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Abstract 

Williams, R.P., Swinkels, D.A.J. and Maeder, M., 1992. Identification and application of a prognostic vector for use in multivariate 
calibration and prediction. Chemometrics and Intelligent Laboratory Systems, 15:185-193. 

Examination of the mathematical structures of principal components regression and partial least-squares regression has led to 
the identification of a prognostic vector for both techniques that contains info~ation about the ~ntribution of each feature in a 
sample spectrum to the quality of the sample. The properties and use of the prognostic vector are demonstrated by a practical 
application involving the estimation of electrolytic manganese dioxide battery activity from X-ray diffraction patterns. Results from 
the study suggest that the prognostic vectors derived from both PCR and PLS are similar, and provide information that can 
ultimateIy be used to improve sample quality. 

INTRODUCTION 

In many cases there is a well-defined relation- 
ship between some property of interest and the 
value of an easily accessible measurement. The 
classical example is the Beer-Lambert law which 
relates the absorption of a solution at a given 
wavelength to the concentration of the single 
solvate via its molar absorptivity at this wave- 
length. After calibration (dete~ination of the 
molar absorptivity coefficient) the determination 
of an unknown concentration in a given solution 
is trivial. 

In many other cases, however, there is no 
explicitly defined relationship between the value 
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of interest (the sample quality) and some readily 
available measurement. Principal ~mponent re- 
gression (PCR) [1,2] and partial least-squares re- 
gression (PLS) [3-8] are two recently developed 
methods based on a ‘model-free’ approach, which 
are designed to determine an empirical relation- 
ship between the spectrum of a sample and the 
sample quality. Typical examples are: the predic- 
tion of the octane number of gasoline based on 
measurements in the near-infrared f9]; character- 
isation of coal and iron ore based on Fourier 
transform infrared (PI’-IR) spectroscopy [lo]; and 
the determination of the battery activity of elec- 
trolytic manganese dioxide from X-ray diffraction 
patterns [ill. Both PCR and PLS are multivariate 
methods which means that they rely on measure- 
ments made on samples using instrumental tech- 
niques such as UV-VIS or PT-IR in absorption 
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mode, which provide measurements at a large 
number of channels. 

Similar to traditional analytical chemistry tech- 
niques, a two-step procedure allows the quantita- 
tive prediction of sample quality for unknown 
samples on the basis of their spectra. The first 
step involves calibration. For a set of calibration 
samples, the property of interest and the spec- 
trum of each individual sample has to be deter- 
mined. The relationship between them is cast 
into an empirical formula, and its parameters 
calculated. The second step is prediction, where 
the formal relationship is used to predict the 
quality of an unknown sample from its corre- 
sponding spectrum. 

Analysis of the mathematics used in the PCR 
and PLS procedures reveals the formal existence 
of a vector of regression coefficients which is able 
to reveal the relationship between spectral fea- 
tures of a sample and the sample quality. We 
suggest calling this vector the ‘prognostic vector’. 
The primarily empirical relationship can be inves- 
tigated in a further step to lead to a better 
understanding of the whole problem. The prog- 
nostic vector is truly prognostic in nature, as it 
can be used for both predictive and diagnostic 
purposes. 

Although both procedures have been designed 
differently, the mathematics on which PCR and 
PLS are based are very similar. In this contribu- 
tion we compare the two mathematical structures 
and apply both methods to a practical example: 
evaluation of electrolytic manganese dioxide 
(EMD) battery activity from powder X-ray 
diffraction patterns. This allows comparison of 
the prediction capability of the algorithms, as 
well as the opportunity to demonstrate the prop- 
erties and use of the prognostic vector. 

PCR AND PLS THEORY 

The spectra of a set of n, calibration samples 
measured at n, channels (e.g. wavelengths, 
wavenumbers, etc.), are collected row-wise in the 
matrix Y. The sample quality for each calibration 
sample is also determined and is collected in the 
column vector q containing II, elements. As usual 

in PLS the data in Y and q are column-mean 
centred prior to calibration [4]. The same mean 
centred matrices are used in the PCR calculation. 

In both PCR and PLS regression, the matrix Y 
is decomposed into a product of smaller matrices. 
fn PCR, this is achieved according to the singu- 
lar-value decomposition [ 121 

Y=USV (1) 

where the matrices U, S, and V have the following 
properties: UTU = WT = I (I is the identity ma- 
trix and superscripts T indicates the transposed 
matrix) and S is a diagonal matrix, its diagonal 
elements corresponding to the singular values of 
Y in decreasing order. In PLS, Y is decomposed 
into a product of two matrices [3-81 

Y=TB 

with the property TTT = I. 

(2) 

The singular-value decomposition procedure is 
well defined, whereas the PLS decom~sition is 
not unique and different authors suggest slightly 
different procedures for calculating the decompo- 
sition Y = TB. It is not the aim of this contribu- 
tion to discuss these problems, and we refer the 
reader to the original literature [3-8,131. 

The number of columns in U and T or rows in 
V and B necessary to represent the original ma- 
trix Y within the limits of measurement noise can 
be determined using statistical procedures [14]. 
However, the number which results in an optimal 
prediction capability for unknown samples might 
be different, and is best determined using the 
cross-validation procedure (see later in this text). 

The basic principle behind obtaining a calibra- 
tion model using either method is that the vector 
q, which contains the qualities of all the individ- 
ual samples in the calibration set, should be a 
linear combination of the significant columns of 
U, for PCR, or of T for PLS. This approximation 
is readily formulated in terms of a matrix equa- 
tion 

4 = q,‘CR = U+C, (3) 
and 

4 = qpLs = TUPLS (4) 



R.P. Williams et al. / Chemom. Intell. Lab. Syst. 15 (1992) 18.5493 187 

where (IPCR and qpLs are the calibration-fitted 
estimates of q for PCR and PLS, respectively, 
and aPCR and apLs are column vectors containing 
the regression coefficients relating q to the 
columns of U and of T for PCR and PLS, respec- 
tively. 

The calibration process for both methods de- 
termines those vectors Q which optimally repre- 
sent the actual qualities, q, by the calculated 

. . 
approximations qPCR and qpLs. As a consequence 
of the orthono~ali~ of U and T, this calculation 
is straightforward 

a PCR=UT;I, GfX=UUT4 

and 

(5) 

~PLS = T?h, qPLs = TI‘=q (6) 

Calibration info~ation is contained in aPCR and 
aPLs and can be used to predict the unknown 
quality, qs, of a new sample. Prediction of qs 
initially involves projection of the sample spec- 
trum, y,, into the space U (for PCR) or the space 
T (for PLS), and is represented by Eqns. 7 and 8, 
respectively. 

u, =yyrs (7) 

t, =y,BT(BBT) -I (8) 
It should be noted that the inversion of BBT can 
be numerically problematic, with some authors 
proposing an additional orthogonalisation of B to 
improve the numerical stability of the algorithm 
141. 

The predicted quality is then calculated simi- 
larly to that shown in Eqns. 3 and 4 

4s = UsaPCR = ysVTS-‘@PC, (for PCR) 

(9) 

qs = tsaPLS =y,BT(BBT)-‘a,,, (for PLS) 

(IO) 

Eqns. 9 and 10 can be rewritten as 

CIS =lYsPPCR (for PCR) (If) 

cls ==YsPPLs (for PLS) (12) 

where 

P PCR = VTS-'a,, 

P rLs = BT(BBT) -‘apLs 

(13) 

(14) 

The vectors p are column vectors, and their scalar 
product with the spectrum, y,, of the unknown 
sample yields its quality, qs_ The p vectors are 
formally regression coefficients, and for the case 
of PLS it has been identified previously (e.g. 
vector & in Eqn. 36 in ref. 6). However, the 
interpretation of this abstract vector of regression 
coefficients has not been suggested; its explicit 
calculation is not necessary, and has actually been 
discouraged [6]. 

The simple rule for the scalar product of two 
vectors allows a straightforward interpretation of 
the prognostic vector p. Unlike the eigenvectors 
contained in the matrices U and V, or the infor- 
mation contained in the matrices T and B, the 
prognostic vector is physically interpretable, and 
contains chemical information relating sample 
quality to spectral features. The prognostic vector 
contains all the significant information used in 
the calibration model construction, and therefore 
is superior to using other information such as 
PLS factor 1, which has been suggested for use in 
qualitative band assignments [13]. 

A simple demonstration of the properties of 
the prognostic vector is provided in Fig. I. As- 
suming that values measured at each channel of 
the spectrum are positive, then: (a) a positive 

Fig. 1. Relationship between the sample spectrum (upper 
half) and typical features of the prognostic vector (lower half). 
See text for details. 
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feature in the prognostic vector indicates a posi- 
tive contribution by a sample feature at this posi- 
tion; (b) a small negative feature indicates a small 
negative contribution; a derivative-like feature (c> 
indicates that a shift of the signal peak towards 
the right would be favourable; and a second 
derivative-type feature (d) indicates a positive 
effect associated with peak narrowing. A practical 
example demonstrating the application and inter- 
pretation of the prognostic vector is provided 
below. 

PRACTICAL EXAMPLE: THE PREDICTION OF ELEC- 
TROLYTIC MANGANESE DIOXIDE BATTERY ACTIV- 
ITY FROM POWDER X-RAY DIFFRACTION PAT- 
TERNS 

EMD is a form of MnO, that has been refined 
by an electrolytic process. It is not a single com- 
pound, but may be regarded as a family of closely 
related, non-stoichiometric compounds, varying 
slightly both in chemical composition and crystal 
structure. The type of EMD produced depends 
on electrolyte temperature, electrolyte composi- 
tion and current density conditions [IS] during 
electrodeposition. Its crystal structure can be re- 
lated to a random arrangement of localised do- 
mains of several MnO, crystal phases. These 
phases include ramsdellite, y-MnO, (nsutite), E- 
MnO, (fibrous EMD), a-MnO, (cryptomelane) 
and p-MnO, (pyrolusite). 

EMD is primarily used as a cathodic material 
for alkaline cells, and must fulfill the criteria of 
high purity, high battery activity and high charge 
capacity. Battery activity can be defined as the 
ability of an EMD to electrochemically reduce 
under battery discharge conditions. It has been 
shown in several studies [l&171 that the battery 
activity of EMD is qualitatively related to the 
MnO, crystal phase composition of the EMD, 
with EMD samples containing large proportions 
of y- and E-MnO, having a higher battery activity 
than samples containing large proportions of p- 
and cu-MnO,. 

Battery activity may be evaluated using an 
alkaline discharge activity (ADA) test j181. The 
total duration of the ADA test, including raw 

materials preparation and cell discharge, takes 
appro~mately two days. The duration of the test 
represents an unacceptably long delay between 
the production of the sample and the evaluation 
of its quality for quality control purposes in a 
full-scale production plant. Accordingly, re- 
searchers in this area have attempted to discover 
alternate methods that reduce this delay. 

Most of the attempts to find rapid methods for 
EMD battery activity determination have in- 
volved use of the powder X-ray diffraction (XRD) 
pattern of the EMD. XRD is the technique which 
the battery industry has adopted as the standard 
method of EMD structure identification, as it 
provides information pertaining to the MnO, 
crystal phase composition of the EMD. The strong 
correlation observed between the MnO, crystal 
phase composition of the EMD, and the corre- 
sponding EMD battery activity, suggests that 
quantitative battery activity information exists in 
the XRD pattern. This has been confirmed (191, 
and it has been suggested that chemometric tech- 
niques could be used to extract quantitative bat- 
tery activity information from powder XRD pat- 
terns. 

Data colkction 

The nineteen EMD samples used in this study 
belong to the International Battery Materials As- 
sociation (IBA) common sample series [18]. These 
samples have been collected over the last twenty 
years from various EMD manufacturers around 
the world, and were produced using a large range 
of process conditions. Correspondingly, a large 
range in the sample quality is observed within this 
set, as technological changes have improved EMD 
manufacturing methods. The use of a global sam- 
ple set such as this provides a thorough test of 
the range of applicability of any chemometric 
method developed. 

All samples used were of a similar particle size 
distribution. XRD patterns of these samples were 
recorded using a Siemens D-500 X-ray diffrac- 
tometer with Cu K, radiation. Counts were accu- 
mulated for 10 s, with 20 values in the 15-100” 
range (at 0.1” increments) being extracted to pro- 
vide 851 data points for the spectra of each 
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sample. Battery activity values for the samples X-ray beam intensity. Calibration spectra and 
used in this study were taken from ref. 18, and their associated quality values were also mean 
expressed in terms of RDCZO values, where centred [4,13]. The number of factors required to 
RDC20 is the relative discharge capacity of an produce a calibration model with the best predic- 
EMD at a constant load of 20 mA relative to a tion capability was calculated using cross-valida- 
standard sample set to 100. tion. 

Calculations were performed by a menu-driven 
computer program called CHEMTOOL, using 
TURBO-BASIC as the programming language 
on an IBM compatible computer. ~HEMTOOL 
was originally developed during this study specifi- 
cally for use in determining EMD battery activity 
from the corresponding XRD pattern, but was 
later adapted for general application to any 
chemometric problem which requires the predic- 
tion of either a concentration or a material prop- 
erty value from instrumental data. 

CHEMTOOL gives the user the option to ei- 
ther construct a calibration model or to predict 
quality values using PCR or PLS. It also has the 
faciIity to test the predictability of a PCR or PLS 
calibration model using cross-vaIidation. The user 
has the option of using integer, single precision 
or double precision real data, depending on data 
type and memory constraints. 

Calibration model construction options include 
data no~aIisation (both by m~imum peak height 
and area under spect~m), data mean centring 
(both column and row), factor selection and sam- 
ple validation. CHEMTOOL also calculates and 
displays the prognostic vector corresponding to a 
formulated calibration model. 

Calibration model co~t~ct~n 

The calibration model construction procedure 
used in this study was the same for both PCR and 
PLS, so as to provide a common basis for compar- 
ison of both the relative prediction capability and 
the information contained in the prognostic vec- 
tor for each technique. For each calibration sam- 
ple, data were normalised to constant area under 
the sample spectrum to eliminate differences be- 
tween the sample spectra due to non-identical 
sampie measurement conditions, e.g. variation in 

A full description of cross-validation is pro- 
vided by Eastment and Krzanowski 1201. Cross- 
validation involves removing one sample from the 
calibration set, and producing a calibration model 
from the remaining samples to predict the quality 
of the other sample. This process is repeated 
until every sample in the caIibration set has had 
its quality predicted from the remaining samples. 
The resulting relationship between cross-valida- 
tion predicted and actual quality values provides 
a measure of the prediction capability of the 
model. Cross-vaiidation is superior to just exam- 
ining the fit of a calibration model, as the pre- 
dicted value for each sampte using the fitting 
technique is calculated in part from information 
that is known from the sample. 

In this study, cross-validation results were in- 
terpreted using the PRESS (prediction residual 
error sum of squares) formula as shown in Eqn. 
15. 

PRESS = $ $ [q(i) -(~~~~,~&i)]* (15) 
s 1=1 

The calibration model with the minimum PRESS 
value corresponds to the model with the best 
prediction capability. For both PCR and PLS, 
two factors were required to produce the model 
with the best prediction capability. The minimum 
PRESS values obtained were 4.29 and 5.11 for 
PCR and PLS, respectively. 

Prediction of E&ID battery activity using PCR and 
PLS 

Fig. 2 provides a comparison of cross-valida- 
tion predicted quality versus actual quality for the 
PCR and PLS calibration models. The dashed 
line represents the 45” line, indicative of zero 
PRESS value, i.e. perfect prediction. Comparison 
of the two graphs show that the results obtained 
from both techniques are similar, although the 
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Fig. 2. Cross-validation predicted versus actual RDC20 values 
for the PCR (0 ) and PLS ( * 1 methods. 

results obtained using the PCR-based calibration 
model generally lie closer to the zero PRESS 
line, and suggest that the PCR-model is the bet- 
ter model for prediction of EMD battery activity 
from the corres~nding X-ray diffraction pattern. 
This is an unusual result in a chemometric con- 
text, as it is generally believed that PLS is a 
superior technique to PCR for prediction of qual- 
ity from multivariate data 151. 

In general, both the PCR- and PLS-based 
models can be applied to the prediction of EMD 
battery activity from a global calibration set, with 
a11 RDC20 values except one predicted within 
3.5% of actual quality values. The prediction 
error may be due in part to errors in battery 
activity determination and XRD measurements, 
as this defines the minimum error that any 
chemometric technique can predict within. It is 
expected that improvements in model prediction 
capability can be achieved by using plant-specific 
data for calibration and prediction, thereby re- 
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moving errors created by calibration set samples 
produced using different methods. 

Observation of the results presented in this 
study have shown that this may particularly be 
the case for samples with an RDC20 value greater 
than 100. Ultimately, prediction capability may be 
limited by the extent of contribution of EMD 
crystal structure to battery activity, as other bat- 
tery activity related sample properties are not 
being considered in the model. 

Chemical information contained in the prognostic 
uector 

The prognostic vectors corresponding to the 
PCR and PLS calibration models are presented 
in Fig. 3. Comparison of the two spectra shows 
that the prognostic vectors are very similar in 
shape and contain similar features in the same 
20 locations. Closer examination shows that there 
are differences between the two prognostic vec- 
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Fig. 3. The prognostic vectors for PCR and PLS. 
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i 

Fig. 4. The relationship between the XRD of an EMD sample 
and the PCR prognostic vector. 

tors with respect to the relative heights of corre- 
sponding peaks. For example, the ratio of the 
peak at 22.2” 20 to the peak at 56.7“ 20 in the 
PLS prognostic vector is greater than the corre- 
sponding ratio in the PCR prognostic vector, and 
shows that the different methods assign slightly 
more importance to some features than to others. 
These slight differences account for the differ- 
ences observed in the predicted quality values 
obtained using the two methods. 

The properties of the prognostic vector make 
it very useful for analysing areas in a spectrum 
which have an influence on quality values, and 
can therefore provide information which can be 
used to improve sample quality. An example of 
this is provided in Fig. 4, which represents a 
comparison between the powder XRD pattern of 
one of the samples used in this study, IBA 3, and 
the prognostic vector derived from the PCR-based 
calibration model. 

From Fig. 4, it can be seen that the position of 
the largest variations in the contribution to bat- 
tery activity correspond to XRD peaks, and hence 
to EMD crystal phase composition. The prognos- 

191 

tic vector indicates that the y-MnO, peak at 
22.2” 20 makes a positive contribution to battery 
activity, whereas the P-MnO, peak at 28.6 20 
contributes negatively to battery activity. These 
observations confirm the qualitative relationship 
between MnO, crystal phase and EMD battery 
activity discussed earlier in the paper. The prog- 
nostic vector also indicates that an improvement 
in quality would be obtained if the peak at 37.3” 
20 .was broadened due to the emergence of 
additional y-MnO, peaks at 34.6” and 38.6” 20 
[21], and the peaks at 42.8, 56.7 and 67.6” 20, 
which are common to many MnO, phases, were 
shifted to slightly higher 20 values. This observa- 
tion suggests that the battery activity of EMD can 
be improved if the average spacing between cer- 
tain crystal layers of MnO, is slightly decreased. 

Another feature of the prognostic vector is the 
large negative contribution to battery activity as- 
sociated with the small graphite peak at 26.5” 20. 
The graphite is present in the sample as IBA 3 
was produced using a graphite anode. The nega- 
tive contribution corresponding to the graphite 
peak suggests that there is a reduction in the 
battery activity of EMD samples produced using 
graphite anodes as opposed to those produced 
using titanium anodes, because electrolysis condi- 
tions normally used on graphite electrodes were 
not as favourable to battery activity as those used 
on titanium anodes. 

CONCLUSION 

Results from this study have shown that both 
PCR and PLS can be used to derive a prognostic 
vector that contains information regarding contri- 
bution to sample quality at each channel in a 
spectrum produced from that sample. This en- 
ables information that can be interpreted and 
used to improve sample quality to be readily 
gained by examining the contribution to sample 
quality associated with every peak in a sample 
spectrum. 

PCR and PLS were compared using a practical 
example: evaluation of EMD battery activity from 
powder XRD patterns, so as to determine 
whether one technique provided a better predic- 
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tion capability and more chemical information 
related to sample quality than the other. A com- 
parison of the results obtained from the two 
techniques suggests that results produced using a 
PCR-based calibration model were slightly better 
than those produced using a PLS-based calibra- 
tion model. The relatively poor prediction results 
obtained using both PCR and PLS can be at- 
tributed to the large differences in the samples 
associated with their global nature, and can be 
expected to improve with the use of plant and/or 
process specific data. 

Compari~n of the corresponding prognostic 
vectors produced from the PCR- and PLS-based 
calibration models also shows that both are very 
similar, each containing similar features at ioca- 
tions that correspond to features in the EMD 
powder XRD pattern. It was also shown that 
both prognostic vectors can be used to obtain 
chemical information that indicates aspects of 
EMD structure and production methods that can 
lead to an improvement in EMD quality. 

Obviously, in this paper, the discussion of the 
features of the PCR and PLS prognostic vectors 
and their relative similarities is related to our 
specific example of EMD, Only future investiga- 
tions and applications in a variety of different 
cases will reveal a more general picture of the 
applicability and value of the prognostic vector. 
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