂-1, the accuracy5 and selectivity5 among others
6-7 have been optimised with different methods that include genetic algorithms5 and

simulated annealing8. Recently, Xu et al.9 showed that the sensors that give more

noise than signal may spoil the prediction results and they developed a new criterion

for wavelength selection.

Several limitations make MCA less popular than the factor-based calibration

methods such as principal component regression (PCR) or partial least squares (PLS).

MCA is generally more susceptible to noise, baseline effects and spurious peaks.

Moreover, all the analytes in the test sample that absorb in the spectral region of

interest must be included in the model to prevent biased predictions. This

combination of constraints means that MCA is not suitable for analysing natural

samples, but it can be used with synthetic samples (e.g. pharmaceutical samples) and

in some process monitoring where the analytes that make up the samples are known

(e.g. gas phase spectroscopy).

The presence of non-modelled chemical components in a test sample is a major

problem in these models since they may lead to biased predictions of the

concentrations. This may happen even when the model is bunt, not with the full

spectrum, but with only a few sensors which have been selected as optimal by the

above mentioned criteria. These criteria have been shown to improve the precision

and accuracy of the multicomponent analysis models. Their main drawback is that

most of them are based on the calibration matrix, and they do not guarantee that a

new test sample will be free of any unexpected interfèrent or baseline shift. The

prediction error, often used in the calibration and/or validation steps to check the

adequacy of selected sensors, cannot be used to check the presence of interferents in
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4.7 Detection and correction of biased results...

the test sample since the true value of the concentration is unknown. Moreover, the

comparison of the measured spectrum and the one reproduced with the predicted

concentrations and the calibration matrix does not indicate the degree to which the

concentration of a particular analyte is affected since the predicted concentration of

all the analytes is used to reconstruct the spectrum. An interfèrent may affect the

predicted concentration of each analyte differently depending on the degree of

spectral overlap.

As the presence of interferents must be checked before the prediction is made, the

idea here is to take advantage of the multivariate signal to detect how appropriate the

test sample is for the model. The purpose of this paper is twofold. First, it presents a

graphical criterion to detect bias in MCA for any individual analyte in test samples.

The criterion is based on the plot, for the analyte of interest, of the net analyte signal

in the test sample versus the net analyte signal of the pure analyte spectrum. This

plot shows if the concentration of the analyte in the test sample can be predicted

with any guarantee or whether interferents are present. The main importance of this

graph is that it represents the multivariate signal in a two-dimensional plot, thus

making it easier to interpret the calibration and prediction process. In the second

place, a wavelength selection procedure is devised to eliminate the effect of the

interfering species when they do not absorb in the full recorded spectrum. If the

interferents absorb in the full spectrum, this selection procedure can minimise the

bias in the predicted concentration.

2. Theory

2.1 Theoretical Background

Conventional notation has been used: matrices are represented by bold capital letters,

column vectors by bold lower-case letters and scalars by cursive characters. The

superscripts T and + indicate transposition and the pseudoinverse respectively. || • ||

stands for the Euclidean norm. A 'hat' (/A/), that should be present in the

'calculated' matrices, has been dropped from the symbols to simplify the notation;

if the magnitude is measured or calculated can be deduced from the context.
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4 Wavelength selection in multivariate calibration models

Spectroscopic multicomponent analysis based on the linear additive model from

Beer's law is given in eq 1:

r = S Ctrue+e (1)
where r is the Jxl vector of measured responses at / wavelengths for the test sample,

S=[si,.., Sk ... SK] is a JxK matrix whose columns Sk are the Jxl vectors of each analyte's

sensitivities (responses divided by the concentration of the analyte in a pure sample),

ctrue are the concentrations of the K analyte in the test sample and the vector e is the

contribution to the measured response not modelled in S such as measurement error,

the absorbance of interfering constituents or baseline shift. The true (but unknown)

response of the test sample is rtrue= S clrue and spans the column space of S since it is

a linear combination of the columns of S. This is no longer true for r because e can be

any vector in the /-dimensional space of the sensors. The least-squares estimation of

Ctrue is given by eq 2:

c=S + r (2)

where S+ is often calculated as (STS)-1ST. To predict the concentration of the feth

analyte only the kth row of S+ is needed and is given by:

ft = S+Wh-row r (3)

2.2. Prediction using the net analyte signal

The net analyte signal1041 of the 7cth analyte is the part of the signal that is orthogonal

to the subspace spanned by the spectra of all the analytes except the /cth. The net

analyte signal of the spectrum of the pure feth analyte, of the fcth analyte in the test

sample and of the vector of errors can be calculated with eq 4 to 6 respectively:

s/t*= (I-S*S*+)sit

rt*= (I-S*S*+)r

ek*=(l-SkSk+)e

(4)

(5)

(6)
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4.7 Detection and correction of biased results.,.

where S/t is the matrix S without the kth column. Since Sk* (or r^*) is a vector of

residuals of the regression of Sk on Sk (or r), the value of each element of sit* (sjy*)(or

fly*) associated to the j'th sensor depends on the number of sensors considered in the

model and their absorbance. The vector e¡<* cannot be calculated because e is

unknown, but it is important below for understanding how the error is propagated to

the predicted concentration.

In the prediction step, s&* is different for each analyte but the same for all the test

samples and r/<* is different for each analyte and test sample. The relationship

between the concentration of the fcth analyte in the test sample and the calculated

rjt* and 8k* can be derived by inserting eq 1 into eq 5:

(7)

where r^tme*/ the net analyte signal of the test sample without errors, is proportional

to the vector s&*, as shown in eq 8:

r/t,true*= (I-S*S*+)SCtrue= +)[Sl,...Sfc ...SK]ctrue= [0,0,..., 3**..., 0]Ctrue= Sjt* Cfctrue (8)

where 0 is a vector of zeros corresponding to the net analyte signal of the spectrum of

each analyte except the fcth in the subspace spanned by the spectra of these analytes.

When errors are not present, ejt*= 0 and eq 8 enables the concentration of the 7cth

analyte to be calculated either from the net analyte signal of any sensor ; or from the

norm of the net analyte signals:

Ct,true= (9)

Thus, the expression c*= || n* \\ / \\ Sk* || , as used by Xu et al.9, is only true for error-

free samples (with e**=0). When spectral error is present, the net signal associated to

the ;'th sensor is:

nf= Ck,true Sk,j*+ etc,]* (10)

Due to eic*, each sensor would predict a different concentration value:

Ck,] = n,f/ Skf = (n,trne,j *+ ek,f )/. Sty* = ffctrue,/ */Skf + Ckf/Sk,]* = Cfctme,/ + afalse,/ (11)
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4 Wavelength selection in multivariate calibration models

The sensors with small s/y* (e.g s/t/ » 0 in zones where the analyte does not

absorb or the net analyte signal changes from positive to negative values) may have

large prediction errors if e/y* is large since ity/true* is also small. In the multivariate

model, the concentration is calculated, not from only one sensor, but from all the

sensors selected. Since r** no longer lies on the subspace spanned by s/t* , the least-

squares estimation of c/t,true using all the sensors can be used:

ft = || rk* \\ / \\ sk* \\ (12)

where the cosine of the angle between two vectors cosoc=r/t*Ts,t*/ |s/t*|| ||r/t*|| has been

used. Thus, the predicted concentration corresponds to how many times the norm of

Sk* is in the norm of the projection of r/t* along the s/t* direction, ft can be divided into

two parts: one for the true signal and the other for the error (see eq 13):

ft 6**) = || r/t,true* || / || 8** || ± || e/t,proj* ± ftfalse (13)

where e/t,proj* is the projection of e/t* along the direction of s/t*. Eq 13 shows that the

larger || s/t* || is, the smaller the prediction error for a given concentration. Moreover, a

large || e/t* || does not necessarily imply large prediction error because, in the least-

squares formulation, only the norm of its projection is used in prediction. This is

different from the concentration evaluated using the net analyte signal of only one

sensor (given in eq (11) ), where the error in the concentration depends directly on

the net analyte signal of the error. In the concentration evaluated with the least-

squares method, only the projection of the net analyte signal of the error influences

the prediction. The residuals of the regression of r/t* vs. s/t* are given by:

s= r/t* - S)t*ft (14)

and can be used as a measure to test whether the test sample is appropriate for the

model. The relationship between s/t, r, s/t*,r/t*, r/t,true*, e, es-*, e/t/pi0j* and e/t,res is shown in

Figure 1 for a simplified system of three sensors and two analytes with SA=[0.51 0]T,

sB=[l 0 0] T, e=[0.4 0.5 0.3]T, €^=[1.5 2.5]. Notice the importance of || e/t,proj* || relative

to ||sjt*|| in the prediction error, since the predicted concentration is given by
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4.7 Detection and correction of biased results...

0.3-,

sensor 1
sensor 2

4 0

Figure 1. Geometrical representation of Sk , r, sjt*,rj<*, r/c,trUe*, e, eje*, e^proj* and
efcres for three sensors and two analytes A and B with SA=[0.5 1 0]T,
sB=[l 0 0]T, e=[0.4 0.5 0.3] T, ctrue=[1.5 2.5] (see text for details).

According to eq 13, the quality of the predictions improves when sensors with a

small signal but with large error (thus large e/y*/s/y) are not used. Moreover, using

one sensor instead of another in a set of selected sensors (as done in the wavelength

selection procedures) changes the direction of sjt* (e.g. from lying on the plane [1 0 0]

to [0 1 0] in the case above). If, with the new sensor, ||sjt*|| increases and the

associated error decreases, the prediction error may decrease. Thus, wavelength

selection can improve the prediction ability of the multicomponent analysis model.

2.3. The Net Analyte Signal Regression Plot (NASRP) for bias detection in

test samples

A plot is presented to assess the degree to which the test sample follows the

postulated model and if only random error is present. The plot of fly* vs. s/y* (from

now on called 'Net Analyte Signal Regression Plof, NASRP) should fit a straight une
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4 Wavelength selection in multivariate calibration models

through the origin with random residuals and slope Ck given by eq 12. Large and

correlated residuals in this plot reveal discrepancies between the measured

spectrum (and thus in r/t* ) and the model and, possibly, bias in the estimated

concentration. The discrepancies may be due to non-modelled effects such as

interferents or baseline shift. Only an interfèrent with the same spectrum as the

analyte considered would not be detected (but in such cases, neither continuum

regression nor particular cases such as PCR or PLS would produce correct

estimations). The plot is shown in the experimental section.

2.4. Methodology for wavelength selection

When an interfèrent is detected using the NASRP, the prediction ability of the

model can be improved if the sensors with the largest error are not used, according

to eq 13. Although the sensors that best fit the straight line represented by eq 12 could

be selected intuitively and those sensors where the interfèrent absorbs could be left-

out, selecting sensors using the plot indicated above is misleading. The reason is that

the sensors with the largest residuals do not necessarily correspond to those with a

systematic error. 'Appropriate' sensors can have large residuals if the sensors where

the interfèrent absorbs have a great effect on the calculation of r& *. For this reason,

the usual tests for outlier detection12-13 in straight line models based on the size of the

residuals are not suitable here. In addition, most of these tests consider the model,

built with and without the point studied but maintaining the original values of the

regressor variables of the other points; this is not appropriate here because nf and

sitj* may change when a sensor is deleted so would they always have to be calculated

again. In addition, most tests are suitable for detecting only one outlier. Here multiple

outíiers may be present and if they are to be detected several models must be built,

each of which omits a different number of possible outliers. All these difficulties may

be overcome with a moving-window strategy with different widths and positions of

the starting sensor of the window. The representation of the criterion described

below versus the window width and the first selected sensor will give rise to a

surface where the best sensors will be located at the minima. If the interfèrent only

absorbs in one region of the spectrum of the analyte of interest, the bias can be

completely eliminated. On the other hand, if the interfèrent absorbs in the whole

spectrum, the bias in the predicted concentration can only be partially reduced.
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4.7 Détection and correction of biased results.

2,4.1 Criterion for wavelength selection

, For each window, the criterion for wavelength selection is evaluated. This criteria

should not only measure the quality of fit of the data in the NASRP (or simply the

correlation) but also take into account the norm of the net analyte signal || sjt* || and

the error. The reason is that the relative prediction error, derived from eq 13:

(15)

shows that the error in r propagates to the concentration depending on the norm of

the net analyte signal || s** || and the analyte concentration. Steep or shallow slopes

will have different effect since the error is relative to ||r¡c,true*|. The error is not

necessarily minimised when the sensors with maximum |sjt*|| or minimum

||e/(,proj*|| are selected. A set of sensors with small ||s/t*|| can predict correctly if

¡ e/c,proj* || is small enough. The sensors with rninimum || ej<,proj* || / || sj<* || should be used

to reduce the prediction error. Since ||et,pIOj*|| cannot be calculated, some sort of

estimate of noise/ signal must be minimised. The criterion for wavelength selection is

deduced here from the Error Indicator (El) used by Xu et al.9:

EI=var V (16)

where the variance of the error in the norm of the net analyte signal is

v a r ( r k * ~ (17)

with the standard deviation calculated as s=(rT(I-SS+)r//-K)1/:!. Since r/c,tnie * cannot be

known, Xu et al. proposed to replace it with r/<*, which leads to the eq 18:

EI=[ s2(l+/2s2/4||rt*||2) (18)

Among other things, Xu et al,9 assumed that the error in the net analyte signal can

be approximated by the errors in r and that the errors in all the sensors are normally

distributed with the same standard deviation. This standard deviation takes into

account all the analytes because r is used. In our methodology, which only considers

one analyte, we suggest evaluating s as the standard deviation of the straight line in

the NASRP, as given in eq 19, which measures the quality of fit. This is particular for
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4 Wavelength selection in multivariate calibration models

the analyte of interest and it is related to the uncertainty in the slope (and thus in the

predicted concentration):

Sk= (ek,resTek,res /' J-1)V (19)

The fact that statistic Sk, given in eq 19, is from a sample that contains an interfèrent

may violate the assumptions of 'same standard deviation' for all the sensors.

However, it has proved to be useful because it amplifies the spectral error.

2,4.2 Procedure for bias correction

Thus, the methodology proposed for correcting bias by selecting wavelengths first

considers the NASRP of the fcth analyte in the test sample. If the points for the range

of wavelengths considered to measure r do not approximately fit a straight line with

random residuals, the moving-window strategy is used to select the subset of sensors

that optimise the selection criterion. Finally, the NASRP and occasionally the plot of

the residuals vs. sensor number derived from the NASRP for the selected sensors are

considered again to decide if the residuals are acceptable and if the prediction can be

made.

3. Experimental section

Measured and simulated data were used to assess the validity of the proposed

approach. The first data set consists of UV-visible spectra of mixtures of 2-

chlorophenol (2-CP) and 2,4-dichlorophenol (2,4-DCP) in water recorded every 2 run

between 226 and 346 nm (61 sensors) in the conditions described in Ferré and Rius15.

Three samples were used for calibration and nine for validation. Here, as an example,

only three of the validation mixtures were used. Two simulated spectra of

interferents were added to the spectrum of one of the validation mixtures. The two

interferents were simulated as Gaussian peaks with a standard deviation of 10, and

maximums at sensor numbers 10 and 50, respectively. In addition, each interfèrent
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4.7 Detection and correction of biased results.,.

peak was multiplied by 0.1 and 0.9 respectively to simulate a small absorbance for the

first interfèrent and a large absorbance for the second one. The second data set

consists of UV-visible spectra of mixtures of the pesticides Carbaryl (RYL),

Carbofuran (CBF), Propoxur (PPX) and Isoprocarb (IPC) in water analysed with a

FIA system and recorded between 340 and 650 nm every 2 nm (156 sensors) as

described in Ferré et al.16.

3.1 Computer programs

All computations were performed with home-made Matiab14 subroutines.

4. Results and discussion

4.1.The chlorophenol system

Figure 2a shows the spectra of the two pure chlorophenols at concentration 104 M

and the net analyte signal of 2-CP (s2-cp*) calculated using all the sensors, sensors 1 to

12 and sensors 1 to 9, respectively. It can be seen how the value of the net analyte

signal in each sensor (sz-cpf) depends on the number of sensors used to bund the

model, as has been mentioned in the theoretical section. Figure 2b shows three

mixtures of the two chlorophenols with concentrations O M (2-CP) and 3.1·10-5M (2,4-

DCP), 3.9-10-5M (2-CP) and 3.1·10-5M (2,4-DCP) and 5.8-10-5M (2-CP) and 4.640-5M

(2,4-DCP) respectively. Figure 2c shows the r2-cp * versus wavelength for both the 2-

CP in these mixtures, and the pure analyte (dashed line). In each sensor, ri-cp * is a

multiple (the concentration) of SZ-CP*. This can be readily seen in the NASRP for 2-CP

(Figure 2d). The slope of each regression Une that fits the points is the concentration

predicted by the model. Since the least-squares method is used, the spectral error

contained in each sensor is averaged in the final calculation. In this case, it also

seems that all the sensors are not needed to estimate the Hne, particularly the ones

near st*=0. However, the larger the number of sensors with s/cVO and low spectral

error, the higher the precision of the estimated slope Ck, of the straight Hne.
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4 Wavelength selection in multivariate calibration models
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Figure 2. (a) Spectra of two chlorophenols and the net analyte signal for 2-CP (sa-cp*) obtained
for all the sensors and for two different subsets of sensors ( ), 12 sensors (-.-) and 9 sensors
(•••). (b) Three mixtures with a different concentration of chlorophenols at O M (2-CP) and
3.1-10-5M (2,4-DCP) (bottom) , 3.9-10-5M (2-CP) and 3.1-10-5M (2,4-DCP) (middle) and 5.8-10-
5M (2-CP) and 4.6-10-5M (2,4-DCP) (top) (c) r2-cP* for the 2-CP and s2-cp* (dashed line) for the
mixtures in Figure 2b. (d) NASRP for 2-CP of the three mixtures.

In order to evaluate the usefulness of the proposed methodology and the

wavelength selection procedure, simulated spectra of interferents were added to the

spectra of the two-component system of 2-CP and 2,4-DCP. Figure 3a shows the

spectrum of the mixture 3.9-10-5M (2-CP) and 3.1-10-5M (2,4-DCP) used in Figure 2b.

Fig 3b and Fig 3c show the spectra of this sample plus a simulated interfèrent. For

comparison, the original spectra is also shown (dashed une). Figures 3d to 3f show

the NASRPs for 2-CP which correspond to these spectra. The non-random large

residuals in Figures 3e and 3f denote the presence of the spectral overlapping

interfèrent. In order to find which sensors provide the lowest analytical errors, the

moving-window strategy was used. For each window studied, the Error Indicator

was plotted as the third dimension on a grid as a function of the width and the

location of the first sensor of the spectral window. Figure 4a to 4c show the values
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Figure 3a-3i. Two different simulated interferents added to a mixture of concentration 3.9'1O5

M (2-CP) and 3.1·10-5M (2,4-DCP). (a) no interfèrent, (b) interfèrent centred on sensor number

10, (c) interfèrent centred on sensor number 50. Figures 3d-3f, NASRP of the mixtures with

simulated interferents corresponding to Figures 3a-3c respectively. Figures 3g-3i, NASRP with

the sensors selected according to the wavelength selection criteria corresponding to the spectra

in Figures 3a-3c.

produced by this selection method for the samples in Figures 3a to 3c. As this mixture

was prepared to validate the methodology, the true concentration was known and

the prediction error of the 2-CP was evaluated in each case as the absolute value of C2_

CP - C2_cp,true. Figures 5a to 5c show the prediction error surface on the same axes as

Figures 4a to 4c. In order to better appreciate the lowest values in the surfaces, they

have been truncated at Error Indicator and prediction error values higher than 0.005.

Although there are some differences in the fine structures, the close agreement

between the general features of tJie two surfaces shows that the proposed

methodology can actually correct bias. Figures 4a to 4c enable the optimal window to

be selected. The lowest values of the Error Indicator (the 'less dark' windows) clearly

identify the windows with the smallest systematic errors.
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4 Wavelength selection in multivariate calibration models

Fig 4a shows that a zone of minima of El can be found for windows which start

between sensor number 31 and 40 and with a width of 3 to 17 sensors. Although the

optimal window should be the one with the lowest Error Indicator value, our

experience has shown that the minimum may sometimes contain too few sensors,

while some windows, with only a slightly larger Error Indicator value, can have more

sensors. As this affects the norm of the net analyte signal, which is related to the

uncertainty of the predicted concentration, in such cases the window with the

absolute minimum of the criteria is not recommended; it is preferable to use a larger

number of sensors. Fig 3g shows the NASRP obtained with sensors 31 to 42. hi this

case, the relative prediction error calculated as 100*((c2_cp - c2_cp,tme)/C2-cp,trae)

obtains a value as low as 0.08% compared to 0.17% for a pure mixture sample

considering all the sensors (Fig 3d). Notice that in this case, despite the fact that the

sample is "considered to be free of systematic error, the criterion indicated windows

where the prediction error was lower than when all the sensors are used

According to this criterion, plotted in figures 4a and 4b, the windows that only

contain the highest wavelengths (on the right-hand of the spectra) should not be used

either, even in the interferent-free mixture. In these wavelengths, the absorbance due

to the analyte and the norm of the net analyte signal ||sjt*|| are very small. This

degrades the analytical results since the uncertainty of the net analyte signal and the

predicted concentration is affected by this norm, and the smaller the norm, the larger

the error in the predicted concentration. In the spectrum of the interferent-free

mixture (Figure 4a), the large values of the criteria in the narrow windows near the

sensors 20 and 30 can be accounted for in a similar way. In these zones, the similarity

between the spectra of the two chlorophenols results in a large collinearity and small

norm of the net analyte signal. Accordingly, these windows have large Error

Indicator values and should not be used since this would result in higher prediction

errors. Observe the large agreement between the Error Indicator and the actual

calculated error in these zones.

Figure 4b shows that the shape of this surface is the same as the shape in Figure 4a

for those spectral windows whose first sensor is larger than 31. For windows with

sensors between 1 and 30 the interfèrent absorbs in the way shown in Figure 3b and

the Error Indicator has a large value which we truncated. We have shown this

truncated zone in black. The windows whose first sensor is between 30 and 45 and
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window width
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Figure 4a-4c. Figure 5a-5c.
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4 Wavelength selection in multivariate calibration models

Figure 4a-4c (previous page, from top to bottom). The selection criteria as a

function of the window width and the origin for the spectra in the Figures 3a-

3c.

Figure 5a-5c (previous page, from top to bottom). The prediction error for all

the windows corresponding to the spectra in the Figures 3a-3c.

with a width between 5 and 30 correspond to the zone with the lowest values of the

Error Indicator. These are the windows in which the interfèrent does not absorb and

they can all be used for prediction. As in Figure 4a, the windows at the highest

wavelengths are not selected due to the small norm of the net analyte signal. Fig 3h

shows the NASRP obtained with sensors 34 to 54. The relative prediction error was

lower, 0.57%, compared to the 0.73% obtained for a mixture sample when all the

sensors were considered (Fig 3e).

Figure 4c corresponds to the presence of an interfèrent with a large absorbance in

sensors 25 to 61. The criterion indicates that the windows which are most useful for

regression are the ones between sensors 2 and 10 with a window width of 3 to 35, in

which the interfèrent does not absorb. Fig 3i shows the NASRP obtained with sensors

4 to 24. Here, the relative prediction error was lower, 0.59% in contrast to the -105%

obtained for a mixture sample when all the sensors were considered (Fig 3f). Clearly,

the presence of an interfèrent with a large absorption (fig 3c) does not prevent a

prediction error from being obtained that is similar to the one in figure 3h.

4.2. Application to a multicomponent system of pesticides

The methodology developed was applied to the four-component system of

pesticides determined with a FIA system as described in the experimental section.

Due to the similar spectra of three of the pesticides (Figure 6) this can be considered

as an example of ill-conditioning. The columns of S are highly collinear, which

produces small values of sjy* for the three least selective pesticides as can be seen in

the plot of their net analyte signal in Figure 7. On the other hand Carbaryl has a

high NAS value due to its well resolved peak and should not be difficult to
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350 400 450 500 550

Wavelength (nm)

Figure 6. The spectra of four pesticides at

unit concentration.

1 350 400 450 500 550 600 650
Wavelength (nm)

Figure 7. Net analyte signal of the four

pesticides RYL, PPX, CBF and IPC.

quantify. To show the capacity of the proposed methodology to detect biased

results in the validation step, a validation sample was deliberately prepared with a

Carbaryl concentration which was lower than the nominal one. Only 7ppm was

added instead of the 8ppm that should be in the validation sample according to the

validation set designed in Réf. 16. The predicted concentration in this sample was

7.15 ppm, which was a prediction error of about 10% considering 8ppm as the

reference value for this sample. Had this sample been included in a test set to

validate the model it would have been difficult to explain the large prediction error

for RYL since, because of its high selectivity, there should be no quantification

problems. One possible explanation could be that this prediction error is due to the

presence of an interfèrent. Figure 8 shows the NASRP of Carbaryl for this test

mixture. The fact that the NASRP is quite a straight line suggests that no

interferents are present and that the sample could have been wrongly prepared,

with a true concentration that was smaller than the one assigned.

Finally, Figure 9a shows the NASRP of PPX in a test mixture containing 2ppm

RYL, 8ppm CBF, 2ppm PPX and 8ppm IPC. Notice the large number of sensors

with Sjy* values near zero that correspond approximately to the zone between 420

nm and 650 nm where the net analyte signal is near zero. The sensors with the

largest s/y* are the most influential in the slope (i.e. the predicted concentration)

while the ones with sjy* values near zero do not influence the slope to a great extent,
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4 Wavelength selection in multivariate calibration models

0.15

0.05

-0.05
-0.01 -0.005 0.005 0.01 0.015 0.02

SRYL*

Figure 8. NASRP for Carbaryl in one of the test mixtures of pesticides.

fe

even if they have large residuals. Thus, an interfèrent that absorbs in zones with

relatively small sjy* does not significantly influence the predictions. Although they

are not important for prediction, they can be important to evaluate the NAS when the

model is built.

The trend of the points, a long way from the linearity, shows that there is some

sort of problem in quantifying this sample. In fact, the relative prediction error for

PPX in this sample was 52% of 2 ppm. The window-moving method was used to

attempt to improve the prediction error for the mixture. All the windows between

sensors 5 and 156 were considered, starting at all the possible points. Figure 9b

shows the plot of the Error Indicator. The surface has been truncated for values of

the Error Indicator larger than 0.05. In this way, many of the windows in the plot

had a constant value and there was only one minimum. Only the subset of the plot

with the minimum is shown to better appreciate the lowest values in the figure. In

this ease, the minimum (the 'white' coloured part of the surface) corresponds to the

window whose first sensor is number 3 and whose width is 70, so the optimal

window used to analyse PPX is the one that contains sensors 3 to 72. The final

NASRP is shown in Figure 9c, where a series of well correlated points with a more
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4.7 Detection and correction of biased results.

8x1Ó3 e
O

6

4

2

Vfc 0

-2

-4

-6

-8

error = 52% J

•Ï „,-••'•'?
t t* •

* »"* * * *

i r . 'r : /•
t I •

* t .'• ' y
4 -3 -2 -1 0 1 2 C

o* v ir
°PPX x l^

4

2

S

"" -2

-4

-6

-8

- '

xio3

. error = 0.6% , . • ',?

, ,,;...••'•
fí'^ *

. y

•V"• •
•

/ '

4 - 3 - 2 - 1 o 1 2 3
S*PPX *id3

30 first sensor

Figure 9. (a, top left) NASRP of PPX for a test mixture that had a large prediction error,

(b, bottom left) Error Indicator for PPX, (c, top right) NASRP for PPX with the selected

sensors 3 to 73. (d, bottom right) Error surface for PPX.

random distribution of the residuals can be observed. The regression using these

sensors reduced the prediction error to 0.6 %. As the true concentration of this

sample was available, the error surface was also plotted as a function of the

window width and starting sensor. The agr&anent between this surface and the

one predicted by the Error Indicator canbe observed.
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4 Wavelength selection in multivariate calibration models

Figures 8 and 9a show that the range in the abscissa axis spanned by SPPX* is

smaller than the range for SRYL*. This is due to the high selectivity of the Carbaryl

and-the low selectivity of Propoxur, Although they have a similar absorbance at

unit concentration (Figure 6) the low selectivity of Propoxur gives small values of

the net analyte signal. This could produce a larger uncertainty in the slope (the

predicted concentrations) for Propoxur than for Carbaryl.

5. Conclusions

In this paper a methodology for detecting bias in multicomponent analysis has

been proposed based on the net analyte signal concept and a graphical criterion.

This approach leads to a better understanding of the multivariate calibration.

Applied to the calibration, validation and prediction steps of the multivariate

model, the approach can be used to check the internal coherence of calibration and

test samples (e.g. to check whether the prediction error of a validation sample is

due to an interfèrent or to the sample being prepared wrongly). It also allows the

sensors where interferents absorb to be detected. To minimise bias, a wavelength

selection procedure has been used based on the deletion of these latter sensors.

This solves one of the main limitations of multicomponent analysis which is the

presence of non-modelled interferents in the test samples. One limitation of this

approach is when the interfèrent absorbs throughout the spectrum. Should an

interfèrent be present, a new model can be calculated which includes this new analyte

with the help of spectral libraries of the residual spectra. Moreover, the net analyte

signal regression plot maJkes it possible to use robust regression methods or non-

linear relationships to estimate the concentration. Elements such as spurious peaks,

etc. can also be clearly seen in the NASRP.

The approach offers the additional advantage of selecting the most suitable

sensors to minimize the error for each analyte in every test sample. Unlike other

wavelength selection techniques this is not a process of calibration and validation for

all the analytes together. The computational time could be a drawback for specific

purposes such as control analysis since a large number of calculations are necessary

to predict a test sample.
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4.7 Detection and correction of biased results...

Nowadays, the same approach is being extended to ILS calibration based on the

calculation of the NAS proposed by Lorber et al.17
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5.1 Introduction

5.1 Introduction

The aim of this chapter is to present the conclusions of the work reported in this

thesis and to give some considerations for future work with respect to sample and

sensor selection in multivariate calibration.

The conclusions of the thesis are in §5.2. The general conclusions about the

algorithms and criteria used in the chapters 3 and 4 for selecting calibration

samples and sensors are in §5.2,1. Conclusions concerning specific points of the

chapters 3 and 4 are in §5.2.2 and §5.2.3 respectively. More explicit conclusions can be

found at the end of each section in the chapters 3 and 4. The considerations for future

work are in §5.3.

5.2 Conclusions

5.2.1 General conclusions

Multivariate calibration models, specially the ones based on spectroscopic data,

are increasingly used in chemical analyses. The ability of these models to give precise

and unbiased predictions influence decisively the quality of the analytical result. The

calibration samples and sensors must be carefully selected so that the models can

represent properly the phenomenon under study and assure the quality of the

predictions. These are some general conclusions of the work reported in the chapters

3 and 4 (below, the term points may refer either to calibration samples in ILS, PCR

and MLR or to wavelengths in CLS):

1. Optimality criteria. Optimality criteria derived from the experimental design in

MLR (§2.3.4.2) have been applied for selecting calibration wavelengths in CLS

(§4.2 and 4.3) and the minimum number of calibration samples in MLR and PCR

from the instrumental responses (§3.4) or principal component scores (§3.2 and
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5 Conclusions

§3.5) of a list of candidates. These criteria are an alternative (and/or a

complement) to the experimenter's subjective criterion. The major assumption is

that the error in the régresser variables is negligible in front of the error of the

dependent variable. In such a way, the precision of the model coefficients

depends only on the information in the independent but not on the values of the

dependent variable, hi this way the best points to construct a model can be

determined before measuring the dependent variable. Although this may not be

strictly accomplished (e.g. when the independent variables are absorbances in

ILS or scores in PCR and the dependent variable is concentration determined

with a reference method), the models built with the points selected with the

proposed criteria had smaller variance of the estimated coefficients or

concentrations and better predictive ability than the models bunt with the

samples selected randomly.

2. TJie D- and M- criteria. The D-criterion has been successfully used for selecting

calibration samples in PCR (§3.2, §3.3 and §3.5) and MLR (§3.4), for selecting a.

reduced set of samples to assess the validity of PCR models before

standardization (§3.6) and in the selection of wavelengths in CLS from the matrix

of sensitivities. The optimal nun\l¿r of calibration points is indicated by the M-

criterion which selects, of the D-optimal sets with a different number of points, the

set with the largest information content per point. To our knowledge, these criteria

were used in PCR with spectroscopic data for first time.

3. Other criteria. In addition to the D- and the M- criteria, other criteria also

characterize the performance of a design. The trace of the dispersion matrix, the

maximal variance function, G-efficiency, the variance coefficients (UVIF) and the

variance inflation factors (VIF) were considered for selecting a calibration set

which is not M-optimal (§3.5). The trace of the dispersion matrix, the selectivity,

the condition number, sensitivity and the variance-decomposition proportions can

be interpreted considering their effect on the confidence ellipsoid of the estimated

concentrations in CLS (§4.2 and §4.3).

4. Optimization algorithms. Selecting' an optimal subset of I points from a list of N

candidates by checking all the possible subsets may require a prohibitive time for

the present personal computers if N and I are large. Optimization algorithms are

needed to find the optimal subsets. One of these is the Fedorov's algorithm
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5.2 Conclusions

(explained in §3.2), for the search of D-optimal sets. This algorithm written in

MaUab language and running under Windows 95 on a Hewlett-Packard personal

computer series Vectra with a processor Pentium 120 MHz and 16 Megabytes

RAM found a D-optimal set in less than 5 seconds for any of the data sets

considered in this thesis. However, this time depends on the number of

candidates, the number of points to be selected and, mainly, on the computation

power. Faster personal computers in the next years will enable more complex

problems to be studied in a reasonable time. The Fedorov's algorithm favors the

use of the D-criterion since it is easy to use and program. To our knowledge

specific algorithms do not exist for A- and E-optimality so that these criteria are

not so easily applicable and require general optimization algorithms. The genetic

algorithms (GAs) can be used for any optimality criterion and are able to

generate a list of sub-optimal solutions of a given number of points (§3.5). In this

way, other solutions than the optimal can be selected according to the user's

needs. A drawback of GAs is that the search may continue even when the

optimum has been found. Therefore, Fedorov's algorithm can be faster when the

number of candidates is small. Possibly GA would be more advisable for selecting

many points from a large list of candidates but this was not proved here.

5.2.2 Conclusions of the chapter 3

1. Methodology, A methodology for selecting calibration samples for PCR using only

the instrumental responses of the candidate samples when they are difficult to

prepare according to an established design has been developed. Only the selected

samples are analyzed with the reference or well-established method. This

methodology overcomes the limitations of the other procedures commented in

§3.1.3.

2. Performance. The PCR (§3.2) and MLR (§3.4) models whose calibration samples

were D-optimal had generally a better predictive ability than those whose

calibration samples were randomly selected, or using the Kennard-Stone's

algorithm (§3.4). , ,
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3. Objections to D-optimal designs. An objection usually made to the D-optimal designs

is that the selected samples are optimum for a given model decided beforehand

and, therefore, they can be very unsuitable for other models. In §3.2, the only

assumption made apart from selecting the PCR technique is the number of

initially important factors included in the screening model. The final regression is

evaluated from experimental results.

4. Regression domain. In the experimental designs the limits of the experimental

domain are defined by the maximum and minimum values of the independent

variables. Similarly, these limits were defined in PCR by scaling the scores with

the range-midrange transformation (§3.2). Since the D-criterion selects the most

external samples, the range of variation of the scores is fully covered and ensures

that unknown samples are mainly predicted by interpolation. This is an

advantage over the randomly selected calibration samples that may not span

adequately the experimental domain and future unknown samples may fall

outside the calibration range.

5. Predictive ability of PCR. PCR models with the factors ordered according to their

modeling ability perform better than the usual PCR with the top-down selection

(§3.2 and §3.3). The factors which are not related to the analyte of interest can

increase the prediction error of the PCR model despite being associated with a

large percentage of the variance of the response data matrix.

6. Selection of factors in PCR. Since a CR model with the optimal number of factors

must be postulated before selecting the samples requires, an initial selection of

factors is needed using the minimum number of samples possible. Regressing the

scaled scores against their analyte concentrations enable the factors to be selected

rapidly in order of their modeling ability (§3.2, §3.3). These factors can also be

selected using not all but a reduced number of samples selected with the M-

criterion, which gives the best precision of the coefficients with a minimum

number of samples.

7. The D-criterion in QSAR studies. D-optimal calibration subsets with a different

number of points have been foutid for PCR in QSAR studies (§3.5). This variety

of solutions can be better adapted to the experimenter's needs than selecting the

points by their similarity to a classical experimental design (e.g. a fractional
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factorial design). Unfortunately the expected superior predictive ability of the

models built with the D-optimal subsets over the ones selected according to a

classical design could not be shown since the values of the dependent variables

were not available.

Experimental results. The discussed examples used spectroscopic data. However,

the procedure could be applied to most methods of analysis that use multivariate

detection. The examples confirmed that a calibration derived from a subset is

capable of predicting the content of analytes in all samples of the initial

population as long as the subset in the factor space spans correctly the

experimental domain. The methodology substantially reduces the effort for

reference analyses in spectroscopic calibration. While the cost of the model

increases with the number of calibration samples, the prediction ability of the

model does not increase proportionally above a certain number of samples.

Therefore the use of a large number of calibration samples can be questioned if the

relationship quality-price of the model is of interest.

5.2.3 Conclusions of the chapter 4

1. Summary. This chapter has focused on optimal wavelength selection in CLS. The

different conclusions in the bibliography about the relationship of the criteria for

sensor selection with trueness, precision and accuracy motivated a more profound

study. The confidence ellipsoid of the estimated concentrations and the

experimental design theory offers the framework for interpreting the effect of

these criteria in the prediction results of the CLS model bunt with the selected

sensors (sections §4.2, §4.3, §4.4) and for new guidelines for wavelength selection.

2. The best criterion for wavelength selection. Although advances were made in

clarifying the performance of the different criteria,; it is still difficult to decide on

the best criterion for wavelength selection (classified in §4.5). Global criteria (such

as Det(STS), Tr(STS)-1, Cond(STS)) may be not correlated with the prediction errors

of a particular analyte. Moreover, the optimization of only one criterion is not

enough to ensure good quality predictions.
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3. Selection of the optimal number of sensors. Many procedures for optimal wavelength

selection described in the literature do not consider the selection of the best

number of sensors, which is decided a priori. This is not a guarantee that the

number is adequate for obtaining good predictions.

4. Trueness, precision and accuracy. The concepts of accuracy and precision used in

many papers must be reconsidered to check their agreement with the ISO

definitions (§4.5). The effect on the trueness was considered in the wavelength

selection criteria in §4.5. The criteria in CIS that are based on the calibration

matrix are related to the precision of the estimated concentrations, not to the

trueness.

5. Influence of bias in the selection criteria in CLS. The efficacy of the selection criteria

in CLS based on the calibration matrix is strongly dependent on the absence of

bias in the response at the selected sensors. A validation set is necessary to

check this assumption. Otherwise, different conclusions can be obtained about the

performance of the wavelength selection criteria. For example, a model built with

D-optimal sensors will predict incorrectly an unknown sample if an interfèrent

absorbs in these sensors. A model with the sensors selected randomly that, by

chance, are free of the interference would have a smaller prediction error. The

conclusion would be that the selection based on the D-criterion does not offers

any improvement versus the random selection. Therefore, checking the quality

of the data is of primary concern before a wavelength selection method is used.

6. The A-criterion, In CLS, the A-criterion gave best prediction errors than the D-

criterion for the example considered (§4.2). Its drawback is that no specialized

algorithms are known for optimizing the A-criterion and general optimization

algorithms must be used.

7. Collinearity. Collinearity is a common problem in spectroscopic data and should be

considered in the wavelength selection process. The effects of Collinearity have

been indicated in §2.6. The most studied criteria are collinearity diagnostics such

as variance inflation factors (VIF), the condition number, and the selectivity after

Lorber. The criteria based on reducing the collinearity should improve the

prediction ability of the model although this is not general (§4.5).
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8. VIF's. The variance inflation factors (VIF), a measure of collinearity used in

MLR, were shown to be equivalent to the selectivity after Lorber (§4.6), which

measures spectral overlap and has been used as a criterion to be optimized in

wavelength selection problems,

9. CIS versus ILS, PCR and PLS. CLS requires knowledge of all the analytes that give

response and this limits its application. Although PLS and PCR are more used at

the moment, CLS has the advantage of being an easy and well understood and it

is recommendable in the cases where the products present are well known. On

the other hand, ILS almost necessarily involves using optimization algorithms to

reduce the number of wavelengths due to the collinearity problem and for

limitations on the number of the calibration samples. Hence, this is difficult to use

before the optimization algorithms have been developed. On the other hand,

factor-based methods are mathematically more complex than CLS.

10. The net analyte signal in CLS. The net analyte signal (NAS) is important to

understand the quantification process in CLS and the error propagation to the

predicted concentrations. Diagnostics based on the NAS for each particular

analyte (instead of global measures) such as sensitivity, selectivity (§4.3) and net

analyte signal regression plots (NASRP) have been used. The NASRP (§4.5) is a

tool for detecting graphically if the measured response of the unknown sample

follows the calculated model. The points of this plot fits a straight line whose

slope is the estimated concentration. The residuals of the points should be

randomly distributed on both sides of the line. The sensors which have bias can

be easily detected and the sensors that best follow the model can be selected

using the error indicator function and a moving window method. This criterion

takes into account the noise of the data and the sensors with the smaller net

analyte signal-to-noise ratio are not selected. A cut-off value for this criterion

could not be deduced; the sensors with a small signal-to-noise ratio are

recognized by comparison with the rest of the sensors. This criterion, different

from others that are based on the calibration matrix, takes into account the

sample to be predicted.
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5 Conclusions

5.3 Considerations for future research

This thesis has focused on wavelength selection in CLS and calibration sample

selection in PCR. Future work should extend the experimental design concepts to

select the best subset of samples and sensors to other regression methods such as ILS,

PLS and continuum regression. In any case, the position of the samples and sensors in

the calibration space should be considered before selecting them for calibration. The

following are some ideas for future work:

5.3.1 General considerations

1. The confidence ellipsoid. The confidence ellipsoid should be integrated in a

calibration software as graphical diagnostic tool for examining the quality of the

selected points the same as other diagnostics are.

2. The selection of subsets that are a compromise for different criteria. The points that

optimize one criterion may not be optimal for the other criteria and the

optimization of one criterion may not be sufficient to ensure a good predictive

ability. The experimenter has to decide which criterion to optimize .Subsets that

are not optimal for a particular criterion but a compromise with sufficient 'good'

values for different criteria would be desirable. The procedure, called multicriteria

optimization, is similar to that of sample or sensor selection but the criterion to

optimize is the product of desirability values (Deming S.N. /. Chromatography 550

(1991) 15-25 / Hendriks M. M.W.B., de Boer J.H., Smilde A.K, Doornbos D.A.

Chem. Intell Lab. Syst. 16 (1992) 175-191). The criteria of interest are calculated for

each candidate subset (e.g. the trace of the dispersion matrix, the selectivity for

one of the analytes and the prediction errors). The value of each criterion is

transformed into a desirability value between 0 and 1 using the desirability

functions defined by the experimenter. The product of these values is the value to

be optimized. The search of the solution requires optimization algorithms, such as

GAs.
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5.3 Considerations for future research

3. Optimization algorithms. Many sample and sensor selection problems are of

combinatorial nature and need optimization algorithms. The Fedorov's algorithm

is recommended for its speed in the search of D-optimal designs. Other criteria

such as A- or E-optimal designs for sample or sensor selection requires

optimization algorithms such as GA (Lucasius, C.B; Kateman, G. Chem. Intel!. Lab.

Syst. 1993,19,1-33 / Lucasius, C.B; Kateman, G. Chem. Intell. Lab. Syst. 1994, 25,

99-145 / Hibbert D.B. Chem. Intell, Lab. Syst., 19 (1993) 277-293 / Shaffer R.E.

Small, G.W., Anal. Chem. 1997 236A-242A) or generalized simulated annealing

(GSA) (Kalivas J.H. Chem. Intell Lab. Syst. 15 (1992) 1-12). To our experience, GAs

are more easily applicable and versatile that GSA. These algorithms are used

increasingly in the last years (the most recent publications seem to deal with GA

for wavelength selection in PLS). However, the speed of convergence to the

optimum of GAs need be optimized as well as their ability to stop the search

when the optimum has been found. The fact the spectroscopic data are correlated

can be used to implement new operators in the GA that produce a guided search

by, once an acceptable solution has been found, searching systematically the

wavelength near the optimum.

4. Quality of the selected subsets. Models using the same number of samples can give

different results depending on the division of the overall data set into calibration

and evaluation set (§3.2). In ILS and CLS the collinearity of the selected sensors

must be checked. VIFs values can be used in wavelength selection in CLS.VIF

values indicate whether the information contained in the calibration set is

uncorrelated enough to find adequate estimates of the coefficients of the model.

This has also a sense in PCR since the matrix of scores loses its orthogonality after

selecting a few samples. VIF values can be calculated from the instrumental
u

responses for a given model before measuring the analyte concentrations.

5.3.2 Considerations from the chapter 3

1. More examples are needed. Although the proposed methodology for sample and

factor selection worked well on the real data sets considered (§3.2, §3.3 and §3.5),

more data sets of different types of data should be used to fully validate and

improve the selection methodology. Further studies on how to determine the
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5 Conclusions

PCs that possibly have good predictive ability in the initial step of the

methodology in §3.2 and the optimal number of PCs for PCR from the screening

model could be made.

I

2. Outliers in the calibration data. Outliers are of special concern when a reduced

number of calibration samples is used. Outliers with extreme values in the

independent variables that could be selected by the Fedorov's algorithm, and

incorrect determinations of the dependent variable in the few selected samples

can lead to incorrect models. Therefore the data must be studied before it is

submitted to the algorithm, for example, by plotting the points on the variable or

factor space.

3. The methodology applied to ILS and PLS. Sample selection methodologies should also

be considered in ILS, PLS and continuum regression as alternative to the random

selection of calibration samples. However, the applicability of the methodology

for ILS is limited by the wavelength selection step to reduce the number of

coefficients to a number that enables the least-squares fitting. This requires

optimization algorithms and a criterion which cannot be based on the prediction

ability of the model, since the concentration is not known at the initial stage of the

methodology. PLS and continuum regression use the analyte concentration of the

calibration samples to calculate the factors. The methodology should solve this

problem to identify the best samples without the knowledge of the analyte

concentration.

4. Kennard-Stone's algorithm. The ability of the Kennard-Stone algorithm to select

samples spread all over the experimental domain could be considered in further

studies in combination with the Fedorov's algorithm. One can select the most

influent samples to bund the model and afterwards the Kennard-Stone algorithm

can add additional samples to cover the experimental domain. The criterion to

decide how many samples should be selected by each algorithm needs further

studies.
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5.3 Considérations for future research

5.3.3 Considerations from the chapter 4

1. Sensitivity and selectivity in CLS. Further studies about sensitivity in multivariate

calibration and its utility to relate to prediction errors are necessary. A large

sensitivity is not directly related to a good prediction. The net sensitivity is related

to the length of the confidence interval and is used in the prediction process.

Relating local and global measures of selectivity is difficult and must also be

considered. For example, although the determinant has been said to measure

orthogonality, the D-optimal sensors do not correspond to those that are LSELt

optimal nor the sum of selectivities (other combination were not checked).

2. Expression for the variance of the predicted concentrations. The selection of the

wavelengths with a good predictive ability must be further studied. Criteria are

needed to determine the optimal number of wavelengths. It the Det(STS) and

Tr(STS)~1 are considered, the optimal number of sensors is the largest possible

since they always improve when a sensor is added. The apparent contradiction

that the precision in CLS improves when a new sensor is considered in the model

even when the measured values in the sensor are noise indicates that more

advanced expressions for the prediction error are needed. The optimal criterion

should include information about the noise. Each analyte may have an optimal set

of sensors, which was seen from the net analyte signal. The criteria for

wavelength selection should consider the three sources of error. Now, new

expressions for error propagation are available and they could be considered for

optimal sample and sensor selection (Faber K., Kowalski B.R. J. Chemom. 11, (1997)

181-238.).The criterion should take into account the errors in the dependent and

independent variables (which is not considered by the experimental design). The

variance inflation factors (VIF) could be used to indicate if the sensors have the

sufficient information for an adequate estimation of the concentrations in CLS.

The utility of the VIFs in this field has not been demonstrated yet. Another

possibility is the use of the net analyte signal regression plots and criteria of fit

in this plot.
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5 Conclusions

3. The net analyte signal in inverse models. Advances can be made in the NASRP by

using robust regression methods such to relate the NAS of the calibration samples

and the NAS of the unknown samples. The NASRP could also be used with the

NAS calculated for the inverse models (Lprber A., Faber K. and Kowalski B.R.

Anal. Chem. 69 (1997) 1620-1626) to detect bias in unknown samples.

4. Software. All the algorithms and quality criteria should be integrated in programs

for its practical use in a laboratory. Different regression methods ( MLR, PCR and

PLS), selection algorithms (e.g. Kennard-Stone, the Fedorov or GA ) and criteria

optimization for sample and wavelength selection, in addition to collinearity

diagnostics such as the VIFs, the variance-decomposition proportions, the NASRP,

etc. should be included.
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