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Electrochemistry: A Critical Review 
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Houston, TX. 
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ABSTRACT With the ever-increasing power and low prices of modem laboratory microcomputers it is 
becoming common for the average researcher to routinely employ sophisticated data analysis methods. 
Most of these methods have been the subject of study by researchers associated with the discipline of 
analytical chemistry known as chemometrics. Although the application of chemometrics has become 
routine in all fields of analytical chemistry, this article is focused on those applications appearing in 
electroanalytical chemistry. Examples of chemometric solutions to a variety of electrochemical problems 
are reviewed in conjunction with brief presentations of the relevant chemometric background. 

KEY WORDS chemometrics, electrochemistry, data analysis, parameter estimation, pattern recogni- 
tion, calibration. 

I. INTRODUCTION 

Chemometrics is the discipline of analyti- 
cal chemistry concerned with the application 
of statistics, mathematics, and other methods 
of formal logic to the generation and analysis 
of chemical data. In this article the role of 
chemometrics in electroanalytical chemistry 
will be reviewed. As in other areas of analyti- 
cal chemistry, researchers are increasingly 
turning to chemometric methods to extract 
more information from their data, solving 
electrochemical problems that have not been 
approached by more conventional methods. 
For example, the resolution of overlapping 
responses, a problem that has long plagued 
the experimentalists, can be readily solved by 
any of a variety of chemometric techniques. 
Although this is but one application, the ex- 
amination of almost any kind of electrochem- 
ical data can benefit from the application of 
chemometric techniques and principles. 

Routine application of chemometric 
methods abounds in the literature of analyti- 
cal chemistry, but only a small fraction of this 
literature has been devoted to the field of 
electrochemistry. Although the number of 
groups employing chemometric methods in 
electrochemistry has been limited, there has 
been some good progress made by them. 
Some of this progress has been reviewed 
previously. A review of chemometrics in ion- 
selective electrode potentiometry ' and a very 
brief discussion covering chemometric princi- 
ples in electrochemical analysis2 have ap- 
peared previously. The scope of these re- 
views is limited, and a more general review of 
chemometrics in electroanalytical chemistry 
is attempted here. With this in mind, the 
purpose of this review is twofold: first, we 
attempt to give a brief overview of a selection 
of chemometric methods used in the field of 
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eiectroanalytical chemistry; second, with each 
method a short introduction is given to illus- 
trate the mechanics of these techniques. Most 
readers will find that minimal background in 
chemornetrics is required because the salient 
points of each method are presented within. 
More advanced coverage of the basic chemo- 
metric and numerical methods discussed here 
is available in a number of  text^.^,^ 

This review is not intended to be compre- 
hensive. Instead, only a small selection of 
papers is used to illustrate the different 
methods. Additionally, the weighting of indi- 
vidual topics within the review was chosen to 
reflect the author's research interests. We 
apologize in advance that not every paper 
could be cited, but we feel that our approach 
is better able to introduce the field and invite 
other researchers to improve their skills in 
data analysis. 

11. MULTIVARIATE ANALYSIS AND 
CALIBRATION 

One of the primary concerns in analytical 
electrochemistry, as in all of analytical chem- 
istry, is modeling the output of a sensor or 
set of sensors as a function of changes in 
analyte concentrations. This type of modeling 
is termed calibration. The calibration rela- 
tion that is established through modeling of 
the response-concentration relationship is 
used to predict the concentration of an un- 
known from its measured response. Although 
all chemists have encountered simple uni- 
variate calibration - one which considers 
only one independent and one dependent 
variable - few are familiar with the meth- 
ods of multivariate analysis and calibration. 
Multivariate calibration extends the basic 
ideas of modeling and prediction that are 
used in univariate calibration to several inde- 
pendent and dependent variables. It is not 
uncommon to have spectra or other mea- 
sured responses consisting of hundreds of 
independent variables and' dependent vari- 
ables with five or ten concentrations involved 
in a single multivariate calibration. 

In the ensuing discussion the following 
notational conventions will be used: A scalar 

quantity will be denoted by a lowercase letter 
(a). Column vectors will be represented by 
bold, lowercase letters (a), row vectors will be 
presented as the transpose of a column vec- 
tor (aT), and matrices will be indicated by 
bold, uppercase letters (A). Elements of vec- 
tors and matrices will be presented as the 
corresponding lower- or uppercase letters in 
Italic type, with the appropriate indices shown 
as subscripts (A jk ) .  

A. Calibration by Use of Multiple Linear 
Regression 

When many independent variables are 
involved in a calibration model, and these 
variables are linearly related to a set of de- 
pendent variables, the simplest and most di- 
rect mathematical model relating the inde- 
pendent and dependent variables is found by 
use of multiple linear regression (MLR). In 
MLR, each of the dependent variables (here, 
the response r ) ,  is expressed in terms of a 
linear combination of the set of independent 
variables (the set of n concentrations ci) 

n 
r = c biCi + f (1) 

i =  0 

where bi are a set of regression coefficients 
and f is an error term. When multiple mea- 
sured responses are present, the following set 
of simultaneous equations, represented in 
matrix notation, are generated: 

r = C b + f  (2) 

If more than one dependent variable is pre- 
sent, Eq. (2) can be generalized as 

R = C B + F  (3) 

The model defined in Eq. (3) is known in the 
statistics and chemometrics literature as the 
classical model. For a given set of indepen- 
dent and dependent variables, the goal of 
calibration is the estimation of the matrix of 
regression coefficients (B), which define the 
MLR model. These coefficients are obtained 
by minimizing the summed, squared differ- 
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ence between the model Eq. (3) and the data, 
giving the “classical least-squares” solution 

B = (CTC)-’CTR (4) 

The least-squares method for finding the co- 
efficients works very well when the indepen- 
dent variables are either orthogonal or very 
close to it. Correlation between the indepen- 
dent variables can lead to problems in the 
estimation of the regression coefficients (B). 
This results from the inversion of a matrix 
(CTC) with a large condition number. Fortu- 
nately, it is possible to avoid problems with 
MLR by taking care in measuring the mix- 
tures, often by making the mixtures with the 
aid of an experimental design. 

A few examples of calibrations using 
MLR have appeared in the electrochemical 
literature for analyzing voltammetric and po- 
larographic data. Turnes et al.5 have applied 
MLR to resolve highly overlapped peaks pro- 
duced by differential pulse polarography and 
anodic-stripping voltammetry. The method of 
standard additions was employed to generate 
the calibration data. Although the authors 
reported good results when using MLR on 
differential-pulse polarography data, MLR 
analysis of data obtained by anodic-stripping 
voltammetry did not yield the same level of 
performance. The authors reported that slight 
shifts in peak positions observed in the an- 
odic-s tripping volt ammograms contributed to 
the less satisfactory results. 

Multicomponent analysis was demon- 
strated for ion-selective electrode arrays by 
Beebe et aL6 Their work extended earlier 
studies conducted by Otto and Thomas7 that 
focused on the application of multivariate 
calibration based on partial least-squares re- 
gression, a technique discussed elsewhere in 
this review. In both of these studies, the first 
step in developing a procedure suitable for 
the application of linear calibration methods 
was the linearization of the extended Nernst, 
or Nicholski, equation 

Eij = E; + sj log 
N 

a i k  + c K j k l a i l  
I =  1 

where the potential, E,,, is measured for the 
ith sample at electrode j, EP is the formal 
potential for the j th electrode, S, is the 
measured slope for the electrode in the ab- 
sence of interferents, Kjkl is the selectivity 
coefficient for the kth analyte at the j th 
electrode with interfering ion 1, and a r k  is 
the activity of the kth analyte in the ith 
sample. 

Beebe and co-workers6 employed a sim- 
plex optimization scheme to estimate the 
nonlinear selectivity parameters for each 
electrode. These values were then used in a 
MLR for the estimation of unknown concen- 
trations. Once the estimation is performed, 
the analysis of unknown samples proceeds by 
a straightforward linear prediction step. Be- 
cause this approach uses the simplex opti- 
mization to estimate the selectivity coeffi- 
cients directly from the multicomponent 
samples, these need not be determined 
through separate calibrations for the individ- 
ual electrodes. This is a distinct advantage in 
that the experimental aspects of calibrating 
the array are simplified. Other methods for 
handling this problem are subsequently dis- 
cussed in their respective sections. 

The nonlineur aspects of calibration of 
ion-selective electrodes and the problems as- 
sociated with the application of simple, linear 
calibration methods are more typical of the 
electrochemical literature on ion-selective 
electrodes. The detection limit in ion-selec- 
tive membrane-electrode calibrations was 
discussed in one article.* The authors sug- 
gested that the true detection limits were 
much smaller than those obtained using a 
simple linear calibration and that considera- 
tion should be given to the nonlinear re- 
sponse characteristics of these electrodes. 
Liteanu et al.’ discussed the selectivity of 
ion-selective membrane electrodes, based on 
a statistical analysis of the effects of interfer- 
ent species. Nonlinear calibration of ion- 
selective electrodes was demonstrated by Jain 
and Schultz,” who used a Levenberg- 
Marquardt nonlinear least-squares regres- 
sion method to obtain the calibration param- 
eters. In each of these studies, the authors 
claimed benefits such as enhanced perfor- 
mance and an extended calibration range as 
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a result of considering the nonlinear aspects 
of ion-selective electrode calibrations. 

B. Calibration by Use of Kalman Filtering 

For some problems in electrochemistry, 
there might be an advantage to performing 
MLR recursively, one dependent variable at 
a time, rather than all at once in a “batch” 
calculation. Recursive estimation methods, 
such as the Kalman filter, offer many advan- 
tages over the more common batch process- 
ing calculations based on MLR. The most 
important of these is that recursive algo- 
rithms do not require that all of the data be 
available for analysis; therefore, real-time 
calibration is possible. Additionally, recursive 
methods can also be applied to off-line data 
analysis. This flexibility does not come at the 
cost of accuracy, because the linear Kalman 
filter will perform at least as well as MLR 
methods relying on batch calculations. There 
is only a slight difference in the speed of 
calculations. Full details concerning the 
Kalman filter and the filter algorithm can be 
found elsewhere.’ 

Using the Kalman filter requires a dif- 
ferent approach to the regression than that 
used with a batch regression method. Gener- 
ally, the problem to be solved is formulated 
in state-space notation. The data must be 
measured at discrete intervals, indexed in 
time, potential, or other relevant variable. 
For consistency throughout this paper the 
data are considered to be sampled as a func- 
tion of time, unless otherwise noted. In this 
approach the desired calibration parameters 
are estimated as elements of the state vector, 
which is a set of adjustable parameters to be 
estimated from the input data. The Kalman 
filter algorithm consists of a sequence of 
projection and update steps that are re- 
peated for the data at each time increment. 
Values for the state vector and its associated 
error (stored as a covariance matrix) are pro- 
jected for the present time increment. These 
estimates are based only on the values pre- 
sent at the previous time increment and the 
system dynamics, which describe the time-de- 
pendent characteristics of the system model. 

From the estimated state vector, a predicted 
system response is calculated. The response 
predicted for the present time increment is 
then compared to the measured value and a 
weighted correction to the state vector is 
made, where the weighting coefficients are 
known as the Kalman gain matrix. By repeat- 
ing these steps, the regression is performed 
in a recursive manner with the present value 
of the state vector being a weighted combina- 
tion of the estimates based on present and all 
previous data. 

The Kalman filter also differs from typi- 
cal “batch” methods based on MLR in that 
the Kalman filter makes use of two models. 
The system model describes the deterministic 
and random changes that occur in the states 
with each time step. The measurement mode1 
describes the mathematical relationship be- 
tween the state vector and the measured 
responses at each time step. A linear mea- 
surement model, defining the system’s re- 
sponse as the product of the measurement 
response matrix and the state vector, is typi- 
cally used for multicomponent analysis. In 
this section only the linear, discrete Kalman 
filter and its applications to multicomponent 
calibration and prediction will be discussed. 
Electrochemical studies making use of 
Kalman filters with nonlinear measurement 
models and smoothing methods based on 
the Kalman filter will be presented in later 
sections. 

Seelig and BlountI2 first used the Kalman 
filter in a theoretical study that considered 
the possibility of quantitating single analytes 
from anodic-stripping voltammograms. In this 
study, the authors used two separate filter 
configurations to estimate the concentration 
of a single component. The first configura- 
tion of the Kalman filter involved a single- 
measurement, single-state filter where the 
measured current was used to estimate the 
analyte concentration. The second configu- 
ration employed was a two-measurement, 
five-state Kalman filter where both the po- 
tential and current measurements were input 
to the filter for the estimation of the analyte 
concentration, the applied potential, current 
background slope, current background inter- 
cept, and the slew rate. Both of these filter 
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configurations were based on the incorpora- 
tion of a theoretical current response func- 
tion as the measurement model. Further 
s t ~ d i e s ' ~ , ' ~  by Seelig and Blount extended 
their work to experimental data taken at 
both the hanging mercury drop electrode and 
the thin film mercury electrode. Their studies 
compared the performance of the pseudo- 
real-time Kalman filter method - the data 
were recursively filtered off-line after the ac- 
tual data collection - to non-real-time or 
batch-regression analysis based on MLR. Re- 
sults of the Kalman filtering were always in 
excellent agreement with those produced by 
the batch method. Additional studies re- 
vealed that the correlation between the true 
analyte concentration and the recursively es- 
timated value was very high well before the 
filter reached the peak current in the voltam- 
mogram. This rapid convergence observed in 
the concentration estimates demonstrated 
that quantitation with the Kalman filter 
method had greater possibilities for dynamic 
control than would be possible with batch 
regression methods. 

In addition to single-component quanti- 
tation, the Kalman filter has also been ap- 
plied to problems in multicomponent analy- 
sis. Brown and Brown's demonstrated the 
application of the Kalman filter to the reso- 
lution of an overlapped-multicomponent lin- 
ear sweep voltammogram. In this work the 
authors used a filter with a single input mea- 
surement, the current, and a filter state vec- 
tor consisting of the concentrations to be 
estimated. The other fundamental difference 
in this work from that of Blount and Seelig 
was the use of the experimental, single- 
component voltammograms in the measure- 
ment-observation matrix. This feature allows 
the filtering method to be extended to sys- 
tems where no theoretical model for the re- 
sponse current exists. Using synthetic studies, 
the authors demonstrated that, given suffi- 
cient signal-to-noise ratio and density of data 
points, overlapped voltammograms with peak 
separations as little as 2.5 mV (two points 
difference) could be resolved with the filter. 
The method was then applied to experimen- 
tal data for the two- and three-component 
mixtures, Cd(II)/In(III) and Cd(II)/ 

In(III)/Pb(II). With peak separations of from 
40 to 200 mV, these overlapped voltammetric 
responses were well resolved by filtering. Due 
to the high resolving power of the filter-based 
analysis, small experimental peak shifts ob- 
served for the components present in the 
mixtures limited the accuracy of the results. 
The other major limitation was the use of 
one-point calibration for each of the compo- 
nents. Although the calibration for Cd(II), 
In(III), and Pb(I1) showed strictly linear rela- 
tions between response and concentration 
( r 2  was usually better than 0.9991, small 
fluctuations in the estimated slope of the 
calibration line also had an effect on the 
accuracy of the results. In Figure 1 the re- 
sults of the resolution of an overlapped, two- 
component system are displayed. The Kalman 
filter used for this analysis was modified to 
allow for small shifts in the peak potential. 
The approach used in this study was later 
extendedI6 to the analysis of overlapped 
square-wave voltammograms of severely 
overlapped responses from Tl(1) and Pb(I1). 
The ratio of concentrations of Pb:T1 was 
varied from 50:l to 1:60. In mixtures where 
.Tl(I) was the major component, errors for 
the estimation of the concentrations were 
reported to be about 1%, but slightly larger 
errors (2 to 5%) were obtained for the mix- 
tures with Pb as the major component. Addi- 
tional experiments performed in this work 
included Cd(1I) as an unmodeled component 
in the mixtures, demonstrating the robust 
character of the quantitation using the 
Kalman filter. 

C. Methods Based on Soft Modeling 

Soft modeling of data involves the identi- 
fication of a model from a data set, rather 
than the fitting of an external model to the 
data set. Generally, the variation caused by 
some extended, systematic changes in the 
system producing the data are the target of a 
soft modeling study. Probably the most com- 
mon chemometric method used for soft mod- 
eling is principal components analysis (PCA), 
a family of computational techniques con- 
cerned with the isolation of the sources of 

103 

D
o
w
n
l
o
a
d
e
d
 
A
t
:
 
1
3
:
5
5
 
1
7
 
J
a
n
u
a
r
y
 
2
0
1
1



%.90 /0.M -'0,7fl -'0.61 -'l.S0 -I.U L0.31 ?1.20 
POTENTIRL ( V  v a  Flg/RgCI ) 

FIGURE 1. Peak separation of a two-component Cd(l1) / In(ll1) system: (I) 
Cd(l1) wave; (11) In(ll1) wave; (111) sum of Cd(ll) and In(1ll) waves; (IV) the 
original voltammogram; (V) the residuals of the fit (also called the 
innovations sequence). (Reproduced from Brown, T. F.; Brown, S. D. Anal. 
Chem. 1981,53,1410 -1 41 7. With permission from The American Chemical 
Society.) 

variation in a data set. Several  text^^^"-'^ 
discuss the different aspects of this subject in 
considerable detail, and only a brief overview 
will be provided in this review. The sources 
are isolated by a decomposition of the data 
set into its eigenvalues and eigenvectors, as 
outlined in the following equations. 

The initial step in principal components 
analysis is the formation of the data covari- 
ance matrix, given as 

z = D ~ D  (6) 

where Z is the covariance matrix and D is the 
original data matrix. The covariance matrix, 
Z, is then diagonalized through a unitary 
transformation 

A = V-'ZV (7) 

where A is a diagonal matrix whose ele- 
ments are the eigenvalues of Z, and V is the 

matrix of eigenvectors, often referred to as 
abstract factors or as the loadings. These 
loadings are the projections of the data onto 
an orthonormal basis set spanning the data 
in D. That basis set is defined by the data 
scores, T. Collectively, the scores and load- 
ings are called the principal components of 
the data. Some authors call them factors of 
the data. The data in D can be reproduced 
from the loadings and scores by the relation 

D = W T  (8) 

A convenient method, which has become 
standard for performing the eigenanalysis in 
Eq. (71, is by a singular value decomposition. 
This eigendecomposition method is now 
available as part of most numerical analysis 
software. In singular value decomposition the 
data matrix is decomposed into the product 
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of three matrices: 

D = USVT (9) 

where U is a matrix of the row eigenvectors 
(eigenvectors of DDT), S is a diagonal matrix 
of the singular values (the square roots of the 
eigenvalues), and V is a matrix of the column 
eigenvectors (eigenvectors of DTD). The 
eigenvector matrix, V, obtained by singular 
value decomposition, is equivalent to the ma- 
trix V of Eq. (7). The matrix product of the 
row eigenvector matrix U and the singular 
values matrix S is equivalent to the scores 
matrix T in Eq. (8). 

Noise reduction in the data is one benefit 
that often results from this decomposition 
process. Given that n measurements were 
used in the data set, D, there will be n 
eigenvectors produced in the diagonalization 
Eq. (7). Not all of the eigenvectors produced 
convey useful information; some represent 
mostly noise components of the data set. 
When the data have been properly collected, 
with high signal-to-noise-ratio, the noise will 
dominate in those eigenvectors with small 
eigenvalues because the noise contributes 
only a small amount of the total variation in 
the data. Removal of those loadings associ- 
ated with small eigenvalues does not hinder 
reconstruction of the information present in 
the original data matrix, and a noise reduc- 
tion results from using the truncated loadings 
and scores in Eq. (8). In cases where noise is 
a significant part of the data, however, the 
correct number of factors to retain may not 
be readily apparent. By careful selection of a 
subset of the eigenvectors, keeping eigenvec- 
tors containing mostly “signal” and dropping 
those containing mostly “noise” from the 
analysis, it is possible to reduce noise in a 
data set. The data usually can be represented 
in a space containing a lower number of 
dimensions. Other benefits, such as deter- 
mining the true underlying dimensionality of 
a problem, are also obtained by this decom- 
position. It is often possible to reduce a data 
set collected over hundreds of independent 
variables to only a few nonnoise eigenvectors 
by means of a PCA. The reduced dimension 

and high information content of the principal 
components often simplifies subsequent data 
analysis. 

Despite its importance to the field of 
data analysis and its common use in spec- 
troscopy and elsewhere, very few examples of 
methods based on PCA have been reported 
in the electrochemical literature. This lack of 
interest by electrochemists is unusual given 
the ready acceptance of these methods in 
other areas of analytical chemistry. It is in- 
teresting to note, however, that one of the 
first applications of PCA was reported in 
electrochemistry, over 2 decades ago. Early 
work by Howery2’ reported on the use of 
PCA to study polarographic half-wave poten- 
tials of alkaline and alkaline-earth metal ions 
in five separate polarographic solvents. Al- 
though this study was brief, the issue of de- 
termining the appropriate number of factors 
required to describe the solvent-caused vari- 
ation in the data was addressed. Howery 
found that three principal components were 
required to adequately model the half-wave 
potentials in each of the solvent systems. 
Once the PCA model was built, physically 
significant ion and solution parameters, such 
as the ionic charge, the ionic potential, and 
the solvent’s molar enthalpy of vaporization, 
were then treated as new dependent vari- 
ables, and a MLR model was built from the 
three principal components and these physi- 
cal measurements. A low prediction error in 
this modeling - known as target testing - 
indicates that the test vector made from the 
dependent variables can be rotated onto the 
space spanned by the principal components. 
This result means that the parameters being 
tested are consistent with the source of varia- 
tion present in the data, and that it might be 
possible to predict these properties from the 
electrochemical responses. 

Principal components analysis can also 
be used to estimate the number of compo- 
nents present in a system when the number 
of systematically varying physical components 
is not known. If the data vectors that rep- 
resent sample responses are recorded at 
regular, discrete increments of time, poten- 
tial, or some other indexing variable, the 
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evolution of the number of components pre- 
sent in the mixture can be assessed as a 
function of the indexing variable. A tech- 
nique known as evolving factor analysis 
(EFA) is one method for performing this 
type of e~timation.’’’~~ Evolving factor analy- 
sis is performed by starting at one end of a 
data set and defining a subset of the data, 
composed of the first few sample response 
vectors. Principal components analysis is then 
performed and the eigenvalues obtained are 
recorded. A new subset is then defined by 
adding one more sample response vector to 
the previous matrix and PCA is performed 
again. This process is repeated until the sub- 
set includes all of the original data matrix. 
This completes the “forward scan”. The pro- 
cess of generating subsets, eigendecompos- 
ing, then adding another sample, and repeat- 
ing the eigendecomposition is then done 
starting at the other end of the data and 
working in the opposite direction - a “back- 
ward” scan. Plotting the largest few eigenval- 
ues for each factor in the forward and back- 
ward scans as a function of the indexing 
variables gives information on the regions of 
the data where changes in systematic re- 
sponse occur - perhaps due to changes in 
the ratios of overlapped components. 

Evolutionary factor analysis was used by 
Kankare et al.,22 who studied the spectro- 
electrochemical data produced from cyclic 
voltammetry of poly(3-methylthiophene) in 
0.1 M tetrabutylammonium perchlorate in 
acetonitrile solvent. Rather than plotting the 
individual eigenvalues directly, the authors 
plotted the residual standard deviations ob- 
tained for the largest eigenvalues in each of 
the decompositions. The residual standard 
deviation, which is a measure of the unex- 
plained variation remaining in the data set, is 
given as 

k 

where k is the number of the eigenvalue, 
tr(2) denotes the trace of the data covariance 

matrix, and n,, is the number of response 
variables present in the data set. Figure 2 
shows the residual standard deviations for 
the first three eigenvalues produced from 
spectra obtained during the forward (sk) and 
backward (Sk) EFA of the data for the anodic 
sweep of the voltammogram. In each direc- 
tion, as the number of factors required to 
describe the variation in the spectral data 
increases, so do the residual standard devia- 
tions of those eigenvalues corresponding to 
factors that number less than the number of 
components. The results produced by the 
foregoing standard evolving factor analysis 
were also compared to those of differential 
evolutionary factor analysis. In differential 
EFA, the size of the data subset used in the 
decompositions remains constant, but the 
window of sample response vectors is incre- 
mented through the original data matrix. The 
size of this window is critical to the analysis. 
A window that spans too broad a region in 
time will lower the resolving power of the 
method, and windows containing too few 
spectra may be subject to statistical varia- 
tions. Figure 3 shows the results of applying 
differential EFA to the same spectral data 
set used to produce Figure 2. A peak-shaped 
response results from eigendecomposing the 
data using a moving window, making the 
formation of new components more readily 
identifiable. With the aid of both of these 
eigendecomposition approaches, Kankare 
and co-workers were able to clearly identify 
the presence of transient species produced 
during the cyclic voltammetric run. 

A third technique employed by Kankare 
et aI. was based on a projection matrix that 
enables the influence of individual compo- 
nent spectra to be removed from the data. If 
Beer’s law holds, each of the spectra in the 
data matrix is comprised of the sum of the 
spectra for all components present in the 
sample, which is given as 

N 
aj = C x. . s .  i J  (11) 

i =  1 

where aj  is the measured spectrum for sam- 
ple j ,  X i j  is the mole fraction of component i 
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FIGURE 2. Evolving factor analysis of the spectra recorded during the anodic sweep of a cyclic 
voltammetric measurement. The standard deviation of the absorbance measurements is shown by 
the horizontal dotted line. (Reproduced from Kankare, J.; Lukkari, J.; Pajunen, T.; Ahonen, J. 
J. Electroanal. Chem. 1990, 294, 59 -72. With permission from Elsevier Sequoia S.A.) 

in sample j, and s i  is the spectrum of compo- 
nent i. The projection matrix for removing 
the mth component is 

where I is the identity matrix. Multiplying 
spectrum aj by the projection matrix yields 

N 
Pa: = C x i j p s i  (13) 

i # m  

Note that Eq. (13) describes another MLR 
model with dependent variable Pa: and inde- 
pendent variables Psi. To generate a projec- 
tion matrix, the spectra of the components to 
be removed from the data must be known. 
The amount to remove is determined from 
Eq. (13). Thus, the projection matrix provides 
one approach to quantitative removal of 

known components in unknown mixtures by 
MLR. It can be considered as a complement 
to the target testing of data, a technique used 
to identify the presence of a test vector in the 
data, which is also based on MLR.” 

Using the projection matrix, the authors 
analyzed the time-dependent spectral data 
produced during a potential-step experiment 
on the poly(3-me thy1 t hiophene) sys tem. 
Based on the supposition that the oxidation 
of the analyte followed a consecutive reac- 
tion scheme, where A + B -+ C, the princi- 
pal components corresponding to the initial 
and final species were selectively removed 
from the spectral data. The resulting spectral 
data clearly displayed the time-dependent 
evolution and consumption of an intermedi- 
ate species. This work illustrates the poten- 
tial of PCA as a means for extracting more 
information from electrochemical data than 
is available by the more conventional meth- 
ods presently in use. 
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FIGURE 3. Differential evolving factor analysis of the spectra obtained during the anodic sweep of a cyclic 
voltammetric measurement. Solid curve: more than one component; dashed curve: more than two 
components. (Reproduced from Kankare, J.; Lukkari, J.; Pajunen, T.; Ahonen, J. J. Electroanal. Chem. 
1990, 294, 59 -72. With permission from Elsevier Sequoia S.A.) 

Principal components analysis has other 
uses in quantitative analysis of data. For ex- 
ample, representing a data set by a reduced 
number of orthogonal variables has tremen- 
dous mathematical advantages when a re- 
gression is to be performed. Careful trunca- 
tion of the scores and loadings of a data set 
with low noise content permits modeling of 
only the systematic variation, and not the 
noise. This combination of MLR and PCA, 
known as principal components regression 
(PCR), has many useful applications. The key 
step in obtaining a successful regression us- 
ing principal components as the set of inde- 
pendent variables involves the removal (by 
truncation) of nonsignificant scores and load- 
ings from the data. When an incomplete set 
of scores and loadings are used to represent 
a data matrix D, 

(14) 

an estimated data matrix D results. In Eq. 
(14), u and v are the truncated scores and 
loadings matrices. Because a reduced num- 
ber of principal components is used in the 
reconstruction, the information present in the 
original data has been compressed to a space 
of lower dimension. In addition to this com- 
pression, the new variables used to represent 
the data are orthogonal, because they are 
scores. 

This is the basis of PCR, a form of MLR 
that relates a dependent variable Y to a set 
of independent variables in D by using a 
truncated scores matrix obtained from D in 
place of the original independent variables in 
D: 

Y = ZB (15) 

Estimation of the regression coefficients is 
performed by least-squares regression, just as 
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in MLR, but with the imgortant advantage 
that the inversion of a TU proceeds without 
difficulty.18 Modeling with PCR offers the 
possibility of including highly correlated in- 
dependent variables, such as spectra or 
voltammograms, in the model without any 
worry that the matrix inversion shown in Eq. 
(4) may fail due to the high degree of similar- 
ity of the independent variable. It also per- 
mits the use of an inverse model, where the 
response matrix R is modeled as the inde- 
pendent variable, and the concentration ma- 
trix C is treated as the dependent variable: 

C = R B + F  (16) 

Note that the inverse model presumes that 
all error is carried in the concentration. This 
assumption is unusual, but it can be satisfied 
if proper truncation of the score of R is done 
and if 6, the truncated scores of R, are used 
in the regression model, giving the relation 

C = 8 B  (17) 

Fitting Eq. (17) to the scores of data has the 
double advantage of requiring fewer inde- 
pendent variables and using data with less 
noise because of the data compression and 
noise reduction generated in eigendecompo- 
sition and the truncation of the response 
data in R. With these benefits comes a pitfall 
for the unwary: care must be taken to select 
a suituble truncation, one where little useful 
information is removed from the data. Im- 
proper truncation will cause errors in the 
modeling as a result of the introduction of a 
bias, and that bias may not be readily appar- 
ent to the uninitiated user. Methods for 
selecting the proper truncation have been 
discussed.I8 

Partial least-squares (PLS) regression ex- 
tends the idea of using the inverse model and 
replacing variables with a truncated set of 
their principal components.18 In PLS regres- 
sion, both the independent variables (called 
the X block) and dependent variables (called 
the Y block) are eigendecomposed simultane- 
ously. The PLS “outer relations” equations, 

which define the eigendecornposition of the 
X and Y matrices, have the same form as 
PCR: 

Y = UQ’ + F = uhqi + F (19) 

where T and U are the scores for the two 
blocks, P and Q are the respective loadings, 
and LR and F are residual matrices made 
from the scores and loadings of the discarded 
principal components. The simultaneous de- 
composition of the X and Y blocks is con- 
trolled by the “inner relation” 

where bh is the vector of regression coeffi- 
cients for the hth principal component in the 
X and the Y block. This inner relationship 
essentially determines the rotation of the X 
and Y data to maximize the correlation be- 
tween the two blocks. 

Many types of electrochemical experi- 
ments produce quantitative data suitable for 
modeling with PCR or PLS regression. Sur- 
prisingly, few applications have appeared. 
One application has been reported by Hen- 
rion et al.,23 who used PLS regression to 
quantitatively resolve overlapping responses 
obtained from differential-pulse anodic-strip- 
ping voltammetry. In this work, the authors 
demonstrated that a calibration developed 
from a rather small data set with the aid of 
PLS regression gave results for a two-compo- 
nent problem that were superior to those 
obtained by a vastly simpler analysis using 
only the measured current at two potentials 
to solve simultaneous equations for the 
concentrations. 

Data that are not directly suitable for 
these soft modeling and calibration methods 
can often be transformed prior to the analy- 
sis. As previously discussed, the extended 
Nernst (Nicholski) equation, used in the cali- 
bration of ion-selective electrodes, is nonlin- 
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ear and therefore not directly amenable to 
linear calibration methods. Otto and Thomas7 
have applied PLS regression to develop a 
calibration model for an array of ion-selec- 
tive electrodes used in the simultaneous de- 
termination of Ca2+, Mg2', K+, and Na+. 
The authors found that calibration using PLS 
modeling produced lower prediction errors 
than MLR; the disparity between the meth- 
ods was observed to increase as more ion- 
selective electrodes were included in the sen- 
sor array. When more electrodes are used in 
the array, more redundant information is 
present in the set of sensor responses for 
each sample. This correlation between the 
response variables can lead to a degradation 
of the performance observed for MLR, as 
discussed before. In contrast, the perfor- 
mance of the PLS calibration should not be 
affected by the collinearity in the sensor out- 
puts because the regression is better condi- 
tioned. In calibrations where a large number 
of correlated independent variables are used, 
the application of PLS regression can provide 
performance significantly better than that 
of MLR. 

D. Projection-Pursuit Regression 

Occasionally, a linear relation between 
the independent and dependent variables 
cannot be forced. In these cases, a nonlinear 
calibration method is useful. One nonlinear 
calibration method that has only recently 
been applied in chemistry, and specifically in 
electroanalytical chemistry, is projection- 
pursuit regression. In projection-pursuit re- 
gression the response variable matrix R is 
modeled as a function of linear combinations 
of the independent variables, for example, 
concentration. The function used is an em- 
pirically determined smoother 

where rj is a vector from the response block, 
Gj are the univariate smoothing functions, 
8, are the regression coefficients, c k  is the 

concentration vector for the kth species, and 
f j  is the error associated with fitting the 
response for the j th  sensor. This empirically 
determined smoother can either be used di- 
rectly in the regression or replaced by an 
appropriate analytic function. Projection- 
pursuit regression offers a big advantage 
when dealing with complex data in that it 
requires no prior knowledge of the data or 
the underlying physical model, but it can use 
the analytic expression for the physical model 
if it is known or can be guessed. 

The projection-pursuit regression algo- 
rithm starts by selecting an initial set of 
predictor coefficients 6, then generates a 
smoother G for the response as a function of 
the selected linear combinations. From the 
smoothed response function, the fraction of 
unexplained variation in the data is deter- 
mined and used to evaluate the fit. If the 
value of the unexplained variation contained 
in the fit falls below a user-defined threshold, 
the regression algorithm is terminated; al- 
ternatively, the preceding process can be 
repeated until the desired tolerance is 
obtained. 

The most common situation where non- 
linear relations between response and con- 
centration arises is with ion-selective elec- 
trodes. As previously discussed, linearization 
of the nonlinear relation can be used, but 
there are limits to the accuracy of any Iin- 
earization method. Beebe and K ~ w a l s k i ~ ~  
have applied projection-pursuit regression to 
the multivariate calibration of ion-selective 
electrode arrays. The responses of the ion- 
selective electrodes were used as the re- 
sponse matrix (R) and the concentrations 
were the predictor variables (C). They re- 
placed the empirical smoother with that of a 
logarithmic function, the theoretical re- 
sponse of an ion-selective electrode. The 
quality of the calibration produced with pro- 
jection-pursuit regression did not compare 
favorably with that of the linearized calibra- 
tion method reported by Beebe and co- 
workers,6 in part because the authors used 
insufficient amounts of data to constrain the 
flexible log-linear model defined in their pro- 
jection-pursuit regression. In the absence of 
an adequate amount of data needed to spec- 
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ify the form of a general, nonlinear calibra- 
tion to the extent required for accurate pre- 
diction, it is often better to apply more tradi- 
tional methods with a known, or assumed, 
underlying relation. In the case of calibration 
of arrays of ion-selective electrodes, lin- 
earization and subsequent calibration with 
MLR or PLS seems preferable to more so- 
phisticated approaches when limited calibra- 
tion data are available. 

E. Artificial Neural Networks 

Artificial neural networks have recently 
emerged as one of the fastest growing re- 
search areas in the field of chemometrics, but 
they have seen little use in the electrochemi- 
cal literature. The interest shown by those in 
chemometrics and elsewhere arises from their 
potential applications in nonlinear mapping, 
in nonlinear multivariate calibration, and in 
linear and nonlinear pattern classification. 

An artificial neural network is made from 
a layered array of processing units, termed 
neurons, that each possess multiple inputs 
and produce a single output. Each neuron 
performs two tasks: (1) taking the weighted 
sum of the n inputs and (2) applying a non- 

linear transfer function to the weighted sum 
to produce the output. Typically, this nonlin- 
ear function has a sigmoidal response 

where f ( x )  represents the output of the neu- 
ron, wi are the weights applied to the ith 
input, x i  is the value present at the ith input, 
and n is the number of inputs to this neuron. 

An example of a feed-forward network, 
one that does not possess any signal feedback 
pathways connecting the output layer to an- 
other layer, is shown in Figure 4. The neu- 
rons in each layer are connected to all of the 
neurons present in the next layer; the ability 
to produce very complex nonlinear models 
via this interconnected topology gives the 
network much of its modeling power. In the 
figure the first layer of neurons is an input 
buffer, with each neuron connected to a sin- 
gle input. 

To use an artificial neural network for 
calibration, a set of weights must be deter- 
mined, which yield the desired set of output 
values when a given input pattern is applied 
to the network. In supervised training of the 
network, the network is presented with a 

OUTPUTS W W W 
INPUTS 

FIGURE 4. Feed-forward neural network with a single hidden layer. 
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series of input patterns and the resulting 
outputs are compared with the known refer- 
ence outputs for the data in the “training 
set”. Adjustments to the weights are made 
based on the error observed in the output 
patterns. The presentation of the input-out- 
put pairs in the training set is repeated until 
the outputs produced by the network match 
the reference patterns to within a user- 
specified tolerance. Some caution must be 
exercised in deciding when to terminate the 
training because the network is capable of 
fitting noise present on the training data 
when improperly trained. Although many 
learning algorithms have been developed for 
making the weight adjustments, the most 
popular method for training feed-forward 
networks is the backward error propagation 
rule, known in the literature of neural net- 
works as “backprop”. In backprop the global 
error present in the output layer is propa- 
gated backward, layer by layer, using succes- 
sive applications of the chain rule for partial 
derivatives, until the input layer is reached. 
Updates to the weights are then made based 
on a gradient descent approach. The simplic- 
ity of the backprop algorithm makes it a 
convenient starting point for those interested 
in learning about neural networks, but its 
slow training can lead to very long and inef- 
ficient training sessions. Those interested in 
more detail on artificial neural networks 
might want to consult any of a number of 
excellent texts on the subject (for example, 
Reference 25). 

Bos et al.26,27 have applied neural net- 
works to the nonlinear calibration of an array 
of ion-selective electrodes. They analyzed a 
four-component system containing Ca2+, K+, 
C1-, and NO;. In addition to ion-selective 
electrodes for each of the ions present, the 
authors also included a pH electrode in the 
array. Because of the artificial neural net- 
work’s high, nonlinear modeling power, many 
of the problems previously discussed in con- 
junction with direct multicomponent calibra- 
tion of ion-selective electrode responses have 
been avoided. Chief among these problems 
was the need to separately determine the 
slope and selectivity coefficients; this prob- 
lem becomes more complicated when the 

analyte ions have different formal charges. In 
this study, the calibration - the unknown 
relationship between the species concentra- 
tions and the responses produced by the 
electrode array - is considered to be un- 
known and uninteresting to the researcher. 
The neural network serves to provide a non- 
linear mapping of the ion-selective electrode 
array’s response for each of the calibration 
samples onto the known log concentration 
values. The precision obtained in this multi- 
variate application was comparable to that 
obtained in a conventional, univariate ion- 
selective electrode calibration. The authors 
cited a mean relative error of &6% in their 
determinations. In addition to a feed-forward 
network, a recurrent network with a net 
topology that provides a feedback pathway, 
was also simulated for a two-component 
problem involving multivariate, nonlinear 
calibration of Ca2+ and Cu2+. Calibration 
results for the recurrent network were also 
similar to those obtained by linear regression 
with a univariate ion-selective electrode. The 
results of this study seem quite promising for 
the future of artificial neural networks in 
nonlinear calibration of ion-selective elec- 
trodes, but 48 h of training on a small com- 
puter was needed for the network to yield 
errors of a magnitude typical of ion-selective 
electrode measurements. The preceding lin- 
earization methods required only a small 
fraction of this time to generate a calibration 
when used to model ion-selective electrode 
responses. 

111. PARAMETER ESTIMATION 

Parameter estimation is a discipline of 
chemometrics concerned with fitting data to 
a mathematical model. It differs from cali- 
bration in that a more general model may be 
of interest beyond direct relations of re- 
sponses and concentrations in linear or non- 
linear form. Models used in parameter esti- 
mation routines can be analytic, expressible 
in closed form, or numerically generated. Ex- 
amples of both cases are well established 
in the electrochemical literature. Closed- 
form models result either from theoretical 
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relations for the system under study or they 
can be derived empirically. Numerical mod- 
els usually require extensive computations to 
generate the appropriate response functions. 
Electrochemical simulations, widely used for 
modeling the responses produced by complex 
heterogeneous and homogeneous kinetics, 
are an example of the types of numerical 
models that can be used in parameter esti- 
mation routines. Because the models used in 
parameter estimation are often more com- 
plex than those used in multivariate calibra- 
tion, some variant of nonlinear regression is 
usually needed to fit the model to the data. 
Optimization of a set of model parameters by 
nonlinear regression yields a minimum in a 
function of the difference between the exper- 
imental and the predicted response. A wide 
range of nonlinear fitting methods have been 
reported in the electrochemical literature. 
These techniques range from simplex opti- 
mization to Kalman filtering and they can be 
applied to a wide variety of chemical models, 
not just those appropriate to electrochem- 
istry. Many examples of nonlinear regression 
analysis in electrochemistry have been dis- 
cussed in a recent review by Rusling.28 

A. Batch Methods for Nonlinear 
Regression 

a nonlinear “least-squares fit” of the model 
h and the parameter set, Oi, to the data. 

In nonlinear estimation, an analytic solu- 
tion for the path to optimum parameters, 
given an exact form for the model, does not 
exist. Instead, the minimization of the object 
function is performed iteratively. These itera- 
tive optimizations can be based on either a 
direct search or on a gradient descent to the 
minimum, or, possibly for a minimum, de- 
pending on the presence of a single, global 
minimum or multiple, local minima in the 
error surface under study. Gradient methods 
require derivative information, which can be 
provided analytically from the model under 
study, or they can be numerically generated 
at each step in the optimization. No con- 
straints have been placed on the solution to 
the problem just defined, but it is possible to 
modify the object function B such that a 
constrained search for optima is performed. 

Examples of nonlinear regressions based 
on simplex optimization, a direct search 
method, are commonplace in the literature 
of electroanalytical chemistry and of analyti- 
cal chemistry as a whole. One of the better, 
and also earliest, examples of using the 
simplex-based direct search in conjunction 
with an explicit finite difference (EFD) simu- 
lation model was reported by Hanafey and 
co-workers,*’ who used EFD simulations 
to prepare sets of working curves for chro- 
noamperometric, chronocoulometric, and 
chronoabsorptometric responses in double 
potential-step experiments. A series of dif- 
ferent electrochemical mechanisms was con- 
sidered and the simulations were generated 
to cover a wide range of kinetic behavior for 
each of the mechanisms. The procedure de- 
veloped by the group allowed for kinetic pa- 

In nonlinear regression the measured 
response ( y )  is modeled as a nonlinear func- 
tion ($1 of the set of parameters to be esti- 
mated (Oil .  Object functions (=) to be mini- 
mized in a nonlinear regression are usually a 
weighted sum of the squared error between 
the measured and predicted responses: 

where wj are the set of weighting coeffi- 
cients. In the simplest cases, all data are 
given equal weight (i.e., the values for the wj 
are set to I). Minimizing this object function 
with respect to the parameters, Oi, results in 

rameter estimations to be made from reac- 
tions following known mechanistic schemes 
and the possible determination of the appro- 
priate mechanism for an input data set. Pa- 
rameter estimation was performed by using a 
simplex search, confined to two kinetic pa- 
rameters, over an interpolated response sur- 
face for each mechanism. The interpolated 
surfaces were generated for each series of 
working curves corresponding to the mecha- 
nistic pathways. Although the authors sug- 
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gestcd 11i;iI Loitplitig [t ic simulation directly 
to thc simplex optiiiii/;ition would provide 
better cs1ini;itcs 1Ii; i~ were obtained with the 
interpolalccl wor krrig uirvcs, the computation 
time rcquirccl woiiltl h v c  hccn prohibitivc. 
As a compromise, I tic ;itittior\ proposed us- 
ing the intcrpolatcd sc;trch as an exploratory 
step, and rcfining thc cslim;itcs ohtaincd by a 
separate, dircctly coupled simulation. This 
approach should yicld morc accuratc param- 
eter estimates whilc making morc cfficicnt 
use of computer time. A \imilar approach, 
but one that did not use a simplcx optimiza- 
tion, was proposed for the estimation of hct- 
erogeneous electron transfer kinctic parame- 
ters from asymmetric, double potential-step 
chronoabsorptometric data.”) The authors 
employed a table lookup, based on the po- 
tential value during the second step, and 
interpolated working-curve surfaces to match 
the experimental data. Although the basic 
approach was the same as in the previous 
study, this latter work did not address the 
range of electrochemical mechanisms already 
examined. Both of these methods are based 
on searching a database of working curves, 
which eliminates the need for iterative evalu- 
ations of complex model functions. In this 
respect these methods reduced the overall 
computational burden of fitting a data set, 
but increased storage requirements are im- 
posed to maintain the working-curve 
databases. Performing an interpolation of the 
working-curve surfaces helps to reduce the 
overall storage requirements, although at 
the expense of accuracy in the estimated 
parameters. 

One of the most prominent uses of sim- 
plex-based parameter estimation in the elec- 
troanalytical literature was proposed by 
O’Dea et al. and later refined to what is now 
known as the COOL a l g ~ r i t h m . ~ l - ~ ~  This 
method allows for the estimation of kinetic 
and thermodynamic parameters from pulse 
voltammograms of systems following an E 
mechanism with quasireversible kinetics. In 
this approach the voltammetric current is 
modeled by a nonlinear dimensionless cur- 
rent function, Y I ( o ~ , K , E ; / ~ ) ,  where 01 is the 
transfer coefficient, ErI2 is the reversible 
half-wave potential, and K is a function of 

the standard heterogeneous rate constant and 
the diffusion constants 

Fitting the data is accomplished by perform- 
ing a linear regression of the experimentally 
obscrved response against the values of YI 
provided by the nonlinear model: 

where a and b are the slope and intercept of 
the regression line and f is the error present. 
A simplex search is used to find the values of 
a, K ,  and E;,, that minimize the object 
function 

s = (1 - r )  (26) 

where r is the correlation coefficient of the 
linear regression. When the optimal values of 
these parameters have been obtained, the 
maximum correlation - largest value of r - 
is observed. In practice a value of r = 1 will 
not be observed due to the presence of noise 
in the data. 

The COOL algorithm has several conve- 
nient features. Among these is the automatic 
scaling of the dimensionless model, removing 
the need for accurate measurements of the 
electrode area and solution concentrations. 
A second benefit is the compensation for 
instrumental offset through the estimation of 
the regression’s intercept parameter. An ad- 
ditional feature of the COOL algorithm is 
that confidence intervals are computed by 
maximum likelihood for each of the esti- 
mated parameters. In principle, this method 
can be applied to the analysis of any pulse 
voltammetric response, but in practice it has 
seen most of its applications in square-wave 
voltammetry. In Figure 5 the results of fitting 
a series of square-wave voltammograms, col- 
lected at different frequencies, are displayed. 
Across the entire frequency range employed. 
excellent agreement was obtained between 
the experimental data and the fits generated 
by the COOL algorithm. Extensions of this 
method have appeared that incorporate 
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FIGURE 5. Square-wave current as a function of frequency, 1 m M  Zn(ll) in 1.05 M NaNO,. 
A€,  = 5 mV, E,, = 25 mV. Experimental (0) and theoretical (-1 currents with frequencies in 
ascending order of curves at - 1100 mV; 10, 25, 50, 100, 200, 300, 400, 500, 700, and 1000 
Hz. (Reproduced from O'Dea, J. J.; Osteryoung, J.; Osteryoung, R. A. J. Phys. Chem. 1983, 
87, 391 1 -391 8. With permission from The American Chemical Society.) 

corrections for electrical double-layer effects 
on the observed reaction kinetics.35 

Nonlinear regression has also been used 
extensively for fitting polarographic and 
voltammetric data. Examples range from the 
early work of Meites and L a m ~ u g n a n i , ~ ~  to 
similar work reported recently for resolving 
overlapped p o l a r o g r a m ~ . ~ ~ , ~ ~  Colina et al.39 
analyzed response surfaces produced by po- 
larographic waves; the focus of this work was 
an evaluation of the precision in the resulting 
parameter estimates. Birke et al.40 extracted 
kinetic information from differential pulse 
polarography by using a simplex-based non- 
linear regression procedure coupled to a the- 
oretical model for the response produced by 
reversible, quasireversible, and irreversible 
systems. By using the simplex to perform the 
nonlinear regression, they were able to suc- 
cessfully estimate the values of the heteroge- 
neous standard rate constant, the transfer 
coefficient, and the reversible half-wave po- 
tential for a quasireversible system. The elec- 
trochemical system studied in this work was 

the reduction of Zn(I1) in KNO, and NaNO,. 
Results obtained in this study were in good 
agreement with those obtained by other 
methods. Fitting direct current and derivative 
polarograms was proposed for the analysis of 
first-order EC processes by Kim.41 Experi- 
mental polarograms were fitted to a function 
derived for the EC mechanism. Estimates of 
the homogeneous rate constant and the re- 
versible half-wave potential for the heteroge- 
neous electron transfer reaction were ob- 
tained from the fits. 

Potential-step voltammetry and semi- 
derivative voltammetry have also been ad- 
dressed by multiparameter curve fitting. 
Boudreau and P e r ~ n e ~ ~  used a combination 
of skewed Gaussian and skewed Cauchy 
functions to fit potential step voltammetry 
data. Part of this work was concerned with 
implementing on-line peak detection to trig- 
ger an interrupt in a staircase voltammetry 
experiment. The momentary pause produced 
in the data acquisition provides an improve- 
ment in the resolution of overlapping 
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responses. Toman and Brown43 showed that 
semiderivative voltammetry could be treated 
by nonlinear regression to resolve overlapped 
responses for reversible systems. A three- 
component problem was studied with semi- 
differentiated linear sweep voltammetry and 
semidifferentiated anodic-stripping voltam- 
metry. Components in the experimental stud- 
ies could be resolved with peak separations 
as small as 40 mV. An extension of this work, 
reported by Caster et al.,44 examined nonlin- 
ear least-squares fitting of semidifferentiated 
linear scan voltammograms as a function of 
the degree of reversibility of the electro- 
chemical system involved. Minor changes in 
the semiderivative peak shapes did not sig- 
nificantly alter the ability to adequately fit 
the voltammetric data. Rusling and con nor^^^ 
applied nonlinear regression analysis to study 
pseudo-first-order rate constants for electro- 
catalytic reactions using linear sweep voltam- 
metry. In this application the response curves 
observed were of the form of a voltammetric 
wave so that a simple function could be used 
in the regressions. Results suggested that this 
method provided more precise parameter es- 
timates from overlapping responses than had 
been obtained from a simple background 
subtraction. 

Estimation of electrochemical kinetic pa- 
rameters from chronoamperometric and 
chronocoulometric data using nonlinear re- 
gression and simplex searches is also well 
established. Rodriguez M e l l a d ~ ~ ~  used a lin- 
earization that formats the nonlinear estima- 
tion into a linear regression. This approach 
makes use of the same basic strategy behind 
the COOL algorithm. Another approach to 
the analysis of chronoamperometric and 
chronocoulometric data, one based on a mul- 
tiple linear regression procedure, was also 
reported for the estimation of heterogeneous 
kinetic pa ra rne te r~ .~~  Other authors have ex- 
amined using nonlinear regression to fit spec- 
troelectrochemical data produced in poten- 
tial step  experiment^,^^ and time-dependent 
spectral data produced in thin layer spectro- 
electrochemistry  experiment^.^^ Chen and 
McCreery 50 reported fitting chronoampero- 
metric data for the estimation of homoge- 
neous kinetic parameters of a first-order EC 

mechanism. More complicated mechanistic 
schemes, such as an ECE mechanism, have 
also been addressed by nodinear regression 
 method^.^' Recently, Papanastasiou et al. re- 
ported the estimation of homogeneous kinet- 
ics for an ECECE mechanism by an iterative 
parameter estimation method.52 A demon- 
stration of the technique was made using 
both synthetic and experimental data. In ad- 
dition to extracting kinetic and mechanistic 
information from chronoamperometric data, 
the problem of modeling responses produced 
by microelectrode arrays has also been ad- 
dressed. Weisshaar and Tallmad3 reported 
an investigation of Kel-F-graphite composite 
electrodes using chronoamperometry and a 
model developed for partially blocked elec- 
trode surfaces. A simplex-based direct search 
was therefore employed to estimate the 
model parameters. 

In each of the preceding applications 
simple nonlinear regression procedures were 
successfully employed to fit data from a vari- 
ety of polarographic, voltammetric, and 
chronoamperometric experiments. Addition- 
ally, applications of nonlinear regression 
methods have also appeared in the analysis 
of impedance and admittance data.54.55 Al- 
though all of the foregoing studies reported 
good results, relatively few of the authors 
adequately addressed the issue of errors in 
the parameter estimates obtained in the non- 
linear fits. This is a critical weakness in any 
nonlinear regression study, because analyti- 
cal expressions for error tolerances are not 
readily available. Further, the existence of 
correlation between the parameters being es- 
timated in a nonlinear regression, a situation 
that is frequently encountered in electro- 
chemical kinetics, complicates the correct as- 
signment of the error tolerances. A con- 
tributing factor to this problem is the issue of 
selecting a proper set of weighting coeffi- 
cients for the regression, another critical is- 
sue that has been given too little attention in 
the majority of nonlinear regression studies. 

Up to this point only limited use of elec- 
trochemical simulations as models in nonlin- 
ear regression has been discussed. In the 
work of Hanafey et al.,29 direct coupling of 
the simulations into the nonlinear regression 
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routines was limited due to the prohibitive 
computational burden. One solution was 
demonstrated by Arena and R ~ s l i n g , ~ ~  who 
made use of the more computationally effi- 
cient expanding space grid, explicit finite dif- 
ference simulations. In addition to the effi- 
cient simulation model, the authors also 
employed a more efficient estimation and 
fitting method, a Levenberg-Marquardt algo- 
rithm. This combination made the sirnula- 
tion/regression procedure less computation- 
ally demanding. Even with the reduction 
in computational load, an entire simula- 
tion must be run at each iteration in the 
regression. 

B. Recursive Methods for Nonlinear 
Regression 

Kalman filtering has been used for pa- 
rameter estimation in a number of examples 
in the electrochemical literature. As in the 
previously discussed methods, the models be- 
ing fitted to the data are nonlinear. The 
nonlinear form of the model prevents the use 
of the simpler, linear, discrete Kalman filter 
discussed previously. Several modifications to 
the basic Kalman filter algorithm exist for 
use in nonlinear optimization problems, in- 
cluding the extended Kalman filter, the ex- 
tended-iterated Kalman filter, second- (and 
higher) order Kalman filters, and the lin- 
earized Kalman filter. Of these, only the ex- 
tended and the iterated-extended Kalman 
filters have been applied to electrochemical 
problems. 

An extended Kalman filter can be de- 
signed to handle problems with nonlinear 
measurement models, nonlinear system dy- 
namics, or both. The extended Kalman filter 
is based on expanding the nonlinear system 
dynamics and nonlinear measurement mod- 
els in a Taylor series about the current tra- 
jectory of the state vector. The functions are 
then linearized by truncating the series after 
the linear terms, which defines the linearized 
system dynamics and measurement matrices. 
The remainder of the filter algorithm is iden- 
tical to that of the linear, discrete Kalman 
filter, Details of the extended filter are given 
by Brown.’’ 

Some of the most interesting applications 
of Kalman filtering in electrochemistry have 
exploited the recursive nature of the algo- 
rithm as an efficient means of optimizing a 
simulation while simultaneously fitting the 
simulation model to a set of data. Using an 
electrochemical simulation as the model in a 
nonlinear regression can be done in a num- 
ber of different ways. In the optimization 
schemes discussed previously, it was neces- 
sary to run an entire simulation, which can 
require a significant amount of computer 
time, for each successive evaluation of the 
object function. If an optimization required 
100 iterations to converge on a set of param- 
eter estimates, a minimum of 100 separate 
simulations needed to be run in the process. 
Brown et al.” were the first to couple a 
simulation for linear sweep voltammetry to 
an extended Kalman filter to perform the 
optimization recursively. The authors used 
the method to estimate the standard rate 
constant and charge transfer coefficient for 
simple heterogeneous electron transfer reac- 
tions. In this approach, the filter is provided 
with a data set to be fitted and the initial 
guesses for the parameters to be estimated. 
As the simulation is being run, it is optimized 
recursively by evaluating the filter object 
function and adjustment of the parameter 
estimates used in the simulation as each suc- 
cessive point in the experimental voltammo- 
gram becomes available. Thus, it is possible 
to perform the nonlinear regression and ob- 
tain the desired parameter estimates by run- 
ning only a single simulation. Because the 
computational overhead required by the 
Kalman filter is small (about 10%) compared 
to the computations involved in the simula- 
tion, a reduction in computing time of sev- 
eral orders of magnitude was realized. 

Lavagnini et al.’* have also reported the 
use of an extended Kalman filter to optimize 
a simulation for cyclic voltammetry. In this 
study the authors used the filter to estimate 
the Eo’ values for a reversible EE mecha- 
nism. In addition to the extended filter, an 
iterated extended filter, simplex, and Mar- 
quardt optimizations were also employed and 
the relative performances were compared. 
The authors reported that all three of the 
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methods yielded accurate estimates for the 
Eo’ values. As part of the study the com- 
puter times required for each of the estima- 
tions were also reported. From the values 
reported, it appears that the filter was not 
used to recursively optimize the simulations, 
but rather an entire simulation was run for 
each iteration of the filter. Although this 
approach is consistent with the manner in 
which a simulation is coupled to other opti- 
mization routines, it does not take advantage 
of the tremendous reduction in computa- 
tional time achieved by performing the opti- 
mization recursively. 

Recently Bear and Brown extended the 
work of Brown et al.” to fit voltammetric 
responses generated in potential-step experi- 
m e n t ~ . ~ ~  In this work, the EFD simulation 
was generalized, enabling the EFD technique 
to be used with any potential-step protocol. 
Four different types of potential-step experi- 
ments were examined using both synthetic 
and experimental data: staircase voltamme- 
try, square-wave voltammetry, a large-ampli- 

tude version of staircase voltammetry, and 
pseudorandom potential-step voltammetry. 
Data for each of the different voltammetric 
techniques were fit using the same Kalman- 
filter-optimized simulation routine. A typical 
fit using synthetic data for pseudorandom 
potential-step voltammetry is shown in Fig- 
ure 6. The kinetic parameters in the simula- 
tion were estimated with very good accuracy, 
and the estimates were independent of the 
specific voltammetric technique employed. 
Further, the authors reported that applied 
potential sequences with more random char- 
acter produced kinetic parameter estimates 
with higher precision. A Monte Carlo tech- 
nique was used to assess the precision of the 
parameter estimates obtained. The computa- 
tional advantages of performing the fitting 
recursively were also illustrated. The explicit 
finite difference simulation of a staircase 
voltammogram required 76.2 s; fitting the 
same voltammogram using the Kalman- 
filter-optimized simulation required only 
78.9 s. Only a small increase in computa- 

4 0  
0 0.05 0.1 0.15 0.2 0.25 

Time (seconds) 

FIGURE 6. Kalman filter fit of a synthetic, pseudorandom pulse 
voltammogram for a system displaying quasireversible kinetic behavior. 
Random noise was added to the data to give a peak signal-to-noise ratio of 
200. The synthetic voltammogram (solid line), the filter-generated fit 
(dashed line), and the filter innovations (dotted line) are all displayed. 
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tional time - relative to the time used to 
run a single simulation - is required by this 
recursive optimization procedure. 

C. Parameter Estimation by Calibration to 
Data Features 

An alternative method to voltammetric 
parameter estimation has been described 
by Speiser,60 and further work on the meth- 
od has also been r e p ~ r t e d . ~ * - ~ ~  Speiser’s 
approach is based on developing empirical 
correlations between relevant system param- 
eters, such as heterogeneous and homoge- 
neous rate constants, and the characteristics 
of voltammetric responses produced by these 
systems. The author(s) developed a simula- 
tion package to generate voltammograms that 
model a wide range of system kinetics, pro- 
ducing “working curves”, for each of the 
mechanisms under study. Key features, such 
as peak position, are extracted from the se- 
ries of voltammograms. Regression analysis 
is then used to correlate those features ex- 
tracted from the voltammetric response to 
the system’s kinetic parameters. Both MLR 
and B-spline regression have been used by 
the author(s) for generating the empirical 
models. Once the empirical model has been 
established, it can be used for the analysis of 
sample voltammograms. Voltammetric fea- 
tures from the sample voltammogram are 
used in the model to predict the appropriate 
system parameters for the mechanism under 
study. The system parameters obtained in the 
prediction step are then used in the corre- 
sponding simulation to generate a synthetic 
voltammogram. This synthetic response is 
then compared with the experimental data. If 
the observed fit is good, the procedure is 
terminated and the parameter values are re- 
ported. An observed lack of fit indicates the 
need to repeat the procedure with another 
model. In principle this is very similar to the 
working-curve approach of Hanafey et al.29 
discussed before, yet it has several distinct 
advantages. By reducing the data from an 
entire voltammetric response to a set of de- 
scriptive parameters and by using a simple 
empirical correlation, the computational and 

storage requirements are dramatically re- 
duced. The resulting simulation and analysis 
routines make up a much smaller, yet easy to 
use, software package. 

D. Global Methods of Parameter 
Estimation 

Global analysis of voltammetric data64-66 
has been proposed recently for the estima- 
tion of heterogeneous kinetic parameters 
from systems displaying an E mechanism. 
Although this approach does not employ any 
sophisticated chemometric techniques, it is a 
novel way of transforming and analyzing 
voltammetric data, and it may deserve fur- 
ther study. The principle behind this method 
is that the kinetic parameters for the elec- 
trode reaction will be uniquely described in a 
three-dimensional space, which is defined by 
the applied potential, the current, and the 
semiintegral of the current. The resulting 
analysis is reduced to a simple graphical rep- 
resentation. Once this reduction is accom- 
plished, a weighted linear regression is ap- 
plied to obtain the parameter estimates. 

IV. OPTIMIZATION 

The extraction of relevant information 
from chemical data is important, but it is 
equally important to employ sound experi- 
mental design in acquiring the data. Chemo- 
metrics is also concerned with the design of 
experiments that produce maximum informa- 
tion in the data, while making the measure- 
ment process more efficient. In the foregoing 
discussion, optimization methods were em- 
ployed to drive nonlinear regressions for 
fitting experimental data. However, optim- 
ization methods are not limited to use in re- 
gression procedures. Optimization methods 
can be readily applied to the problem of 
experimental design. 

Relatively few applications of experi- 
mental design have been reported in the 
electrochemical literature. Copeland et al.67 
reported one of the first applications of ex- 
perimental design in electroanalytical chem- 
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istry. In this work, the authors applied a 
factorial design to optimize and assess the 
performance characteristics of differential- 
pulse, anodic-stripping voltammetry at thin 
film mercury electrodes. With the factorial 
design the authors characterized the effects 
of both instrumental and experimental pa- 
rameters to obtain a set of optimum condi- 
tions for the determination of trace levels of 
Pb(1I) and Cd(I1) in water, urine, and blood 
specimens. 

Although other examples of optimizing 
experimental conditions have appeared, such 
as a study of computer-assisted, interactive 
optimization of anodic-stripping voltammetry 
given by Thomas et a1.,68 very few have em- 
ployed a statistically sound experimental de- 
sign protocol. A recent exception was pre- 
sented by O d ~ o z a , ~ ~  who addressed the issue 
of simplex optimization of electroanalytical 
experiments. In this work the author illus- 
trated the use of computerized control and 
optimization of a staircase voltammetry ex- 
periment. The analysis provided a compro- 
mise between sensitivity and resolution in the 
voltammetric data. Only two parameters were 
used in this optimization, the potential-step 
height and step duration, but extension of 
the principles used here would be straightfor- 
ward. Other authors have considered the 
problem of optimizing the performance of 
electrochemical detectors for flow-injection 
 experiment^.^' The results were examined 
graphically, where the optimum conditions 
were represented by a bounded region of 
performance parameters. Glass et al.’l have 
applied the Shannon entropy as a criterion in 
optimizing the information content provided 
by multielement, microelectrode arrays. The 
authors examined the information gain pro- 
duced by using a microelectrode array com- 
posed of five elements (Pt, Au, V, Ir, and C) 
over that from a single Pt microelectrode. 
They also applied information-based opti- 
mization to studies of materials by cyclic 
voltammetry with the microelectrode array. 
Two sets of compounds were analyzed; one 
set was composed of high explosives and the 
other was a set of structurally similar com- 
pounds. The authors reported a 25% gain in 
the information content when the multiele- 
ment microelectrode array was used. 

120 

The application of experimental design is 
widespread throughout the remainder of ana- 
lytical chemistry, far surpassing the rate at 
which applications appear in the electroana- 
lytical literature. At first this fact would seem 
a bit disturbing, but on further consideration 
one might propose the following explanation. 
The majority of articles on electrochemistry 
encountered in preparing this review dealt 
primarily with the theoretical aspects of 
methods and reaction mechanisms. Most ap- 
plications of experimental design observed in 
other fields of chemistry were oriented to- 
ward the optimization of conditions and op- 
erating parameters associated with the im- 
plementation of methods for routine analysis. 
These two different orientations should not 
be considered to be mutually exclusive. The 
application of statistically sound experimen- 
tal design methods can only improve the 
results obtained in any analysis. 

V. SIGNAL PROCESSING 

Signal processing is a discipline of 
chemometrics that is concerned with the ma- 
nipulation of analytical data to make the 
information contained in the data more ac- 
cessible. These manipulations can take many 
forms, ranging from smoothing a data set for 
suppressing experimental noise to deconvo- 
luting data for enhancing resolution. Simple 
signal processing techniques are among the 
most commonly practiced chemometric 
methods in electroanalytical chemistry. Many 
applications of signal processing principles in 
electrochemistry are concerned with electro- 
chemical theory, such as convolution voltam- 
metry, and will not be considered here. Ap- 
plications of signal processing that are fo- 
cused on instrumentation or experimental 
techniques, such as Fourier Faradaic admit- 
tance measurements, are also omitted from 
this review. Methods that are discussed are 
those whose applications are not unique to 
electroanalytical chemistry, but have been 
applied here for enhancement of the data 
analysis. A good introduction to signal pro- 
cessing in electrochemistry was given by 
Smith.7273 This article was presented in two 
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parts and covered an introduction to Fourier 
transform Faradaic admittance measure- 
ments as well as discussions of the data en- 
hancement methods. 

A. Methods Using the Fourier Transform 

A majority of the signal processing meth- 
ods applied in electrochemistry are based on 
the use of the Fourier transform and its 
proper tie^.^^ In addition to providing fre- 
quency domain information for analyses, 
where this is the primary concern, the Fourier 
transform also provides a‘ convenient numeri- 
cal means of performing other types of data 
enhancements. Because most modern instru- 
mentation records data as discretely sampled 
events, a discrete formulation of the Fourier 
transform pair is used in actual computa- 
tions. The discrete, band-limited, Fourier 
transform pair is 

where Hn is the nth frequency component, 
h& is the kth time sample, N is the number 
of samples in the data set, and j = R. In 
this representation, the factor of 21-r is al- 
ways given in the exponential, a convenience 
that can eliminate some confusion in the 
not at ion. 

1. Fourier Smoothing 

One of the most frequently exploited fea- 
tures of the time and frequency domain rep- 
resentations of data is the relative locations 
of signal and noise components in each case. 
In most analytical data the signal compo- 
nents are characterized by large-amplitude, 
slowly varying responses, whereas the noise is 
usually observed as rapidly changing, small- 
amplitude fluctuations. For most systems this 
description, which assumes that the noise is 

random or “white” in character, is valid. In 
the frequency domain the situation is quite 
different: information describing the signal 
components is contained in the low-frequency 
region of the spectrum, whereas the white 
noise distributes across the entire spectral 
range. 

The entire Fourier transform contains 
both real and imaginary frequency compo- 
nents. Because experimental data consist only 
of real numbers, the imaginary portion of the 
spectrum contains a mirror image of the real 
spectrum. Although the redundant informa- 
tion contained in the imaginary component is 
not used in most applications, it should be 
included in the calculations to prevent violat- 
ing Parseval’s t h e ~ r e m . ~ ’ ~ ~  If only the real 
frequency components are used in subse- 
quent calculations, the results must be ad- 
justed by a factor of 2 to retain the same 
total integrated power. Many authors using 
transform methods seem to forget this fact. 

By determining the frequency beyond 
which little or no signal information is pre- 
sent, it is possible to effectively remove most 
of the noise from the data. The Fourier 
transform is multiplied by a step function, or 
other suitable apodizing function, to set the 
high-frequency coefficients to zero while 
leaving those corresponding to the signal 
components unaltered. After this multiplica- 
tion has been carried out, the resulting spec- 
trum is inverse-transformed to the original 
data domain. A substantial reduction in the 
noise level is obtained by this Fourier filter- 
ing procedure. This process is illustrated in 
Figure 7, which depicts the Fourier filtering 
of a noisy square-wave voltammogram. 

Examples of Fourier smoothing have 
been appearing in the electrochemical litera- 
ture since the early 1 9 7 0 ~ ~ ~  Recently, a new 
algorithm for Fourier smoothing of electro- 
chemical data was reported by Aubanel et 
al.76 This algorithm uses an alternative to the 
commonly employed fast Fourier transform 
(FFT) that takes advantage of the fact that 
experimental data consist of real numbers, 
eliminating the need for the complex portion 
of the transform. This consideration reduces 
both the computational and storage require- 
ments for the transform. Although the 
authors have proposed their own algorithm, 
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FIGURE 7.  (a) Noisy square-wave voltammogram, (b) Fourier transform of 
the noisy squarewave voltammogram. 
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FIGURE 7. (c) Fourier filtered, square-wave voltammogram. 

similar results can be obtained through effi- 
cient use of either the standard FFT or the 
Hartley transform, a real version of the FFT." 
In addition to their transform algorithm the 
authors proposed an alternative to the stan- 
dard step function frequently used in Fourier 
smoothing; the new function helps to reduce 
the ringing commonly associated with using 
the step function. 

transforming, the number of points in the 
data set is increased. The number of points 
in the new data set will be equal to the sum 
of the original data and the number of zeros 
added. At a first glance this procedure may 
appear to work wonders, but no information 
has been added to the original data despite 
the increase in the number of data points. 

3. Parameter Estimation in the Fourier 
Domain 

2. Fourier Interpolation 

Other authors have applied the Fourier 
transform to the interpolation of sparse elec- 
trochemical data.77 The interpolation was 
proposed to better define the peak location 
in such data sets. Interpolation of a data set 
is performed by transforming the original 
data set to the Fourier domain, padding the 
transformed data with zeros, then applying 
the inverse transform to return to the origi- 
nal data domain. As an example, consider a 
data set containing only sparse data points 
that has been transformed to the Fourier 
domain. By the addition of zeros (padding) to 
the end of the transformed data and inverse 

Performing parameter estimation in the 
Fourier domain was reported by Binkley and 
De~sy, '~ who used linear LSR in the Fourier 
domain to resolve overlapped square wave 
voltammograms. This application takes ad- 
vantage of the linear nature of the Fourier 
transform, which can be stated as the follow- 
ing: the Fourier transform of a summed re- 
sponse is equal to the sum of the transforms 
of the individual responses. Because the re- 
sponses are additive in both domains, param- 
eter estimation can readily be performed in 
either. An advantage gained by this approach 
is a reduction in the dimensionality of the 
problem. The signal information is contained 
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in the low-frequency portion of the spectrum, 
which allows the size of the data set to be 
reduced from the original number of data 
points in the sampled voltammogram to the 
first few frequency coefficients that contain 
relevant signal information. This reduction 
in the dimensions of the data matrix results 
in a better conditioned problem for use 
with MLR. 

4. Fourier Deconvolution 

Another advantageous property of the 
Fourier transform that has been addressed in 
electrochemistry is the ease in dealing with 
convolution problems. The convolution theo- 
rem is stated as, "the Fourier transform of 
two functions convoluted in the time/poten- 
tial domain is equal to the product of the 
Fourier transforms of the individual func- 
tions," where the discrete convolution of two 
functions, h and g, is defined as 

and M is the duration of the response func- 
tion h. 

The convolution properties of the Fourier 
transform allow for resolution enhancement 
by the deconvolution of responses with an 
appropriate function. Deconvolution is per- 
formed by dividing the Fourier transform of 
the convoluted response by the transform of 
the appropriate convoluting function, and 
then performing an inverse transform on the 
results. The new data set obtained from this 
procedure has the artifacts of the convolut- 
ing function removed. Many examples of this 
approach have been reported in electrochem- 
istry. These have ranged from sharpening AC 
polarographic peaks by deconvoluting with a 
function based on the expected system re- 
~ p o n s e ~ ~  to similar methods applied to the 
study of adsorption effects using differential 
pulse polarography.80 

Theoretical studies of the Fourier trans- 
form of voltammetric peaks, waves, and re- 
versible linear sweep voltammograms have 

also been ~ n d e r t a k e n . ~ l - ~ ~  With the results 
obtained in the latter theoretical studies, the 
authors were able to apply deconvolution for 
resolving overlapping voltammetric re- 
sponses. This type of procedure has also been 
applied to the removal of instrumental arti- 
facts from voltammetric  measurement^.^^ 
Deconvolution was used to remove the ef- 
fects of slow current transducers observed in 
voltammetric studies with ultramicroelec- 
trodes and high potential sweep rates. 

5. Fourier Differentiation 

Numerical differentiation of data is an- 
other application of the Fourier transform. 
Differentiation and integration of data are 
based on the following property of the trans- 
form: 

where m is the order of differentiation, or 
integration if the sign of m is negative. Mul- 
tiplying the Fourier transform of a data set 
by (2n i f ) " ,  then performing the inverse 
transform results in the numerically differ- 
entiated data. For example, to obtain the first 
derivative of a data set, the Fourier trans- 
form of the data set would be multiplied by a 
linear ramp. The resulting frequency domain 
function is then inverse-transformed to yield 
the derivative of the original data. de Levie 
et a1.86 have applied this technique to inter- 
facial tension data. In this procedure the 
data set was simultaneously smoothed and 
differentiated. 

B. Kalman Filtering 

Smoothing of electrochemical data can 
be performed in a number of ways. The 
preceding discussion focused on the applica- 
tion of Fourier smoothing, but other methods 
such as Savitzky-Golay filtering/smoothing 
and the Kalman filter also can be used. 
Lavagnini et al.87 reported on the use of the 
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Kalman filter for smoothing, calibration, and 
solution equilibria problems. In this work the 
authors compared the performance of 
Kalman, Savitzky-Golay, and Fourier filtering 
for smoothing voltammetric data. Although 
the Kalman filter can be implemented as a 
true, real-time filtering method, the authors 
report some minor problems with asymmetry 
in such cases. To avoid distortion of data by 
filter asymmetry, the Kalman filter can be 
used as an optimal smoother after data col- 
lection, allowing both forward and backward 
passes through the data to  be made. 

VI. PAlTERN RECOGNITION 

Pattern recognition is the common name 
for a widely applied discipline of chemomet- 
rics that is concerned with classification and 
identification of samples. Its applications are 
routine in the general literature of analytical 
chemistry, but much of the work reported in 
the electrochemical literature was done in 
the early days of chemometrics and is there- 
fore based on older methods. The studies 
that have appeared have focused on the use 
of three simple pattern recognition methods: 
linear learning machines, k-nearest neigh- 
bors classification, and expert systems. Other, 
more sophisticated pattern recognition meth- 
ods are routinely applied in other fields of 
analytical chemistry. The interested reader is 
referred to standard chemometric texts3*19 for 
details on these. 

The purpose of pattern recognition is to 
develop a semiquantitative model that can be 
applied to the identification of unknown sam- 
ple patterns. Each sample “pattern” or “ob- 
ject” contains N response variables, which 
may or may not be mean-centered, scaled, or 
otherwise transformed to enhance the data 
analysis to follow. Transformed variables, 
even those that are not changed at all, are 
generally called “features”. With N features, 
each object in the data is described by a 
vector in a space of N dimensions. Each of 
the different pattern recognition methods 
seeks to describe how the samples of known 
class are oriented with respect to each other 
and those of other classes in the multidimen- 

sional space. By establishing similarities be- 
tween data for samples of known class and 
then exploiting these similarities, unknown 
samples can be classified. Unlike other areas 
of chemometrics, however, the classification 
of multivariate data is best done with the aid 
of several methods, so that the clearest pic- 
ture of the data and class structures can be 
obtained. For this reason, the brief overviews 
of the relevant methods used in pattern clas- 
sification will be given first, and the applica- 
tions of pattern recognition will follow this 
discussion. 

A. Linear Learning Machine 

The linear learning machine is a simple, 
binary classification technique that can be 
applied to problems where the mulivariate 
data are linearly separable. This technique 
was one of the first pattern recognition meth- 
ods applied in the field of chemistry, mainly 
due to its simplicity and ease of program- 
ming. It is an iterative method, and, as with 
any iterative method, finding a solution can 
be time-consuming, especially when an ill- 
selected starting point is used. For classifying 
a linearly separable problem with sufficient 
data, the linear learning machine classifier 
works well, but other methods, such as statis- 
tical linear discriminant ana lys i~ ,~?’~  offer a 
more efficient approach for linearly separa- 
ble problems. Although the basic algorithm 
for linear learning machines was designed to 
define a decision threshold between two 
classes, sequential applications of the algo- 
rithm can extend its utility to a larger num- 
ber of classes, at the cost of time.” 

The requirement that the problem is lin- 
early separable will become apparent through 
an example of how the linear learning ma- 
chine performs a classification. Consider a 
data set containing patterns, which are repre- 
sented by the coordinates on two feature 
axes, for two classes (A and B). In the data, 
two distinct groupings, or clusters, are ob- 
served that correspond to the two classifica- 
tions. If the data space is augmented by one 
dimension, with each pattern assigned a value 
of unity along that axis, it becomes possible 
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to separate the data clusters using a plane in 
the N + 1 dimensional space. In the aug- 
mented data space this plane is uniqueiy 
defined by a normal weight vector (w) that 
passes through the origin. Initially, the linear 
learning machine positions the plane at ran- 
dom. By determining the dot product of the 
weight and object vectors, the position of any 
object is either positive or negative with re- 
spect to the plane (i.e., a simple binary classi- 
fication results, depending on which side of 
the plane the object falls). In refining the 
position of the plane the algorithm calculates 
if any of the B samples have been classified 
on the A side of the hyperplane. When the 
first B sample is encountered on the A side, 
the linear learning machine calculates a new 
estimate for the position of the hyperplane. 
This trial and error process is repeated until 
all of the A samples reside on one side of the 
hyperplane and all of the B samples are on 
the other. After the linear learning machine 
has “learned” the training set, test samples 
can be classified by calculating on which side 
of the decision plane they fall. 

B. k-Nearest Neighbors Classifier 

k-nearest neighbors classification is the 
second oldest pattern recognition technique 
with applications reported in the electro- 
chemical 1i terat~re . l~ This technique is also 
simple, easily programmed, and, despite its 
simplicity, can yield very accurate classifica- 
tions for a wide range of problems. The clas- 
sification is based solely on the relative prox- 
imity, or distance in the multidimensional 
feature space, of the test pattern to neighbor- 
ing samples of known class. Distances be- 
tween the sample pattern and all patterns in 
the training set are calculated. These dis- 
tances are then examined in ascending order. 
The class sample with the shortest distance 
to the test sample - the nearest neighbor 
- provides the closest match to the charac- 
teristics of the test sample and is the first 
approximation for determining the class of 
the unknown. Each of the first k neighbors, 
where k is a number selected by the user, is 

used to provide a “vote” in the unknown’s 
classification. If the unknown sample is lo- 
cated near the center of the training patterns 
for one class and there are no members of 
other classes nearby, all k votes will be of 
the same class. This will remain true until the 
number of neighbors being examined exceeds 
the number of members in the class. In cases 
where the test sample lies in a region be- 
tween samples of different classes or if the 
classes are diffuse, then the k-nearest neigh- 
bors will contain a mixture of different class 
“votes”. 

There are several key requirements for 
accurate classifications using the k-nearest 
neighbors method. First, the data need to 
have well-resolved clusters present for each 
class. Second, an adequate number of sam- 
ples must be present to define each of the 
known classes, relative to the number of 
neighbors used to evaluate the class of the 
unknown. Additionally, each of the training 
set samples must be correctly classified. In 
problems where there are insufficient sam- 
ples, large discrepancies in the number of 
training samples that represent each class, or 
overlapped clusters, k-nearest neighbors 
classification will be limited in its ability to 
accurately assign classes to unknown samples. 

C. Expert Systems 

The third method that has been used for 
classification in electrochemistry is the expert 
system, which is a simple hierarchy of user- 
defined rules that are used to evaluate the 
data. An expert system translates a heuristic 
method into a decision tree that can be im- 
plemented to automate the analysis of data 
for a particular problem. Although this 
method is conceptually simple and easy to 
implement, it suffers from some severe draw- 
backs. The classification accuracy is based 
solely on the programmers’ understanding of 
the problem and their ability to foresee the 
flow of difficult-to-classify samples through 
the decision tree. One possible advantage 
of the expert system is that it may not require 
a traditional training set to establish the 
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classification rules. Because the expert sys- 
tem rules must be established by some means, 
some sort of training data is needed. 

D. Pattern Recognition Applied to 
Resolution 

Applications of the linear learning ma- 
chine in electrochemistry represent some of 
the first reported uses of chemometric meth- 
ods in the field. Sybrandt and P e r ~ n e ~ @ ~  
were among the first to apply this technique 
for the qualitative analysis of mixtures in 
stationary electrode polarography. In these 
studies, the authors suggested that the reso- 
lution of the classification method was pri- 
marily limited by the precision of experimen- 
tal data. Derivatization was also investigated 
as a pretreatment for the polarographic data. 
Early studies by Ichise et al.,90 which utilized 
an analog-feedback linear learning machine, 
were focused on the identification and quan- 
titation of analytes in mixtures. The authors 
reported a quantitation error of 10% for the 
analytes in a four-component mixture. 

The identification of overlapping voltam- 
metric responses from single voltammograms 
has been addressed using both k-nearest 
neighbors and linear learning machine classi- 
fiers by Thomas and co -worke r~ .~~ ,~*  One of 
the key aspects addressed in these studies 
was the selection of features to be used in 
the pattern recognition. By Fourier trans- 
forming the experimental voltammograms 
and truncating the transformed data after 
the first few Fourier coefficients, Thomas et 
al. effectively reduced the dimensionality of 
the problem. With the reduced number of 
features the doublet/singlet peak classifica- 
tion was made more efficient and effective. 
In studies using both experimental and syn- 
thetic voltammograms the procedures devel- 
oped were reported to reliably identify the 
multiplets. The authors recommended the use 
of k-nearest neighbors classifier over the lin- 
ear learning machine; this version of the 
method was later implemented in an on-line 
c~nfiguration.’~ Figure 8 illustrates a training 
set composed of well-characterized, experi- 
mental data, showing two of the three fea- 
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FIGURE 8. Feature plot of real singlets and real 
doublets from the PREDlE5 data set. S = singlet; D = 
doublet. (Reprinted from DePalma, R. A.; Perone, 
S. P. Anal. Chem. 1979, 57, 825-828. With per- 
mission. Copyright 1979, The American Chemical 
Society.) 

tures used in the classification. As with the 
other methods discussed earlier for resolv- 
ing/identifying overlapped responses, the 
performance of the k-nearest neighbors clas- 
sification was a function of the relative peak 
heights for the individual components. Reli- 
able classifications were only obtained for 
peak height ratios of less than 5:1, with some 
degradation of performance observed outside 
of this range. 

E. Pattern Recognition in Kinetic Studies 

k-nearest neighbors classification of 
Fourier-transformed voltammograms was 
also used by DePalma and P e r ~ n e ~ ~  for the 
evaluation of electrochemical kinetic param- 
eters of simple heterogeneous electron trans- 
fer reactions. This procedure was based on 
matching the shape of the transformed 
voltammograms to that of numerically gener- 
ated voltammograms with known kinetic pa- 
rameters. A training set composed of 2310 
synthetic voltammograms was used to pro- 
vide the known kinetic responses. Prior to 
applying the Fourier transform, each of the 
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voltammograms was normalized to unit 
height and translocated along the potential 
(time) axis, such that the current maximum 
occurred at the 96th point of the 128 data 
points used for the transform. The authors 
evaluated the kinetic parameters of a sample 
voltammogram as the average of those corre- 
sponding to the four nearest neighbors in the 
training set that used the first 15 Fourier 
coefficients to define the feature space. Ac- 
curate parameter estimates were obtained in 
studies using both synthetic data and experi- 
mental data. To prevent the improper classi- 
fication of nonrepresentative test samples, 
the distances to each of the neighbors was 
required to be less than a critical value. At- 
tempts to classify samples that were not rep- 
resented in the training set, such as that from 
two overlapped responses, resulted in the 
critical distance being exceeded. The consid- 
eration of the critical distance in the classifi- 
cation is a good feature that identifies out- 
liers present in the test data. 

F. Identification of Electrochemical 
Mechanisms 

A series of papers by Ichise et a1.95-99 
reported applications of simple pattern 
recognition methods for the extraction of 
qualitative information about the electrode 
process in a voltammetric experiment. As a 
method of compressing the data to generate 
a better defined feature space, the authors 
explored the use of Hadamard and Walsh 
transforms. Other authors also explored the 
use of pattern recognition for the identifica- 
tion of electrochemical mechanisms. 
Schachterle and Perone'"" extended the 
methods previously developed with k-nearest 
neighbors classification using Fourier-trans- 
formed voltammograms to accommodate the 
classification of electrochemical mechanisms. 
As in the previous work from Perone's labo- 
ratory, the authors used synthetic data, gen- 
erated for a series of mechanisms under a 
range of experimental conditions, to form the 
training set for the pattern recognition. In 
this study, both cyclic voltammetry and cyclic 
staircase voltammetry were employed to col- 

lect the experimental data. In addition to the 
Fourier-transformed voltammograms, the au- 
thors also used the anodic and cathodic peak 
separation and peak current ratios as addi- 
tional features for each object studied. For 
studies that combined the two sets of data 
for pattern recognition features, the authors 
used autoscaling to prevent unintentional 
weighting of specific feature variables. Exten- 
sions of the foregoing method were reported 
for applications in the characterization of the 
structure-activity relations of selected or- 
ganic compounds.'01"02 For this classifica- 
tion, staircase voltammograms and differen- 
tial capacity curves were used as the basis for 
the k-nearest neighbors classifications. Al- 
though good results were reported for the 
range of samples used in these studies, little 
has been reported in the way of extensions or 
applications. 

Other methods have also been presented 
for the automated classification of electro- 
chemical mechanisms based on voltammetric 
data. R u ~ l i n g ' ~ ~ , ' ~ ~  implemented a technique 
termed deviation-pattern recognition, a clas- 
sification performed on the residuals pro- 
duced by nonlinear regression fits to an ex- 
perimental voltammogram. The basic method 
employed is an expert system that guides the 
process of performing a nonlinear regression, 
analyzing the deviation scatter plot, and se- 
lecting the next appropriate trial mechanism. 
Initially, all input data sets are fitted with a 
nonlinear regression to the same mechanism; 
the analysis of the residuals then determines 
the path taken through the decision tree. 
The classification automatically proceeds un- 
til the correct mechanism is identified, as 
indicated by a random distribution of regres- 
sion residuals, or until the expert system is 
unable to match the voltammogram with any 
of the mechanisms present in the identifica- 
tion tree. Because the foregoing scheme per- 
forms a regression to fit the voltammogram 
for each of the mechanisms being tested, 
estimates of the relative electrochemical pa- 
rameters are also obtained. A simplified ver- 
sion of this scheme was used by Rusling and 
Connors'os to distinguish overlapped, cat- 
alytic voltammograms from those corre- 
sponding to noncatalytic systems. 
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Palys et a1.'06 have also implemented an 
expert system for the elucidation of electrode 
mechanisms. In this paper the authors re- 
ported an automated method for analyzing 
data from sampled DC polarography to de- 
termine the appropriate mechanism. In the 
expert system, a set of diagnostic criteria for 
the different electrode mechanisms under 
study are evaluated. Based on the results 
obtained, the mechanism is identified by its 
position in the decision tree. The main ad- 
vancement presented in this work is the di- 
rect coupling of both the data analysis and 
the experimental control to the expert sys- 
tem. In this dual role, the system is almost 
completely automated. A more advanced ver- 
sion of this system has also been reported by 
the same authors.'07 Staircase voitammetry, 
convolution voltammetry, and chronocoulom- 
etry are all part of the expert system's experi- 
mental repertoire in this latest report. The 
expert system designs experiments, controls 
the voltammetric or coulometric run, and 
collects data for each of the experiments 
used in the automated mechanism elucida- 
tion. The authors state that a complete cycle 
using the improved system requires about 25 
min to determine an electrode mechan- 
ism, as compared to the 8 h reported in the 
earlier work. 

VII. CONCLUSIONS 

The current availability of high-perfor- 
mance, low-cost computers has removed one 
of the most significant barriers to the routine 
application of sophisticated data analysis 
methods. The other major barrier, the lack of 
familiarity with these methods, is only slowly 
yielding to progress in the field. 

In this review a wide range of applica- 
tions for chemometrics in electrochemistry 
have been presented. Although the articles 
selected represent only a sampling of these 
applications, distinct trends in the field are 
apparent. First, the portion of papers in elec- 
troanalytical chemistry reporting the use of 
chemometrics appears to be lower than that 
observed in analytical chemistry as a whole. 
Second, despite this lower proportion of 

papers, chemometric methods have made 
regular appearances in the electrochemical 
literature over the past 2 decades. 

Much progress has been made in apply- 
ing chemometrics to electrochemical prob- 
lems, but there remains a tremendous poten- 
tial for advancement. The application of mul- 
tivariate calibration in electrochemistry is one 
area where we expect to see substantial 
growth in the future. Those studies that re- 
ported the use of multivariate methods, such 
as MLR and PLS regression, are a sign that 
modern chemometric techniques are begin- 
ning to permeate all areas of electroanalyti- 
cal chemistry. We hope that our emphasis on 
the few appearances of factor-based tech- 
niques illustrates the power and potential 
applications of these methods. The second 
area we hope to see expand is pattern recog- 
nition in electrochemistry, which has been 
almost dormant during the recent past. In 
other areas of analytical chemistry, pattern 
recognition has become a routine tool with 
applications being reported on a regular ba- 
sis. Both of these areas, in addition to all 
applications of chemometrics in electrochem- 
istry, should continue to grow as researchers 
become more aware of successful applica- 
tions of chemometrics in electroanalytical 
chemistry. 
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