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Chemometrics 

Steven D. Brown 

Department of Chemistry and Biochemistry, Brown Laboratory, University of Delaware, Newark, Delaware 19716 

INTRODUCTION 
Chemometrics is the discipline concerned with the appli- 

cation of statistical and mathematical methods, as well as those 
methods based on mathematical logic, to chemistry. This 
review, the eighth of the series, and the sixth with the title 
'Chemometrics", covers the more significant developments 
in the field from December 1987 to November 1989. The 
format follows ap roximately that of the previous review ( l ) ,  
the one first usegby Delaney (2) in 1984. 

The volume of literature concerned with mathematical, 
statistical, and logical methods for anal zin chemical data 
is a clear indication that the field is heady. "he distribution 
of articles comprising the literature of chemometrics indicates 
several trends. One is the presence of slow but steady growth 
in the number of workers publishing in the field. The other 
is the ra id growth of chemometrically oriented articles 
publishecfin journals outside of pure chemistry. Workers in 
many areas of applied chemistry, from those interested in 
medicine to those concerned with materials processin 
name but a few areas where interestin work a eared, 
embraced chemometric methods and  are pugishing their 
successes. The number of articles concerned with application 
of chemometric methods now exceeds by far those aimed at 
development of new chemometric methods. This situation, 
along with the need to conserve journal space, forces some 
additional selectivi in this review of the field. As before ( l ) ,  
emphasis will be p ty aced on work concerned with analytical 
chemometrics. In this review, discussion will be further limited 
to work that either reviews some aspect of the field or work 
presenting novel chemometric methods. Routine application 
of chemometrica will, in general, not receive mention because 
of the volume of work being published. 

A third trend in the literature of chemometrics can best be 
seen in a comparison. In 1980, Kowalski (3) listed the results 
of computer searches of Chemical Abstracts for key words 
pertinent to chemometrics. Some of the references he re- 
covered in the search were not germane, but the vast majority 
were useful in producing the fundamental review. These same 
key words, when used in computer searches over the period 
January 1988 to December 1989 produced some surprisingly 
changes. Table I summarizes the results. The numbers of 

84 R 0003-2700/90/0362-84R$09.50/0 

articles detected from the keyword searches listed certainly 
do not support a large growth in the literature of chemome- 
trics. Instead, correded for the differences in the time periods 
over which the searches were conducted, they mi ht even 
suggest a decline in activity. But, as those famibar with 
chemometrics might suspect, these search statistics are 
somewhat dece tive. Simply inspecting the articles detected 
in the search lemonstrates that most (about 75%) of the 
publications detected during the 1989 search are applications 
of chemometric methods and most occurred in journals doc- 
umentin fields far removed from pure chemistry. Ve few 
of the pu%lications detected in the search were concemJwith 
development of novel chemometrics. In particular, publica- 
tions from the two chemometrics 'ournals were only infre- 
quently detected in the searck In eneral, these 
publications-particularly those in well-estahished areas of 
chemometric research-were associated with such specific and 
narrowly defined key words that a broad search of the sort 
listed in Table I was not useful in identifying them. Those 
publications where the whole idea of chemometrica was novel 
were the ones most likely to be associated with ke words of 
the sort iven above, and these were most often &acted in 
the sear&. To ensure that the bulk of relevant literature was 
properly considered in the reparation of this review, the 
electronic searches were corntined with hand searches of the 
journals where most of the new work in chemometrics appears. 
Hand searches located about 20% of the total number of 
articles, about the same fraction as observed in the previous 
review (1). Hand selection was applied to the approximately 
5000 references resulting from the selective computer and 
hand searches to determine the final list of references for the 
review. Comparison between the two periods examined above 
is therefore difficult because it seems that the field of che- 
mometrics has become much more sophisticated and specific, 
while the range of a plications of chemometrics has widened 
greatly. Perha s t f e  change in the nature of chemometric 
articles detecte! by a search uai broadly defined keywords 
reflects a maturation of the fie% 

The results summarized above also indicate a need for 
considerable forethought if one will be relyin on a computer 
search to learn of new work in fundamenta f chemometrics. 

0 1990 American Chemical Society 
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Table 1. Computer Search of Chemical Abstracts over Two 
Periods: January 1976-October 1979 and January 
1988-December 1989 

no. of CAS entries 

Slevsn 0. Brown 5 Associale Professor 01 
Cham otry at Ine Lnwersny of Deiauare In 
1977. ne recewea hoS Pn D lrom Ihe 
University of Washington and joined the 
Universw 01 California. Berkeley. as an AS- 
sistant Professor. In  1981. he moved to . . -  
Waihingtin itate University.'where he was 
an Associate Professor. Prior to joining the 
faculty at the University of Delaware in 
1986. He is currenliy Nc& American Edlor 
01 the JOUrnal Of Chemometrlcs and SBWYBS 
on the ediiorial boards of Anafy7ica Chimica 
Acts and Anafy7icaI Lefters. He also SBNBS 
as an officer in the Chemometrics Society 
and as a member of the ChemStBtistiCS 
commiltee of the American Statistical Association. nis researcn inleresls 
encompass many aspecls of the application of computers to chemical anai- 
ysis. including signal processing methods. digital fiiiers. and modeling of in- 
terfacial and transcoTt ~rocmses. 

The search using those key words summarized above was 
combined with more specific searches, usin sets of specific 
key words, to obtain a list of papers publisherfin the field over 
the past 2 years. Even with these more specific sets of key 
words, however, a large amount of material was detected that 
was not relevant to the review, hut, more significantly, a large 
number of relevant material was not detected at all. Un- 
fortunately, hand searches are becoming less and less feasible 
as the number of journals-and their cost-increases. Few 
will have ready access to all relevant material, making the 
electronic search the method of choice, at least when compared 
to a hand search of Chemical Abstracts. Sadly, the im- 
provements in the field that occurred during the past 2 years 
do not include substantial advances in the efficiency of 
electronic searches for chemometrics literature. With the 
ever-increasing amount of literature in this field, the need for 
careful selection of keywords and prompt indexing of publi- 
cations has become even more important. Editors and authors 
are urged to hear these trends in mind upon publication of 
work in chemometrics. 

It would indeed appear that the field of chemometrics has 
begun to change. The innovators in the field are no longer 
responsible for the majority of the work appearing in print. 
Increasingly, data analysis is becoming something that is 
expected of those hoping to publish work in areas of mea- 
surement chemistry, and chemometric tools are now seen by 
many as necessary aids to that data analysis. With the de- 
creased rate of innovation in development of measurement 
hardware coupled with the increased rate of innovation in 
development of user-friendly software, the access to chemo- 
metric methods grows easier every day. While this change 
speaks well for the continued health of the field, there is now 
a similarly increasing need to educate the increasing base of 
new users of chemometrics in addition to continuing to ad- 
vance the field. The chemometrics short courses, symposia, 
recently published texts, and tutorials in chemometrics 
journals (and elsewhere) remain important ways to continue 
this process. 

Given the relatively small number of formal courses in 
chemometrics at the undergraduate or postgraduate levels, 
education remains very important to the continued growth 
of the field. Fortunately, education is an area where notable 
changes have taken place over the past 2 years. One aspect 
of education is the introduction of new users to the field. The 
substantial increase of tutorial articles in user-oriented journals 
(see below) that occurred over the past 2 years should do much 
to spread chemometric concepts. A few of these tutorials are 
not in the traditional style. Bruce Kowalski has prepared two 
40-min videotapes, one offering a broad overview on chemo- 
metrics and the other introducing multivariate calibration 
methods. The use of videotape to introduce chemometrics 
is an interesting approach, in that a little of the feeling of a 
'live" lecture comes across to the viewer. Thls effect breathes 
a little life into what might be an otherwise dry subject for "". . 

Im roving and extending the skills of those already familia 
with t a s k  chemometrics is another aspect of chemometrics 
education. In this area, the short course appears to be the 
educational instrument of choice. During the past 2 years, 
the number of short courses in chemometrics has increased 

key ward 

calibration 
chemometrics 
sampling theory 
multivariate analysis 
parameter estimation 
time series analysis 
spectral analysis 
optimal control 
systems analysis 
evolutionary operation 
operations research 
regression 
mathematical analysis 
statistics 
pattern recognition 
data reduction 
experimental design 
curve fitting 
spectral resolution 
deconvolution 
factor analysis 
principal components 
feature selection 
Fourier transform 
information theory 
signal processing 
peak fitting 
digital filtering 
least squares 
nonlinear regression 
nonparametric statistics 
simplex 
nonlinear calibration 
multiple regression 
multivariate calibration 
multivariate prediction 
artificial intelligence 
partial least squares 
image analysis 
emert wstems 

detected in search 
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52 
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20 
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6 
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70 
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8 
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4 
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1 

21 
7 

61 
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1 

59 
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225 
39 
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2 
0 

379 
26 
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27 
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142 
84 
94 

2 
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35 
76 

3 
11 

143 
24 
10 

984 
3 

16 
21 
1 

83 
29 

R 
119 

substantially. A few of the many courses are listed here, since 
many of these short courses are offered on a continuing basis. 
The European Spring School in Chemometrics, a 5-day short 
course, was held in England in spring 1988 and 1989. The 
European School on Chemometrics was held in Spain, in 
summer 1989. Other multiday short courses in chemometrics 
were given in Spain, Ecuador, England, Sweden, Austria, and 
Poland. Shorter chemometrics short courses, lasting a day 
or less, were offered in Finland and at the Scientific Com- 
puting and Automation Conference and FACSS Conferences 
in the U S .  

During the period covered by this review, there were several 
international meetings where presentations on chemometrics 
were a major component. Among them were CAC IV (Che- 
mometrics in Analytical Chemistry), held in Amsterdam. 
Papers from that conference were published in a special issue 
of Annlytica Chimica Acta. The Conference for Mathematics 
in Chemistry, held in College Station, TX, in November 1989, 
was a meeting with a varied and interesting program, wjth 
speakers from chemometrics, statistics, applled mathematlcs, 
engineering, physics, and traditional areas of chemistry. 
Papers from this conference will be published in a special issue 
of Chemometrics and Intelligent Laboratory Systems. The 
Second Snowbird Conference on Computer-Enhanced Spec- 
troscopy was published as a hook, Corn uter-Enhanced 

that were published include the Colloquium Chemometricum 
Mediterraneum, held in Barcelona, and published as a special 
issue of the Journal of Chemometrrcs, and the Meeting on 
Expert Systems in Chemistry and Chemical Industry, held 

85R 

Spectroscopy, edited by Henk Meuzelaar. 8 ther conferences 
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in London and published in Chemometrics and Intelligent 
Laboratory Systems. The same Journal will also publish the 
proceedings from the First Scandinavian Symposium on 
Chemometrics, held in Lappeenranta, Finland, in October 
1988, and the S m sium on Chemometrics and Intelligent 
Automation at t i e  8 C  Conference, held in Victoria, Canada, 
in June 1989. Finally, a special issue of Mikrochimica Acta 
was devoted to papers on chemometrics resented at the 
Fourth Conference on Com uter-Based MetRods in Analytical 
Chemistry (COBAC IV). &ee other pub+ations also offered 
special issues with papers on chemometrics. In one, papers 

resented at a chemometrics symposium a t  the 1986 Pitts- 
Burgh Conference, held in Atlantic City, ap ared in a special 

a rs given at the Conference on Accuracy in Trace Analysis, 
PheEat the US. National Bureau of Standards. These papers, 
including two plenary lectures and two sessions with invited 
papers in chemometrics, are published in the Journal of 
Research of the National Bureau of Standards. Other major 
meetings were the EUCHEM Conference, held in Trieste, in 
summer 1988, and the yearly CAC, EAS, q d  FACSS meetings 
in the United States, all of which had sizable symposia on 
chemometrics. 

Meetin s scheduled for the comin 2-year eriod include 
COBAC $[ to be held in Vienna, the Sfecond $A Conference 
on Propess in Chemometrics, to be held in Las Vegas, and 
the Third Conference on Computer-Enhanced Spectroscopy, 
to be held in Snowbird, UT, all in 1990. There also will be 
sessions on chemometrics a t  the Pittsburgh Conference, the 
FACSS meeting, and the Eastern Analytical Symposium. 
Sessions on chemometrics are also scheduled for the Gordon 
Research Conferences on Statistics in Chemistry and Chemical 
Engineering and on Analytical Chemistry. In 1990, both of 
these conferences offer especially strong coverage of areas that 
will be of interest to those in chemometrics. Other upcoming 
meetings can be found in the journal Chemometrics and In- 
telligent Laboratory Systems, which routinely publishes no- 
tices and calls for papers. 

The fundamental review (1) continues to be the most 
complete overview of the field. Other than Brereton’s review 
(4) ,  published late in 1987, no other attempts at comprehensive 
covera e of chemometrics have appeared during the past 2 

(5) and Kowalski (6). Description of chemometrics research, 
by regions, were given for Europe by Wegscheider (7) and for 
China by Chen (8). Other summaries have been provided in 
the “News” section of Chemometrics and Intelligent Labo- 
ratory Systems. 

Historical overviews of selected as ects of the field have 
also appeared. Savitzky recounted [is collaboration with 
Golay for research on polynomial smoothing (9), and Geladi 
provided an overview of the development of the partial least 
s uares (PLS) algorithm (10). Cooley discussed the histor 

Tukey) of the fast transform algorithm that bears their names 
( 1 1 ) .  

BOOKS, SOFTWARE, AND TUTORIALS 
Books. The high rate of publication of specialist books on 

chemometrics that was the hallmark of the previous review 
period has slowed somewhat durin the past 2 years. Some 
decrease is to be expected, iven tKe large number of texts 
introduced in 1986-88. T h e b o k  with the largest impact on 
the field of chemometrics during this period is not even in the 
field of chemistry, a t  least not in the traditional sense. Nu- 
merical Recipes (12), a book by four physicists, covers many 
routine and not-so-routine com utational tasks which will be 
of interest in chemometrics. Ths unique book, which offers 
excellent discussions of the theory of numerical methods as 
well as solid code in the FORTRAN and PASCAL lan 
was sold out upon publication in 1986 and only recenw:; 
become readily available again. Ita immediate and frequent 
citation among references is one tribute to its popularity with 
those in chemometrics. Another is the emergence of che- 
mometric methods baaed on numerical procedures (eg., sim- 
ulated annealing optimization), which were lucidly presented 
in its pages. Books that will be of more specific interest to 
those in chemometrics include ones on correlation analysis 
of chemical data (13 )  and topological methods in chemistry 
(14). The proceedings of the Second Snowbird Conference 
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issue of Trends in Analytical Chemistry. F he other covered 

years. B rief overviews of chemometrics were given by Meglen 

o 9 the fast Fourier transform and his *rediscovery* (wit x 

described above have also a peared in book form (15). Re- 
cently, Martens and Naestave published a new text on 
multivariate calibration methods in chemometrics (16). This 
book’s unusual illustrations, combined with its nice, balanced 
resentation of theory and results, are sure to make it popular. hr ee books concerned with teaching computational skills in 

chemistry a peared during the period. Zupan’s text Algor- 
ithms for Zhemists is a structured introduction to ood 
programming, which at the same time teaches key deb& in 
translating multivariate methods to working code, not to 
mention a little chemometrics (17). Johnson’s text on com- 
putational chemistry (18) offers an introduction to the use 
of computers for calculations in chemistry, with exam les in 
the Basic language. Ebert et al. (19) also offer an in tduc to  

covers application of computers to problems in chemistry and 
related fields, and it includes diskettes with programs in Basic 
and PASCAL. 

The statistical side of analytical chemistry also received 
considerable attention during the period. Miller and Miller’s 
introduction to statistical conce ts in analytical chemistry 
came out in a second edition (207. Lloyd Currie has edited 
a new book concerned with detection in analytical chemistry 
(21), and John Taylor published a monograph on quality 
assurance, in which he covered statistical methods for sam- 
pling, calibration, and validation of scientific data (22). There 
was also a significant increase in the number of statistics books 
published, many of which should be of interest to those in 
chemornetrics. Coleman and Van Loan published a very 
valuable handbook on matrix computation (23). This book 
provides a basic introduction to the LINPACK function set 
and to the BLAS operations for linear algebra in the FOR- 
TRAN and MATLAB languages. Two new books appeared 
on nonlinear regression methods (24,251, and books treati 
experimental design (%), stochastic systems (23 ,  and pr inc i3  
component theory (28) were also published. Finally, an in- 
teresting text on time series analysis appeared (29); this text 
is accompanied by software which sets up a complete pro- 
gramming environment for time series analysis on the IBM-PC 
or compatibles. For those interested in learning more about 
neural networks, Pao’s new book (30) offers an introduction 
to the field from the perspective of pattern recognition and 
fuzzy sets. 

Programming remains an important part of chemometrics. 
It is in this area that some of the most profound changes are 
occurring in chemometrics. Despite those chan es, some 

Those interested in Basic programing will find t t e  new col- 
lection of subroutines for scientific computing (31) useful, and 
Cooper (32) has provided an introduction to Basic program- 
ming that goes well beyond the usual presentations previously 
available from other authors. Other languages, especially 
structured languages such as PASCAL or C, offer many ad- 

e, but the 
wealt of application packages that exist for W c  or FOR- 
TRAN are not yet commonly available. That unhappy situ- 
ation is slowly changing. C language programmers will a - 
preciate the set of numerical functions from Baker (331, wio 
provided a tested C code for all sorts of numerical methods. 
There Wiu soon be a version of Numerical Reci es in C as well. 

the burden. One example is in the manipulation of analytic 
expressions. Recent interest in computing and applied 
mathematics of analytic functions has been directed to sym- 
bolic computation. A symbolic calculation can be as basic as 
the simplification of an algebraic expression or as complex 
as the automated generation of numerical experiments and 
simulations. In either case analytic, not numerical, results 
are generated. A recent book presented a collection of pa rs 
on the application of symbolic computation to appEd  
mathematics and engineering (34) .  Another book presented 
a tutorial and a detailed reference for Mathematica, one 
popular new language for symbolic.comput‘ (35). Thu book 
is certainly the clearest presentation of s a o l i c  computing, 
and it will be useful to anyone trying to use symbolic com- 
putation, even those using symbolic languages other than 
Mathematica. 

Software. As noted above, the programming of chemo- 
metric tasks is entering a new era. Symbolic computation can 
be used for a number of tasks, from solving simultaneous 

text, but one aimed at those teaching themselves. Their boo f 

traditions remain. One is the Basic programmin ’i anguage. 

es over the older, more limited Basic lan 

For some tasks, even powerful languages like 6 cannot handle 
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equations in a equilibrium to handling complex integrals in 
uantum mechanics (36). Symbolic computation rograms, 

for example, MACSYMA, are well established. T&se older 
ams, usually written in a dialect of Lisp, require a eat 

s;%rom the resources available on a minicomputer. &le 
the opportunities were there, few chemists investigated sym- 
bolic computing. That situation has chan ed now that less- 
demanding symbolic processors are avaifable on desk-top 
platforms. Symbolic computation programs are now available 
on 640 kbyte IBM-PC-class machines (e.g., Derive) and on 
the Macintosh (Mathematica, Maple). Some of these pro- 

ams can also be used to obtain numerical solutions. 5 athematica, for example, can be used to perform all the 
usual calculations on n-dimensional arrays. 

Software for logical operations continued to ain in popu- 
larity. Not only have langua es for artificiJintelli ence 
become readily available for IBk-PC-class machines (bR0- 
LOG and others), but many predeveloped shells for expert 
systems have also appeared. Many of these packages are 
slgnificantl faster and less expensive than those available only 
2 years be&re. Improvements in this software have signifi- 
cantly increased the rate of publication of research concerned 
with the logical aspects of chemometrics. 

Software intended “only” for numeric computation has also 
undergone major changes. Several new computer languages 
make it much easier to perform matrix and vector operations 
than in conventional languages based on scalar operations, 
such as Basic, FORTRAN 77, or C. The most powerful and 
most popular of these matrix-based languages is MATLAB, 
a matrix-based language with a large number of built-in 
functions for signal processing and linear algebra. A multi- 
variate calibration package (wth PLS, principal components 
re ession, and other methods) can be purchased for MAT- 
L E 3  , as well as other modules for control, system identifi- 
cation, and nonlinear modeling. MATLAB takes full ad- 
vantage of the careful optimization that went into LINPACK 
and other numerical packages, but it performs matrix-based 
operations much like APL, and it is both interpreted and 
compiled, 80 that programs run ra idly, but the user may also 
Toperations in “immediate” m&, much as in Basic. Unlike 
A L, programs are written with a PASCAL-like s tax, 
without the need for special keyboards. Features of M A b  
that make it attractive for chemometrics education and re- 
search can be found in the review b O’Haver (37). Other 
numeric languages include GAUSH (which is much like 
MATLAB, but with fewer functions and better raphia), 
Eureka, MathCAD, Mathview, and TK Solver. A! of these 
provide a rogrammiy environment”, with graphics, program 
editors, a n i  so on. At  least four major chemometrics research 

oupa in the US. =e now programming in MATLAB, mainly #? ecause it substantially decreases the time needed to try an 
algorithm. 

In addition to these changes in approaches to scientific 
com uting, the flood of new, easy-to-use statistical software 
for k l e v e l  machines continues unabated. Virtual1 all of 
the major packages underwent improvements during t i e  past 
2 years to improve efficiency, enhance aphical capabilities, 
and simplify the user interface. While gere  are now so many 
statistical packages that it is impossible to list them all, a few 
deserve special note. One new package, Prodas, uses matrix 
mathematics and graphics like the numeric processing lan- 
guages discussed above, but this package also includes the 
usual statistical routines offered by other packages. ECHIP 
is another interesting package which offers a number of 
powerful methods for experimental designs and response 
surface mapping. Most of the common muframe statistical 
packages can be otten for an IBM-PC-class machine, in- 
cluding SPSS, B D h ,  SAS , and others. It is now far simpler 
to get results from statistical tests than to decide what sta- 
tistical tests are to be run and what the results mean, a 
problem that has been addressed by several expert systems 
oriented to statistical tests. Two packages that offer expert 
system capabilities in deciding what tests are needed and what 
the results of these tests mean are The Statistical Navigator 
and ESS. 

A few packages specifically targeted for the chemometrics 
market also were announced. New pattern reco itipn 

ackages were made available for the IBM-PC b &ewer 
gcientdc Software (PARWS) and by Infometrix &in*Sight 
v2.5). An add-on package for self-modelling curve resolution 

of chromato raphic data on data stations from Waters and 
Hewlett-Pac%ard (Quick-Res) was released b Infometrix. 
Other chemometrics packages desi ed to a& on to base 
software were released by Spectra-(!% and by Mathworks. 
Both emphasized multivariate calibration methods, including 
partial least squares. Many instrument vendors now also offer 
multivariate calibration packages for spectrometric equipment, 
either as part of the base system or as an add-on package. 

User-developed programs also continue to be published, but 
most are now bundled with some set of applications which 
represent the main thrust of the work. Papers of this sort will 
be discussed in the sections below, where appropriate. Pa rs 
concerned only with development of software are muchcss 
common now, and it has become rare for the full source code 
listing to be published in chemometrics, in part because of 
the increasing sophistication (and length!) of user-supplied 
software. The chemometrics journals now offer reviews of 
commercial software as opposed to articles reporting new 
software, with listin s of the source code; on1 the journal 
Trends in Analyticaf Chemistry has continue B regular pub- 
lication of source code. Among the software listed there was 
a program for analysis of variance for model validation (38). 
During the review period pa IS appeared on the multivariate 
pro r a m  U N s c m m L E R  (39ra general software package for 
mu P tivariate calibration and prediction, and another multi- 
variate classification and calibration program (40). The 
SimuSolv package for building and solvin models containing 
differential equations was also reported $41). Graph theory 
and reverse library searching are used in TOX-MATCH and 
PHARM-MATCH software for prediction of toxicological of 
pharmacological features of a test compound (42). 

Tutorials. In the last review, a need for clearly written 
tutorial articles on selected aspecta of chemometrics was noted 
(I). Over the past 2 years the number of tutorial papers, both 
on the details of chemometric methods and on applications 
of chemometric methods, increased dramatically. Many of 
these concerned the statistical side of chemometrics. Miller 
and Miller introduced statistical techniques for evaluation of 
error in analytical ex riments (43). Taylor discussed the role 
of statistical m e t h x i n  quality assurance (44) and the need 
for planning and experimental design to obtain high-quality 
analytical data from a set of experiments (45). The rinciples 
of samplin were discussed from a theoretical stanipoint by 
Kateman b6) and from a more conceptual viewpoint by 
Springer and McClure (47). A rather unusual article covered 
methods for handling uncertainty pmcluced from left-censored 
data and nested sources of error (48). Practical exploratory 
experimental designs were discussed (49), as were analysis of 
variance (50) and ordinary regression methods (51). Frank 
discussed the motivation for and principles of biased methods 
for regression (52). 

Multivariate methods also received considerable attention. 
 tutorial^ on analysis with latent variables (53), cluster analysis 
(54), quantitative structure activity relations (QSAR) (55), 
target transformation factor analysis (56), and spectral map 
analysis (57) appeared during the period. Mixture analysis 
by multivariate methods was discussed in three tutorials 
(58-60), and new fuzzy methods for calibration and classifi- 
cation were covered by Otto and Bandmeier (61) and by Otto 
(62). Signal processing methods were the subject of three 
tutorial articles. Brereton covered the Fourier transform (63), 
Rutan discussed real-time optimal filterin (64), and Petkov 
introduced optimization ans simulation me&& in connection 
with control (65). 

The continuin growth of interest in artificial intelligence 
(AI) was r e f l e d i n  a number of tutorial articles. A two-part 
tutorial (66,67) covered the features of PROLOG, a language 
popular for use in expert systems. Gray provided an intro- 
duction to the field of artificial intelligence and the DEN- 
DRAL project, an early effort in AI (681, an article which 
provoked an exchange of comments with Feigenbaum, one of 
the ioneers of AI research (69, 70). An expert system was 
usecfto aid in desi of simulation models for organization 
of an analytical lagratory in another tutorial article (71). 

Applications of chemometrics was the subject of many tu- 
torials during the past 2 years. Several papers appeared on 
the ap lication of chemometric methods to chromatography 
(72-78. Three papers discussed chemometric methods in 
pharmaceutical and clinical chemistry (78-80). Other articles 
discussed chemometric methods in multidimensional 
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fluorescence (81), materials analysis (82), and industrial 
processes (83). Ap lications of chemometric methods in 
geochemistry (84) an! environmental analytical chemistry (85) 
also appeared. 

Regular tutorial columns are offered in a few journals. 
Chemometrics and Intelligent Laboratory Instrumentation 
provides one, or sometimes two, tutorials in each issue. The 
topics and the level of treatment of these tutorial discussions 
vary widely. Mark and Workman continued their coverage 
of basic statistics in their column “Statistics in Spectroscopy” 
in Spectroscopy. In addition to introductory-level treatment 
of such topics as the t-statistic, one- and two-tailed tests and 
the distribution of means, they have interspersed philmphical 
discussions on the meaning of statistical testing and biased 
and unbiased estimators. This column continues to serve a 
vital educational role for those spectroscopists with an 
interest-but little background-in the statistical under in 
nings of the new chemometric methods that now come on t\ei 
instruments. Other journals, including Trends in Analytical 
Chemistry and T h e  Journal of Chemometrics also offer oc- 
casional tutorial articles. 

A number of articles using chemometrics methods to teach 
chemistry were ublished in the last 2 years. Pattern rec- 
ognition was usexto aid in ion identification schemes (86,87), 
and a simulation program was used to illustrate error mag- 
nification in multicomponent spectroscopic analysis (88). 
Teaching of chemometrics in a more formal sense also was 
the subject of two papers. The structure of a postgraduate 
course in chemometrics was described in one paper (89), and 
the use of new software in teaching chemometrics was dis- 
cussed in the other (37). 

STATISTICS 
A substantial increase in the number of papers reporting 

the use of statistical methods occurred over the past 2 years. 
Many authors included routine statistical procedures along 
with other work, an encouragin trend. Others published work 
which is more directed to the ievelopment and evaluation of 
novel statistically oriented methods for analysis of chemical 
data. A selection of these papers is offered below. 

Sampling strategies were among the concerns addressed. 
Multivariate statistics were used to direct representative 
sampling of river water (go), and a relative semivariogram 
aided in o timizing sampling for stream monitoring (91). A 
seasonal Jdges-Lehmann estimator was coupled with Monte 
Carlo simulation to design sampling strategies for estimating 
step trends in water quality (92), and a sequential analysis- 
directed samplin scheme was used to lower detection limits 
for particulates f93) 

Statistical considerations in estimating detection limits were 
explored by several authors. Maximum likelihood and min- 
imum x2 methods were used with several distributions to 
estimate detection limits (94). The criteria for detection of 
analytes were outlined (95), whereas Currie (%) discussed the 
role of analytical standards in establishing criteria for various 
decisions required in trace analyses. The effect of the Cali- 
bration model on detection limit estimates was considered (97), 
and the meaning of the term ‘detection limit” was reconsid- 
ered in detail (98). New statistical methods were also de- 
veloped for comparing sets of water quality data with multiple 
censored values from measurements below detection limits 
(90), for detecting trends in the presence of multiple censored 
measurements (loo), and for making inferences about the 
mean from data with multiple censored values (101). 

The statistical aspects of interlaboratory comparisons were 
also of considerable interest. Horwitz (102) offered a protocol 
for the design and conduct of collaborative studies, and the 
multivariate statistical evaluation of interlaboratory studies 
were reported from results of rincipal component analysis 
(1 031, nonlinear mappin analinear discriminant analysis 
(104). A criticism of earfer tests in interlaboratory studies 
was also reported (105). A statistical justification was provided 
for relating interlaboratory coefficients of variation with 
concentration (106). 

Many authors were concerned, understandably, about the 
detection of bias in analytical results. A quality assurance 
program was reported for measuring bias and precision in an 
anal ical laboratory (107). Mark (108) reported a method 

The critical assumptions underlying the statistical methods 
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for 2 etermining the true accuracy of an analytical method. 

in ASTM water analysis were discussed (109) and a set of 
additional statistical tests were proposed. Control of the bias 
in analytical results was evaluated for single- and multiple-lab 
assays (110), and detection of systematic error in an anal ical 
method by weighted regression was discussed (111) an I T  ver- 
ified by simulations. Error in the dependent and independent 
variables measured in an analysis was considered for estimates 
of analytical uncertainty in X-ray spectrometry (112) and for 
evaluation of error in the statistical moments of chromato- 
graphic peaks (113). A minimax method was reported for 
combining means that accounts for bias in those means (114). 
That approach was criticized (115) and defended (116). 
Evaluations of reliability of analytical results from bioassay 
and clinical tests were alslo reported. A comprehensive set 
of criteria for measuring the reliability of analytical results 
was su vested (1 17). Another paper offered a new measure 
of relia%dity which included both the bias and precision (118). 
Statistical issues were reported for carcinogenicity in animal 
bioassays (119, 120). 

Robust statistical methods continue to see increasing use 
in analytical chemistry. A robust statistical procedure was 
used to monitor accuracy and precision of chemical analyses 
(121), and robust estimation of means and variances was used 
to evaluate bias in analytical rocedures over an extended 
concentration range (122). Rotust L, M, and W estimators 
were also found advantageous in providing summary statistics 
in eochemistry (123). 

teveral novel methods for examining the distribution of 
chemical data were reported. Identifying the true distribution 
of data can be troublesome. Quantile-quantile plots have been 
used to characterize unknown data distributions (124). Elder 
(125) reported the use of distribution models for trace analysis. 
He observed that the lognormal distribution seems most suited 
for trace data, especially as the coefficient of variation in- 
creases. The effect of normal standard errors on the lognormal 
distribution was also studied (126). The variation of analytical 
precision with concentration was studied for a large number 
of geochemical analyses, and the often-assumed logarithmic 
relation was not found (127). Instead a weighted regression 
indicated a linear relation. Polarographic data collected over 
a wide sampling range have also been shown to be heter- 
oscedastic, and a weighted least-squares method is suggested 
for log-plot analysis of polarographic wave shapes (128). 

Other statistical papers of note included one on finding the 
optimum working range in spectrometry by a new approach 
to the propagation of random errors (129), one on the statistics 
of pipette calibration, with consideration of serial correlations 
introduced by evaporation (130), and two papers offerin 
helpful advice on rounding of least-sqhares parameters (1317 
and on the proper and improper use of correlation coefficients 
(132). 

OPTIMIZATION 
Increasingly, mathematical methods for optimization are 

used in routine analytical measurements. The number of 
papers concerned with optimization of instrumental responses 
has significantly increased. Many of the papers discussed 
optimization of experimental conditions for chromatographic 
separation, for automated wavelength selection in multicom- 
ponent analysis, and for optimization of the atomization 
process in atomic absorption spectrometry. 

As usual, the sequential optimization based on some form 
of the sim lex al orithm was heavily represented in work 
published furing t k s  period. Those interested in applications 
of the simplex method will want to refer to the review by 
Berridge (1331, who covered the use of sequential optimization 
methods in liquid chromatography. Estimation of error pa- 
rameters from the optimal response of a function was the 
subject of an exchange of comments (134,135) on the use of 
a quadratic approximation method for describing the response 
in the region of the optimum. Many of the papers using 
simplex optimization combined it with other mathematical 
methods. A peak recognition algorithm was coupled to sim- 
plex optimization for automated optimization of liquid 
chromato aphic separations (1361, while Lagrange functions 
were userwith the simplex to optimize temperature- ro- 
grammed gas chromatographic separations (137). Inclucfin 
a model for the response function can speed convergence wit! 
simplex optimization. This method was used for optimization 
of flow injection determinations (138) and for solution of 
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species distributions in complex equilibria (139). When a 
model is not available, nonlinear interpolation between data 
can also be used to improve convergence to the optimum (140). 
Sequential methods other than simplex are sometimes at- 
tractive. A Powell conjugate-gradient optimization method 
was used to o timize a flow injection determination in fewer 
steps than t f e  more conventional simplex method (141). 
Optimization of separations by followin the path of eatest 
slope on the response surface also worted well (142$: 

Sim lex optimization methods are known to be prone to 
difficsies with local optima, a problem that can be avoided 
with more exhaustive searches. A full, exhaustive search is 
not efficient, however. Many authors directed effort at im- 
proving the efficiency of search methods. Monte Carlo op- 
timization methods were discussed for atomic absorption (143) 
and wavelengths selection (144). These were shown to be 
attractive for complex, temporally unstable systems requiring 
optimization. Selection criteria for minimiition of error were 
reported for wavelength selection by exhaustive search (145) 
and overlapping resolution mapping and ideal separation 
criteria were used to aid in the identification of optima in 
selections of mobile phase compositions in liquid chromato- 
gra hic separations (146). Optimization of the response using 
cyc!c alternating variable searches, where the rid step size 
is changed on second and subsequent cycles, was iemonstrated 
and compared to simple o timization for atomic absorption 
spectrometry (147). Probaby the most promising of methods 
for finding the global optimum does not require an exhaustive 
search, however. The simulated annealing algorithm, an al- 
gorithm that has the ability to “walkn out of local minima that 
would trap a wanderin simplex, is receiving much attention 
in physics for use in focating global optima. Kalivas has 
published the first a plication in analytical chemistry; his 

timar wavelengths for multicomponent analysis (148). 
In addition to locating the optimum, it is sometimes also 

necessary to describe the entire response surface as part of 
an optimization strategy. A central composite design and 
nonlinear regression were used to model the response surface 
for a reversed-phase ion chromatographic separation (149), 
for determinations of lead by electrothermal atomization and 
atomic absorption (150), and for stability studies of ampho- 
tericin B in aqueous media (151). Fractional designs are often 
necessary because of the number of experimental variable that 
may affect the response. These were used to study platforms 
in atomic absorption (1521, and Plackett-Burman fractional 
designs were used for ru gedness testing in liquid chroma- 
tography (153,154). Juhfand Kalivas evaluated the criteria 
used in developing experimental designs for selection of op- 
timal wavelengths in multicomponent analysis (155). Mod- 
eling of the response surface was demonstrated for nonde- 
signed data by partial least-squares regression methods (156) 
and for two designed data sets by principal components 
analysis (157). And sometimes the optimal model is “all” that 
is desired. Osten used a cross-validation a roach to decide 
on the o timal regression model with the PfpEsS statistic and 
F-tests 558). 

Several novel approaches to optimization of chromato- 
graphic separation addressed the generation of response 
functions from the measured chromatogram. The effects of 
chromatographic peak tailing were considered (159,160), and 
it was shown that an optimization criterion that accounts for 
tailing effects gave superior separations. Optimization of the 
resolution of isocratic separations was shown to be possible 
from a small set of gradient chromatograms (161). Optimi- 
zation of multisolvent systems for reversed-phase liquid 
chromatography was also discussed, using a method bmed on 
multicriteria decision making (162), and an expert algorithm 
has been incorporated into the optimization of another 
chromatographic separation (163). The information content 
of an overlapped chromato ram was used as a new optimi- 
zation criterion (164). Altg ou h other use of information 
theory in optimization was rare tkring the period, Eckscwer 
(165) continued his work in the area with a paper discussing 
the effect of heteroscedastic and homoscedastic error on in- 
formation content in an analytical determination. He pointed 
out the importance of the analysis of standard reference 
materials and gave rules for avoiding null information content 
in analytical results. Although it is not mentioned explicitly, 
information theory also plays a part in optimizing the data 

grou used simulate B annealing methods for location of op- 

acquisition during a kinetic experiment (166). In this work, 
several possible data collection schemes that increase precision 
are considered. 

Finally, two papers considered the optimization process in 
terms of quality control. Miah and Moore (167) discuss the 
identification of response functions and performance statistics 
which are less sensitive to time-dependent fluctuations. They 
consider the idea of parameter design in chemometrics and 
they mention its resemblance to the Taguchi method. 
Adaptive control is used to determine optimal conditions for 
biomass production in a continuous fermentor, on-line, in the 
second paper (168). This method uses a dynamic model and 
a variable-step-size optimization that depends on the quality 
of the process model, which is identified in real time. 

SIGNAL PROCESSING 
Recent publications in signal processin are characterized 

by increasing sophistication in the methofis employed to im- 
prove the quality of analytical data. Papers on digital filters 
and maximum entropy methods dominated the work a - 
pearing during the past 2 years. Maximum entropy metho&, 
long the subject of considerable debate in the physics journals, 
are now receiving attention from analytical chemists. These 
methods are useful for simultaneous signal sharpening and 
noise reduction. The formalism of maximum entropy pro- 
cessing was reviewed and applied to photon correlation 
spectroscopy (169) and to hyperfine distributions from 
Mossbauer spectra (170). Maximum entropy methods can also 
be used to deconvolute overlapped peaks. A general approach 
usin information theory and maximum entropy was devel- 
opecffor treating deconvolution problems (171). It was also 
applied to X-ray diffraction data. Levy et a1 (1 72, 173) ex- 
amined deconvolution of 1-D and 2-D nuclear magnetic res- 
onance (NMR) signals and found results that were as good 
as or better than conventional signal processing based on 
Fourier transformation and curve fitting. Newman et al. (174) 
also investigated maximum entropy methods for processing 
of NMR data, where they were compared with the simpler, 
faster, minimum-area methods. Another method for en- 
hancing resolution and minimizing noise, the Marple algorithm 
(1 7.9, was tested on submillimeter wave Fourier transform 
spectra, where less bias in spectral line estimation and less 
splitting in line shapes were observed than with maximum- 
entropy methods. 

Signal processing with help from the Fourier transform also 
continues to be popular. Miller discussed some methods in 
a brief review of the applications of the Fourier transform in 
chemistry (176). Fourier transform methods for self-decon- 
volution, done without an explicit convolution operation, were 
the subject of another report (177). The Fourier deconvolution 
and maximum entropy methods were compared for decom- 
posing overlapping Raman spectra (1 78). Advantages and 
disadvantages of both methods were discussed; the recom- 
mended ap roach combines both methods. Another report 
compared Aurier self-deconvolution and iterative, nonlinear 
deconvolution methods for Raman bands (179). The merits 
of six apodization functions for Fourier self-deconvolution were 
studied for the analysis of single peaks (180). Apodization 
functions for more general data analysis in Fourier transform 
spectroscopy were also examined systematically (181). Two 
papers Considered the interpolation of Fourier transform 
s ectra. One gave interpolation functions for common apo- B ization windows (182). The other considered the effects of 
noise, time-domain damping, and zero-filling on the resulting 
line shape (183). Spline functions were used in a Fourier- 
transform package for deconvolution and differentiation in- 
tended for small computers (184). Fourier deconvolution was 
used for a study of the impulse response functions associated 
with each part of a flow injection manifold (185). Fourier 
series-based fitting was used to extract information and to 
permit automated aasay from voltammetric waves (186). The 
Hadamard transform, often mentioned in conjunction with 
the Fourier transform, but seldom the subject of much pub- 
lished material, has at last gained the interest of several 
groups. An introductory review summarizes work with this 
transform (187). In spectroscopy, the invention of new 
masking technolo has made Hadamard spectrometers fea- 
sible. Dyer et aphave carefully examined the effects of 
nonidealities in Hadamard masks on signals (188), and they 
have examined methods for fast recovery of spectra encoded 
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with defective masks (189 190). The application of Hadamard 
transforms has spread beyond spectroscopy, too. Hada- 
mard-transform cyclic voltammetry has been reported recently 
(191). Fourier- and Hadamard-domain spectral representa- 
tions were evaluated by cluster anal sis to determine the 
reduction in information content wit{ truncation (192). 

Reviews of finite impulse response (193) and infinite im- 
pulse response (194) filters provided introductory overviews 
of the man types of digital filters available for signal pro- 
cessing. Alaptive signal processing methods were applied to 
enhancement of noisy Raman spectra by Jordan and Dyer 
(195). Savi*-Golay filtering methods remain popular. New 
methods were reported for eneration of Savitzky-Golay 

olynomial smoothers for one 8%) and two (197) dimensions. 
Eonventional polynomial smoothers were compared with 
binomial and alternating binomial filters for removal of in- 
terferences in ultraviolet spectroscopy (198) and with Wiener 
filters for smoothin in electron spectroscopy (199). A finite 
impulse res onse feconvolution filter was used to resolve 
overlapping h h b a u e r  spectra (200). A new algorithm based 
on the minimum-negativity constraint was reported for res- 
toration of Fourier spectra (201). Di ital filtering methods 
are often demonstrably superior to olfer, but simpler, meth- 
ods, but occasionally, exceptions are found: a matched filter 
was found to provide spectral estimates from Lorentzian 
spectral features that were inferior in quality to those obtained 
from re etitive measurements made at a single frequency 
(202). &vera1 grou s ex lored digital filtering of interfero- 
grams. Bjerga and fmalffiitered interfero ams to improve 

used the Kalman filter to filter flow injection responses in real 
time and to filter interferograms from diffuse reflectance 
spectrometric measurements, while Fellinger, Pap, and Inc- 
zedy (205) used the extended Kalman filter to curve-fit ex- 
ponentially modified Gaussian signals in the frequency do- 
main. 

Other interesting methods reported for processing of data 
included a paper on the use of proportionally spaced cubic 
B splines for approximation of titration curves and other 
si moidal functions (206). Several methods for the location 
ofpeaks and identification of band shapes were also reported. 
A sliding pivot method was shown as capable of locating peak 
maxima in spectra as second-derivative methods (207). Its 
avoidance of derivatives minimizes the noise enhancement 
effects often seen with derivative methods. A new method 
for the resolution of spectra using iterative least squares and 
Fourier transforms (208) was reported. No assumption of line 
shape was necessary. Another method automatically selects 
between Gaussian and Lorentzian line shapes in resolving 
spectra (209). Comparison of standard spectra from a library 
and experimental spectra are often done with a fast, simple, 
cross-correlation routine. The sensitivity of the cross-corre- 
lation coefficient at zero lag to noise has been reduced by 
autocorrelating the cross-correlation function. The method 
is demonstrated on Mbssbauer data (210). Cross-correlation 
was also used to study rotein spectra obtained in aqueous 
solution. A generalize B cross-correlation technique was re- 
ported (211). Processing of the absorbance-time curves in 
electrothermal atomization was improved by use of linear 
sliding means and correlation of the time-varymg absorbance. 
The detection limit and the analytical precision were improved 
by 2-3-fold (212). Derivative methods remain popular for 

overlapped responses. A new approach was reported 
;?%%e deconvolution is performed by ex anding the 
measured function with its derivatives (213). faking a de- 
rivative usually increases the noise in a res onse, but a paper 
appeared that suggests a simple, new metfod for generating 
derivatives (214). The theoretical basis for the method was 
presented. Deconvolution and differentiation methods for 
sharpening signals are compared in another recent pa r (215). 
The general validity of the deconvolution method wgch uses 
an excitation profile identical with the light-pulse shape, a 
common approach to deconvolution of transient signals such 
as those seen in time-resolved fluorescence, has been ques- 
tioned (216). A nonlinear deconvolution algorithm was de- 
veloped for analysis and resolution enhancement of back- 
scattering and reaction spectra (217) and another was reported 
for Auger s ectroscopy (218). Jansson’s algorithm, another 
nonlinear &convolution method, was evaluated for decon- 
volution of poorly resolved gas chromatographic peaks (219) 
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reconstrudion of gas chromatograms (203). s rown et al. (204) 

and near-infrared spectra (220). Yet another nonlinear al- 
gorithm, this one a peak-clipping method that takes the 
statistics of the background into consideration, was reported 
to improve quantitation in X-ray spectrometry (221). Three 
papers considered the effects of another type of statistics on 
signal estimation: the statistics of stochastic rocesses. One 
paper used a variance function to characterize d e  homogeneity 
of two-phase solids (222). Concentration fluctuations were 
detected that were not visible in the original data. Two other 
papers used linear prediction in conjunction with NMR data 
collection to significantly decrease data collection times for 
2-D NMR of complex biomolecules (223,224). 

Relatively little appeared that was specifically concerned 
with image analysis. However, Geladi and Esbensen consid- 
ered the utility of image analysis in chemistry (2%) and noted 
the need for multivariate data analysis that results from 
collection of “im es” of all types, conventional and noncon- 
ventional. Two3mension thin-layer chromatograms were 
examined with image processin methods (226), as were 
two-dimensional electrophoresis ge% (227). Hierarchical image 
processing methods were employed to analyze arrays of spots 
on electron diffraction patterns (228). 

A limitation of all electronic signal processors is the speed 
of execution of complex algorithms. Even with highly parallel 
algorithms, processing takes time. For some time, investigators 
in electrical engineering have been trying to circumvent this 
limitation by designing optical signal processors. These in- 
herently parallel processors operate at  the speed of light, and 
they would seem to offer significant advantages over con- 
ventional processing. Use of an optical processor introduces 
other complications, though. High-speed photodetector 
arrays-a sort of interface between the o tical processor and 
the conventional digital processor worla-are an important 
link in hybrid processing systems. Their ca abilities and 
current limitations for signal processing appgcations were 
reviewed (229). Bialkowski and Herrera (230) have tried a 
simple optical processor, using a matched filter, for real-time 
analysis of photothermal s ectroscopy data. Results from 
o tically processed data difnot com are favorably to those 
oEtained from more conventional-\ut slower-electronic 
processing. 

Finally, it should be noted that, while signal processing has 
gotten more accessible, it has not necessarily gotten simple. 
Williams and Salin point out some of the pitfalls awaiting 
those who blindly estimate detection limits from transient 
signals (231). They show that some com utational methods 
do not produce valid 99.9% confidence Emit estimates and 
that the deviation depends on how the analytical transient 
is detected and how the standard deviation of the transient 
is determined. 

FACTOR ANALYSIS 
The literature of factor analysis and factor-based methods 

has been growing dramatically with each review period, and 
the present one is no exception. The number of papers re- 
porting methods using some sort of principal components 
decomposition is now very lar e, and some selection is nec- 

metiods. A recent review by GemperEne (232) provides a 
needed update of much of the field of factor analysis. Other 
reviews by Bracewell (233) on biochemical applications and 
by Solomon (234) on surface spectroscopy offer good overviews 
of many applications. Factor analysis is becoming a useful 
tool of the spectroscopist, either alone or combined with other 
techniques. The spectra of species present in molybdate 
solutions over a pH range from 2 to 5 were determined by 
factor analysis (W), and factor analysis was ueed with Fourier 
self-deconvolution methods and nonlinear leasbsquares fitting 
to analyze the carbonyl stretch of CDSCOOD in D20 (236). 
Factor analysis was compared with least-mean-squares fittmg 
of Auger spectroscop , where it was found superior in detecting 
a chemisorbed bon2ng state (237). And efforts continue to 
be made to explain chemical effects from suitably rotated 
eigenvectors. An oblique procrastes transformation was used 
to rotate factors from gas chromatographic retention data on 
different mobile phases in an attempt to explain their re- 
tention characteristics (238). 

Considerable effort has gone into the use of factor methods 
for analysis of three-dimensional data such as 2-D NMR and 

. The emphasis here wid be placed on papers offerin essY insi t into improving, not just ap lying, factor-base3 
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chromatograms, Rank annihilation has alwa s been popular 
for analysis of three-dimensional, bilinear &a, but a new, 
generalized algorithm may make it more attractive (239). 
Rank annihilation was also demonstrated on second-order 
nonbilinem data, fmt with simulations and then on J-coupled 
2-D NMR (240). This new rank annihilation method can also 
be used to perform quantitative analysis in the presence of 
unknown spectral interferin substances, as Wilson and 
Kowalski demonstrate (241). 8 n  incom lete!y modeled data, 
the method outperforms other rank ann&bon methods and, 
not surprisingly, multiple linear regression. Target testin 
also continues to be popular. Missing data can be estimate! 
by iterative target testin (242), and iterative target testing 

as several authors note. The effectiveness of target testing 
for peak identification was explored by StrasteFs et al. (2431, 
who considered the effects of chromatographic resolution, 
spectral similarity, and relative concentrations on the results, 
and by Seaton and Fell (244), who used analysis of variance 
to explore the same effects. Lorber and Kowalski (245) also 
examined the numerical and statistical properties of target 
testing and iterative target testing methods in a brief com- 
munication. Occasionally, there is no target model available, 
and other approaches must be explored. Gampp et al. (246) 
discuss the analysis of data from spectrophotometric titrations 
with and without an underlyin model based on chemical 

was used to enhance resolution of tandem mass spectra &47), 
and an iterative key-set method (248) was proposed for ex- 

can be used to track pea t s in chromatographic separations, 

equilibrium. Factor analysis wit f the pure peak assum tion 

analysis (250). 
Determining spectra, with or withoutsuitable target models, 

is not always sunple. A new method whch can be an aid where 
time-dependent data are available, and where species con- 
centrations change over the observed time period, is evolu- 
tionary factor analysis (EFA). Maeder and Zilian (251) 
demonstrate the use of this method for resolving overlapped 
chromatographic peaks into concentration profiles and ab- 
sorption spectra. EFA was also used to resolve spectra of 
stearyl alcohol in CCl, (252) and to resolve complex mixtures 
in flow injection analysis (253). Clmely related methods were 
reported for identification and urity control in liquid chro- 

sources in gas chromatography (256). Factor methods have 
also been used for depth profiling of materials with secondary 
ion mass spectroscopy (257) and Auger s ectrosco y (258). 

factor-based methods, also received continued attention. 
Canonical correlation was used to detect dilution of orange 
juice (259), and it was combined with factor analysis to aid 
in the chemical characterization of hydrocarbons from pyrp- 
lysis of coal (260). Canonical correlation was also used to u d  
in one of the most disputed steps in factor anal is: deciding 
on the true rank of a noisy data set. Tu  et al. $61) used the 
method to analyze the eigenvectors from fador analysis and 
demonstrated the method on fluorescence data. This is 
certain1 a novel a proach worthy of additional exploration. 

The Jfficulty ofselection of the true rank of the data was 
underscored by three studies. Malinowski continued in his 
efforts at identifying the number of significant eigenvalues, 
this time with a statistical criterion based on an F-test applied 
to the reduced eigenvalues (262). In another, a new test on 
ei envalues was offered (263). This test, based on the variation 
of the eigenvalues as a function of the number of retained 
components, was estimated to be 80% successful, with failure 
coming from improper data selection rather than any weakness 
in the method. Another study, done to explore the causes of 
drift in atomic emission spectrometry, ointed out other 
pitfalls. Correlated multielement effects l e i  to misassignment 
of variance, which was only detected upon examination of the 
eigenvectors and simulation of the experiment. The authors 
(264) urged caution in interpreting principal components. 

RESOLUTION 
The resolution of overlapped responses by some sort of 

matography (254,255) and for i B entification of organic vapor 

Canonical correlation methods, not-so-&ant re P atives of 

curve-fitting procedure which uses separate models continues 
to increase in popularity. This method is to be distinguished 
from deconvolution, which concerns the removal of instru- 
mentally caused broadening from a response. Deconvolution 
methods are discussed in the section on signal processing. The 
vast majority of work aimed at resolution of overlapped re- 
sponses concerns the use of derivative ultraviolet and visible 
spectra, with a simple lwt-squares fit. While the many papers 
typical of this sort of work are not referenced in this rewew, 
for reasons of s ace, they are covered in another recent review 
(265). Weyer $06) discussed the use of derivative nodes for 
resolution of peaks in near-infrared spectrometry in another 
review. Multivariate techniques for resolving overlapping 
peaks into components, including some factor-based methods, 
are also discussed in a review of automated peak recognition 
in chromatography (267). 

A wide range of methods have been tried for resolution. 
Nonlinear least squares was used to resolve fused NMFt peaks, 
with excellent results (268), and a constrained, iterative me- 
thod was used on 2-D NMR and 1-D NMR peaks (269). An 
integer arithmetic algorithm was used to resolve overlapped 
peaks in y spectroscopy in real time; the method is claimed 
to provide mainframe speeds and accuracy on a 16 bit com- 
puter (270). Two different resolution algorithms-a simple 
curve-fitting method and a Bayesian method-were compared 
for proton-induced X-ray emission spectra (271). The 
Bayesian method worked better when many overlapping 
occurred and in regions with poor counting statistics, 
required a large computer to run. Iterative least-squares fitting 
was used to compare standard reference spectra with a sample 
infrared spectrum; this approach permitted both qualitative 
and quantitative analysis (272). Another group used factor 
analysis and curve fitting to resolve infrared spectra of ketones 
and ethers in aqueous solution (273). The simulated annealing 
algorithm was used to resolve complex NMR spectra con- 
taining noise (274). Two papers considered the resolution of 
chromatogra hic data. In one different distribution functions 
are used to &scribe chromatographic peak shapes, and then 
these shape functions are curve-fitted to several different 
chromatograms (275). The log-normal distribution was found 
to best describe peak shapes and to best resolve overlapped 
profiles. Vandeginste et al. (276) compared chromatogra hic 

curve fitting of peak profiles in another paper. 
Kalman filtering methods also continue to be investi ated 

the information available in the filter innovations sequence. 
The reliability of filter estimates for a multicomponent 
analysis was shown to be related to the normalized autocor- 
relation of the filter innovations (277). The effects of a poorly 
defined model are also felt in the filter innovations. A peak 
shift between model and data causes changes in the innova- 
tions sequence that can be used to detect the direction and 
magnitude of the shift (278). Adaptive Kalman filters can 
correct the filter model for sections of poorly modeled data, 
based on the filter innovations. Improvements of the sim- 
plex-optimized adaptive filter were evaluated for several new 
optimization metrics based on the filter innovations (279). A 
number of papers appeared concerning the a plication of 
Kalman filters to chromatographic systems. 8ayashi et al. 
reported three papers on the use of simplified Kalman filters 
for resolution of overlapped chromato rams measured with 
a single-wavelength detector (280-2827. They showed that 
chromatograms resulting from overlapped injections could be 
handled with a reduced-dimension Kalman filter, whether or 
not solvent peaks were present in the overlap ed chromato- 

of simultaneously overlapped chromatographic and spectro- 

resolution based on self-modeling curve resolution an i on 

for resolution of peaks. Several authors were concerne d with 

grams. Barker and Brown (283,284) consider e l  the resolution 

matrix operations (285). This one-dimensional filter was 
applied to a robotic system for total analysis of solid dosage 
formulations as measured from chromatograms enerated 
from overlapped injections (286,287). Information t f eory and 
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Kalman filtering were combined for evaluation of o timal 
chromato aphy, with the "best" chromatogram being &fined 
as that w%ch transmits the maximum amount of mutual 
information in unit time (288). Information theory was also 
used with the Kalman filter by Rutan et al. (289) to determine 
optimal designs for multidimensional fluorescence experi- 
ments. 

In any method of resolution by curve fittin the question 
of model observabdity must be answered. Higkly overlapped 
models may lead to poorly conditioned regressions, and the 
accuracy of the concentration estimates can suffer. Kalivas 
(290) reported a practical statistical procedure which tests for 
the presence of spectral overlap among the pure-component 
spectra and simultaneous1 assesses the degree that concen- 
tration estimates may be Jegraded. Kalivas and Lang (291) 
also considered the effect of the condition number of the 
spectral model on the analytical error. They used linear 
programming to obtain estimates of the lower bounds for the 
errors. 

CALIBRATION 
The measurement of analyte concentrations in mixtures of 

several components is probably the fastest growing area of 
chemometrics. Many methods for peak resolution can also 
be used to provide component concentrations, but interest 
in multicomponent analyses has concentrated over the past 
2 years on factor-based methods such as principal components 
regression (PCR) and partial least-squares regression (PLS). 
Most of the a plications of multivariate analysis continue to 
be published t!r spectroscopic measurements, especially those 
made in the infrared and near-infrared re ions, but the use 
of these methods has widened considerabfy over the past 2 
years. Calibration schemes are now used in potentiometric 
analysis, for example. A review discusses the calibration 
methods and instrumentation requirements for arrays of 
ion-selective electrodes used as sensors (292). 

A few papers appeared on traditional methods of calibra- 
tion, but even these have been influenced by the multivariate 
philosophy sweeping the field. The venerable standard ad- 
ditions method was modified to use two-response measure- 
ments, so that two straight lines result. Their intersection 
provides the concentration estimate (293). Cross-correlation 
was used to calibrate spectra obtained from extended X-ray 
fine structure measurements of binary mixtures (294). Two 
other pa ers considered the error in estimation of infrared 

B imulations were used to determine the behavior of the error 
(2951, which was found to depend on the weighted superpo- 
sition of component and interferent spectra (296). 

The literature published durin the past 2 years was dom- 
inated by applications of PCR anlPLS, as noted above. Two 

apers compared these calibration methods with calibration 1 ased on multiple linear regression for infrared (297) and 
near-infrared (298) data. Three other papers concerned the 
multivariate calibration of substances in blood. Lodder et al. 
(299) assessed the feasibility of determining serum cholesterol 
and triglycerides by near-infrared reflectance spectrometry 
and multivariate calibration. PLS calibration was used to 
determine glucose in whole blood by infrared spectrometry 
with attenuated total reflection. A cross-validation strategy 
was used to optimize the PLS model, which permitted direct 
measurement of levels of analyte in the normal physiological 

e (300). A simiiar approach was also used to monitor uric 
aci total cholesterol, tri lycerides, and total protein in blood 
plasma (301). PLS caliiration with cross-validation of the 
calibration model was also applied to infrared emission 
spectrosco y of polymers (3021, to the analysis of highly ov- 
erlapped pEotmcoustic spectra from three-component aspirin 
tablets (303), and to the anal sis of mixtures of commercial 
detergent samples by infrareJspectrometry with attenuated 
total reflection (304). Multivariate calibration by singular 
value decomposition followed by Ho-Kashap algorithm was 
used for the determination of cationic detergents by tensam- 
metry (305). Other applications of factor-based calibration 
methods included those concerned with the evaluation of 
acid-base titration curves (3061, the determination of mixtures 
in flow injection and continuous-flow analysis (307), and the 
determination of mixtures by inductively cou led plasma mass 
spectrometry (308). A articularly detailez study of multi- 
variate calibration by f L S  was done for the spectrophoto- 
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s ectra 1 y cross-correlation analysis of mixture spectra. 

metric determination of metals by a colorimetric reaction 
(309). This study also investigated the limitations of the 
calibration by using simulations. 

Problems with outlier samples, poorly calibrated back- 
round, and drift still pla ue methods for multivariate cali- 

[ration. Many authors afidressed these problems in recent 
publications. Naes (310) discussed leverage and influence 
measures for rincipal component regression, and he discussed 
distinctions Eetween different types of outlier samples. A 
method based on an F-test of the factor model to determine 
its applicability was used to detect outliers in routine analysis 
of grains by near-infrared spectrometry and PCR calibration 
(31 1 ). The presence of unknown and uncalibrated com nents 
in a sample is also a problem. Lodder and Hieftje (312report 
a test for ensuring that the sam le falls in a multivariate region 
explained by the calibration. lometimes, undesirable effects 
occur during the calibration. For example, undesired re- 
sponses from water or from particle size effects may be present 
in near-infrared responses. Devaux et al. (313) demonstrate 
that the Gram-Schmidt method can be used prior to cali- 
bration to remove these undesirable responses. A multiple 
scatter correction transform was used to improve linearity in 
near-infrared analysis. Prediction error was decreased by as 
much as 68% (314). Improvements to calibration when done 
in the Fourier domain included less sensitivity to particle size, 
less difficulties with collinearity and faster calibrations, ac- 
cording to McClure and Davies (315), who demonstrated 
Fourier-domain calibrations for sugars in tobacco. The se- 
lection of calibration samples by experimental design (316) 
and by a preliminary factor analysis (317) for removal of 
nonrepresentative and redundant samples was also used to 
improve the quality of multivariate calibrations. Of course, 
instrumental conditions are ever-changing, and a calibration 
cannot be considered permanent. Optimal monitoring of a 
calibration was discussed by Yfantis et al. (318), who gave a 
scheme for minimizing total analysis costs, and it was intro- 
duced in a brief overview by Kateman (3191, who considered 
the need to correct calibration systems for drift in instrumental 
response and pro osed an expert system for recalibrating as . A valilation protocol for PCR calibration was also ::&?g (320). 

In addition to calibrating on analyte concentrations, in- 
creasing use is being made of the factor-based relation of 
sample properties to responses in calibrations. The molecular 
weight and density of distillation fractions was estimated from 
GC/MS data by PLS calibration (321). Multivariate statistical 
methods, including PLS, were used to aid in the design of new 
photochromic glasses (322), while PCR calibration was used 
to evaluate the quality of used lubricating oils from near-in- 
frared measurements (323). Near-infrared measurements, 
when coupled to PCR, were also used to predict the uality 
of gasoline (324). Several different calibration methds were 
compared in Fourier-domain calibration of hydrocarbon 
mixtures in high-pressure natural as, and a P-matrix in- 

energy content directly from spectra (325). 
The nature of error in multivariate calibration was of special 

interest. Lorber and Kowalski (326, 327) considered the 
ropagation of error in calibration methods. The detection 

tention of two authors. Delaney (328) considered the calcu- 
lation of multivariate detection limits for selected ion mon- 
itoring experiments in GC MS, using multivariate regression 
statistics. Feinberg (329 considered confidence intervals 
obtained from regression methods used to establish the cal- 
ibration. He showed that the detection limit is not simply 
calculated from the confidence interval, and he proposed a 
new criterion, called the minimum allowable concentration. 

The theory of calibration methods was the subject of many 
studies. Hoeskuldsson (330) discussed the theoretical basis 
of PLS and PCR in considerable detail. Lorber and Kowalski 
(331) described a modified version of the partial least-squares 
regression for multivariate calibration. Their new version 
permits calculation of lever e values for detection of outliers, 
ives a direct calculation %the prediction error, and takes 

fess computation time than the usual NIPALS al orithm. A 
new, multiblock PLS2 algorithm was given by dangen and 
Kowalski (332). Geladi and Wold (333) report the use of local 
factor models for multiway calibration methods. They used 
a rank map of models for finding empty, one-constituent, and 

verse-regression calibration metho (! was used to estimate 

P imits available from calibration methods attracted the at- 
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timated from kinetic systems. A theoretical treatment was 
given for temporal optimization of enzyme-based reaction rate 
methods for chemical analysis (354), and a discussion appeared 
on the dependence of the variance of estimated kinetic pa- 
rameters on the amount of data fitted (355). Modeling of 
chemical kinetics was examined by several groups. A line- 
arized kinetic model was used to provide initial estimates of 
kinetic parameters for other modelin methods (356), deriv- 
ative and integrated models were fittecfto first-order inhibition 

rocesses b nonlinear least-s uares regression (357), and 
iinetic moJels were develo e l  and fitted for competing 
first-order processes (358). &man filters were also used to 
model first-order chemical kinetic reactions measured by in- 
frared spectroscopy (359) and to compensate for run-to-run 
variations in first-order kinetics measured by fluorescence 
(360). The filtering of transient systems was also the subject 
of a brief review (361). Kalman filtering with information 
theory was used to optimize fittin of second-order kinetic 
models as well (362). Other metgods for optimization of 
models included steepest descent fitting methods, which were 
used to model kinetics in thermogravimetric analysis (363). 
Submatrix analysis was also applied to chemical kinetics, 
specifically to oscillating chemical reactions where the rate 
constants were not known (364). Fitting of other processes 
closely related to chemical kinetic also received considerable 
attention. Fitting of time-resolved spectra to exponential 
models was the subject of many papers. Bilinear regression 
was used to analyze flash photolysis experiments (365), while 
Russell and Gouterman used factor analysis and nonlinear 
least-squares methods to extract nonexponential decay pa- 
rameters from excitation-emission spectroscopic data (366, 
367). Weighted linear least-squares and the rapid lifetime 
determination method were compared for analysis of a single 
exponential decay (368) and optimum regions for fitting were 
given. A brief paper examined the convergence of least- 
squares fitting of a single exponential to kinetic data and 
showed that a fitting method previously published for this 
purpose was flawed (369). Decay with several exponential 
terms was also examined. A reiterative regression was used 
with a nonlinear least-squares algorithm for fittin multi le 
time-resolved fluorescence decay signals (3701, whife anotier 
paper discussed the difficulties in using iterated least-squares 
methods for fitting parallel decay processes (371). 

Other work on parameter estimation included a method for 
simultaneous fitting and deconvolution of Auger spectra (372) 
and a damped nonlinear least-squares method for fitting of 
X-ray photoelectron spectra (373). Papers on fittin of 
electrochemical models to data included a review of mod&ng 
by Rusling (374), a paper on fitting of overlapped polaro- 
graphic waves and estimation of errors (375), and a method 
for estimating transition times in chronopotentiometry by 
piecewise linear regression using dumm variables (376). A 
novel nonlinear regression on orthogondzed variables (377) 
and nonlinear fitting with several optimization methods (378) 
were used to obtain kinetic parameters from voltammetric 
responses. 

Several methods for dealin with background in spectro- 
scopic signals were reported juring the past 2 years. Back- 
ground in Fourier-transform infrared (FT-IR) spectra was 
corrected by fitting with Legendre polynomials (379), and 
water signals were removed from.FT-IR spectra of aqueous 

roteins by fittin second-order polynomials (380). An FT-IR 
lackground mate from the second derivative of the sum of 
a number of component curves was also demonstrated to be 
an effective alternate to functional modeling of base lines 
(381). The variable background that occurs in fluorescence 
detection of thin-layer chromatograms was effectively removed 
by modeling it by abstract factors from a factor analysis of 
blank re 'om on the chromatogram. The abstract fadors were 
includefin the Kalman filter so that variable fluorescent 
background from the chromatographic plate was continuously 
compensated (382) in the parameter estimation. 

Source apportionment is another area of parameter esti- 
mation which relies on factor modelin methods. The effects 
of analytical precision were examine! for source ap ortion- 
ment calculations by simulation. With high source collkearity, 
the chemical mass balances calculated were unpredictable, 
while with low to medium source collinearity, chemical mass 
balances were unreliable at  high analvtical signal-to-noise 

overlapping constituent regions in a spectrum. A new PLS 
method for analyzin bilinear data was also re orted (334). 
Finally, two r e m a d e  papers by Sanchez and zowalski (335, 
336) appeared on the theory of calibration. These papers 

rovided evidence linking many different methods for Cali- 
Eration by a proaching calibration from a tensorial per- 
spective. Tfey showed that the calibration problem is 
equivalent to finding the contravariant vedor corresponding 
to the analyte being calibrated. The nature of the model built 
for the subspace spanned by the variance in the calibration 
was shown to be the only real difference between such methods 
as principal components regression, ridge regression, and 
partial least-squares regression. 

PARAMETER ESTIMATION 
Fitting of experimental data to theory for the purpose of 

determining adjustable parameters is an area of chemometrics 
which continues to grow in sophistication and in application. 
It used to be that simple least-squares or nonlinear least- 
squares methods were sufficient for most, if not all, of the 
problems tackled by the analyst. Recent work with new ap- 
proaches has extracted information from increasingly complex 
data and occasionally has called into question the results 
obtained from some simple methods as applied to some com- 
mon problems. 

A number of relatively well-known modeling problems 
continued to receive attention. Fitting of s 08co ic profiles 
was explored with least-squares fitting % anax? fitting 
(338) methods. An improved method for fitting of spectra 
to standards by cross-correlation was demonstrated on very 
weak spectra of trace species (339). Fitting of titration data 
is an area that has been extensively studied. A new method 
based on the use of Pad6 approximanta has been demonstrated 
for extraction of activity coefficients and dissociation con- 
stants, all determined from a single titration curve (340). 
Often, the exact nature of the model itself is not certain. 
Monte Carlo studies have been used to aid in estimating 
parameters from melting of glasses (341) and to estimate 
concentrations from y spectra obtained from well logs (342). 
Alternating linear and nonlinear least-squares regression was 
used to estimate parameters for line profiles in noisy Raman 
s ectra containing many overlapped lines (343). Beebe and 
I! owalski (344) used projection pursuit regression, a method 
which performs both linear and nonlinear regression as it 
identifies the form of a suitable model, to responses from 
arrays of ion selective electrodes to measure Na+ and K+ at 
physiological levels. In the estimation of parameters by 
nonlinear regression, the linearization step produces a system 
of overdetermined linear equations. Not all of these equations 
are of equal value in estimating the parameters. Two criteria 
are offered for selecting the best linearized equations for fitting 
the data (345). The methods were demonstrated for a po- 
tentiometric titration. Alternatives to leasbsquares estimation 
have also been examined. Maximum entropy principles were 
combined with maximum likelihood fitting to estimate pa- 
rameters from neutron spectra (346). This combination ac- 
counts for Poisson statistics and solves the roblem of ro- 
viding prior probabilities for the estimation. ftutan and 8arr 
(347) compared least median of squares fitting, a robust es- 
timation method, with adaptive Kalman filtering. Both 
methods were more effective in discriminating against outliers 
than ordinary least-squares or least absolute deviation re- 
gression methods. Least-s uares and robust regression 
methods were also compare8 in calibration problems with 
non-normally distributed noise (348). Under certain condi- 
tions, robust regression offered an advantage over the usual 
least-squares regression. Bialkowski (349,3550) ex lored the 
estimation of parameters in the presence of noise istributed 
by Poisson and normal distributions using maximum likeli- 
hood estimation. Finally, bootstrap and jackknife methods 
were given for estimation of errors and confidence regions in 
nonlinear regression (351). 

Notable applications of novel methods for parameter es- 
timation were concentrated in chemical kinetics and in es- 
timation of back round res onses in spectroscopy. Pardue 
(352) discussed htting metiods in his overview of kinetic 
methods in analytical chemistry. A more limited review of 
data reduction for estimation of enzyme kinetics also appeared 
(353). It is now well established that the nature of data 
collection strongly affects the quality of the parameters es- 

I 

ratios (383). 
- 
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Parameter estimation methods were also used for correction 
of instrumental artifacts and for instrumental control. An 
ob’ective method for comparison of electrophoresis els from 
dikerence sources was reported (384). The method,%ased on 
matching of estimated parameters, does not require use of 
internal standards. Nonuniform instrumental broadening in 
size-exclusion chroma was corrected by use of a Wiener 
filter (385). Kalman ?Y= 1 tering methods were also applied to 
gel chromato aphic measurements to enable continuous es- 
timation of c L n  length distribution in a polymerization re- 
actor (386). Recursive state estimators were used to detect 
the presence of contaminants in bioreactors by analysis of 
measurements of biomass and production rate (387). Opti- 

based on singular 
Kalman filter was also used to predict changes in the objective 
function of an optimization and of the statistical tests for 
measurements resulting from deletion of suspect measure- 
ments (389). 

Occasionally, some very simple problems are reinvestigated 
with modern methods, and surprising conclusions result. The 
full width at half-maximum is one arameter often reported 
for peaks in many areas of analyticafchemistxy. Five methods 
for estimatbq this parameter have been studied on simulated 
normal distributions containing noise (390). The second- 
moment method was found the most accurate. 

STRUCTURE-PROPERTY RELATIONS 
Chemometric methods for the relation of the structure of 

molecules to their physical and chemical properties are briefly 
covered in this section. A comprehensive review of the 
quantitative structure-activity (QSAR) area (391) has covered 
other more recent efforts. Chemometric methods used in 
establishing relations between the chemical structure and 
toxicological action of compounds have also been reviewed 
(392). Studies done ranged from small efforts focused on the 
effects of small structural subunits to a truly large-scale ex- 
ample, in which the toxicity of some 20 O00 industrial chem- 
icals, pticides, and drugs was correlated to chemical structure 
with the help of cluster analysis of 90 molecular arameters. 
This work produced a set of clusters that coulfbe used to 
detect potentially harmful compounds from structure alone 
(393). 

Several studies sought relations between chromato aphic 
retention and structure. The relation between gas cEoma- 
tographic retention and alkylbenzenes (394), the relation of 
chromatographic capacity factors and structure of antimalarial 
drugs (395), and the retention of substituted triazines (396) 
and halobenzenes (397) all were studied. The hydrophobic 
liquid-liquid partitioning properties of diadamantanyl de- 
rivatives was related to liquld and thin-layer chromatographic 
behavior through correlahon to molecular structure (3981, and 
the octanol-phosphate buffer partitioning of dexamethasone 
carboxamide steroid derivatives was similarly related to 
chromatographic capacity factors (399). The experimental 
and theoretical lip0 hilicity and electronic distribution of 
substituted bemamites were correlated successfu~y (400). In 
this work, HPLC was used to measure li philicity, which was 
calculated with a ?F function, while NMrmeasured electronic 
distributions which were calculated from ab initio theory. 

ro erty relations with fac- 
tor-based models was also explora pactor analysis and target 
transformation factor analysis were used to model the re- 
versed-phase HPLC retention of 35 benzene derivatives in two 
solvent systems. The method was used to predict the retention 
behavior for a wide range of solutes in a ternary solvent system 
with varying composition (401). Forty-eight amino acids were 
characterized by principal components analysis of seven 
thin-layer chromatogra hic variables and two theoretical 
variables. The two sqd !  cant principal components explained 
88% of the variance in the data (402). A similar study, done 
on 16 monosaccharides measured with 13 TLC variables, gave 
four principal components that explained 98% of the variance 
(403). Principal components were also used to relate structure 
to retention and retention to biolo ical activity for 13 ben- 
zodiazepines measured on six di#erent chromatographic 
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systems (404). Partial least-squares regression modeling was 
used to characterize the principal properties of aromatic 
substituents (405), the physical properties of hydrocarbon 
mixtures from NMR data (406), and the chromato raphic 
retention of chiral indoles on triacetylcellulose (407). beveral 
multivariate methods were used to model the relation between 
the release rate of riseofulvin from solid dispersions with 
polymers (408). Nifsson et al. (409) used PLS to relate the 
mutagenic activity of unsaturated dialdehydes, as measured 
by the Ames test, to theory obtained from molecular me- 
chanics, while least-squares regression was used to relate 
charge distributions calculated from SCF-MO methods to 
pharmacological activity for a series of histamine H2-receptor 
antagonists (410). PLS modeling was used to investigate the 
different assays used in testing carcinogenicity. Only nine of 
the 35 assays studied appeared relevant to description of 
carcinogenicity of chemical substances (411). Structure- 
property relations were also explored by canonical correlation 
methods (412), which showed that the property factors ace 
correlated closely with mass spectrometric results a n t t h e  
Kovats retention index. The mass spectral variables followed 
the degree of unsaturation, while the Kovats index, not 
unexpectedly, tracked with molecular-size-related parameters. 

There also continues to be interest in graph theoretical 
methods for describing molecules. Applications of graph 
theory to several areas of chemistry were covered in a review 
by Balasubramanian (413). Two graph theoretic methods were 
used to model tissue solubility and metabolic rate constants 
of halogenated methanes (4141, and a graph theoretical ap- 

groups of graphs, among which are included the enumeration 
of isomers of organic compounds (416). The application of 
two topological models was demonstrated for the relation of 
spectral characteristics to the structure of benzodiazepine 
condensates with ethylene oxide in micelles and in solution 
(417). 

PATTERN RECOGNITION 
Nowhere is the process of converting data to useful infor- 

mation more striking than with pattern recognition. The 
methods of pattern recognition were synonymous with che- 
mometrics for many years (and for some, they still are). 
Surprisingly, this well-established area of chemometrics has 
been very active over the past 2 years. Along with an enor- 
mous number of applications, many new insights have been 
made which affect the practice of pattern recognition, espe- 
cially in areas of display, classification, and unsupervised 
learnin . 

Dispfay remains an important art of any pattern recog- 
nition approach because, as is well hown, the human remains 
the best pattern recognizer. Methods for display of dendo- 
grams were briefly reviewed (418) and some display algorithms 
were iven. A new graphical resentation method was sug- 
gestef by Steigstra et al. (4197. This method, called multi- 
inductive component analysis, is proposed as an alternative 
for principal components analysis. A discussion of the theory 
and an application is given. False-color imaging methods used 
in aeronautical mapping are suggested as a useful approach 
to interpretation of chemical data (420). A combination of 
principal components analysis, fuzzy attern classification, 
and false-color imaging is recommengd. 

The use of fuzzy classification and clustering methods 
continues to ow in popularity. Fuzzy classification was used 
to identify guble-bond osition in compounds from mass 
spectral data (421), to a i l i n  identification of complex chro- 
matograms by directing the search for reference chromato- 
grams (422), and to track peak position in chromatograms 
where elution order was uncertain (423). Fuzzy set theory was 
also used for processing of historical laboratory data (424), 
where different sample types are sorted into a limited number 
of clusters. Fuzzy clustering was also combined with the 
multiblock PLS2 algorithm to identify groups of sam les for 
subsequent prediction of the concentration of volatiE com- 
ponents in beer (425). Fuzzy seta have also been used for 
modeling and control. A fuzzy ‘physiological state” pattern 
model was used to control a fermentation process, to permit 
flexible alteration of the control strategy (426). An expert 
system aided the process. 
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niques (446), and rincipal components analysis and classi- 

gardless of coupling (447). 
Applications of pattern recognition methods in chroma- 

tography and mass spectroscopy also received a good deal of 
attention. Reich (448-450) considered the automated rec- 
ognition of chromatogra hic peaks in a series of papers. The 
k-nearest neighbor metEod was used, and several different 
distance metrics were tested, in the development of a method 
that was able to recognize peaks with signal-to-noise ratios 
as small as one. Varmuza (451) discussed several chemometric 
methods for selective detection of chromatographic peaks in 
a short review. Gas chromatographic data obtained on persons 
exposed to PCBs was examined with the SIMCA classifier 
(452). A quantitative relation between exposure and chro- 
matographic res onse was established by PLS modeling. 
Classification of chomatographic data using multidimensional 
orthogonal olynomials was demonstrated (453). Cluster 

classify chromatographic cokmns. Nine CI8 columns were 
classified into three roups (454). Cluster analysis was also 
used to classify two-imensional chromatographic data (455) 
and, in connection with mapping and other statistical methods, 
to distinguish pyrochromatograms obtained on samples from 
cystic fibrosis carriers from normals (456). Pattern rec ition 
methods continued to advance in applications to G C E S  as 
well. Dunn et al. (457) report preprocessing, variable selection, 
and classification rules for identification of toxic compounds 
in GC/MS with the SIMCA classifier. Scott (458) discussed 
the use of binary encoding and different distance metrics on 
classification of mass spectra from GC/MS, also with SIMCA 
classifers. A brief review discussed classification of trace 
organic pollutants measured by GC/MS (459). Principal 
components analysis was used to help classify fungal colonies 
measured by GC/MS (460), and several bacteria were clas- 
sified by analysis of their pyrolysis mass spectra (461). Oil 
identification by chromatographic and mass spectral mea- 
surement followed by classification was considered in three 
studies (462464). Applications of p olysis mass spectroscopy 
and chemometrics in environmendesearch were considered 
in a review (465). Other papers on pyrolysis mass spectroscopy 
combined with chemometrics ranged from studies of spruce 
needles affected by acid rain (4661, of food profiling (467, &), 
and of characterization of bees (469,470). Laser micro robe 
mass (LAMMA) spectrometry has also been combinetwith 
chemometric classification methods. Two papers considered 
the need for careful preprocessing of LAMMA data (471) and 
the use of the LAMMA method for characterization of 
polymers (472). 

The field of chemical sensors continues to edge toward 
chemometrics. Simple pattern recognition methods are in- 
creasingly used to enhance the selectivity of nonspecific 
sensors, but the sophistication of the chemometrics software 
continues to lag well behind that of the sensor hardware. 
Research trends in solid-state sensors were discussed in a 
recent review (473). In two a plications, classification methods 
were used to discriminate getween compounds detected in 
automated, solid-state, odor sensors (474,475). Linear dis- 
criminant classifiers were used to classify hazardous com- 
pounds detected by a surface acoustic wave sensor (476). 

LIBRARY SEARCHING 
Automated identification of compounds from matching 

their spectral or other Characteristics with those of standards 
contained in a library continues to be explored, but the 
number of papers appearing in this area has dropped con- 
siderably over the past 2 years. This decline refleds, no doubt, 
the success that earlier workers has in designing search 
strategies, and the interest of many instrument manufacturers 
in getting working search systems for GC/MS and GC/IR 
systems. The progress in setting up searches has been re- 
viewed by Coates (477), who discussed instrumental and ex- 
perimental aspecta required for successful implementation of 
search systems. 

Most researches are made on the basis of a similarity metric. 
Zuercher et al. (478) showed that once s ectral features are 
selected and their relative importance !as been fixed, the 
characteristics of the similarity metric are controlled with two 
independent parameters, one that determines whether a 
forward or reverse search is conducted and the other whether 

fication were use a to separate mixtures of spin systems, re- 

analysis an a principal com onents analysis were used to 

A number of other new approaches to classification were 
reported during the ast 2 years. A fast, new clustering 
method was discussdby Zu an and Massart (427), who ap- 
plied it to classification of oive oils. Classification is based 
on the assignment of a multivariate data pattern into one of 
a set of data clusters, often as measured by some sort of 
distance. Althou h many different metrics for distance have 
been tried over t t e  years, the description of the spatial ge- 
ometry itself had not really been explored. A new classification 
method, the metric tensor model, is based on similarity 
measures which use the scalar curvature function of Rie- 
mannian space. This new method for pattern classification 
is applied to the Iris data set (428). The SOLOMON package 
was extended to correct for missing or censored data and 
tested ainst other classification methods on simulated data 
(429). your classification methods were compared on three 
different types of simulated data and also applied to the Iris 
set and other real data. All of the classification methods were 
found to perform about equally well, on average (430). Frank 
and Lanteri (431) also compared classification methods from 
the standpoints of prediction and complexity of the classi- 
fication model. They introduced a new model, CART (clas- 
sification and revression tree), which may have a number of 
chemical applications in the future. Frank and Friedman (432) 
discussed the connections between classification and regres- 
sion, and used the relation to introduce two new classifiers: 
DASCO (discriminant analysis with shrunken covariances) 
and RDA (regularized discriminant analysis). They demon- 
strated with simulated and real data that the performance 
of these new classifiers were superior to that of discriminant 
analysis and to that of classification based on soft inde ndent 
modelin of class anal0 (SIMCA), particularly for tE small 
sam le-f&h dimensionyata sets common in chemistry. Derde 
et 9 (433) re orted a new nonparametric class modeling 
method, whileeiendle and MacFie reported a new discrimi- 
nant method for discriminant analysis when the number of 
variables exceeds the number of samples (434). Thielemans 
et al. (435) used convex hull boundaries, along with a principal 
components analysis, to define classes for detection of animal 
fat adulteration. They showed that the method pro erly 
classified samples, though detection of outliers was a protlem, 
and some false positives occurred. The first classification with 
the aid of a neural network was re orted (436). Six alditols 
were identified from their proton NbR spectra by the trained 
network. Preprocessing for classification also received at- 
tention. The effect of data transformations on k-nearest 
neighbor transformation was reported (437). Chance classi- 
fication by linear discriminant analysis was also considered 
(438). 

Because of the large number of a plications of pattern 
recognition methods, a comprehensive ht cannot be provided 
here. Instead representative applications will be cited for 
applications of pattern recognition methods to problems of 
concern to analytical chemists. Many of these concerned the 
interpretation of spectral data. A brief overview rovided the 
philosophy of pattern recognition methods for ilentification 
of compounds from spectral data (439). The occurrence of 
subclusters in larger clusters was investigated in cluster 
analysis of near-infrared spectral data (440). The method 
permitted detection of a few hundred parts per million of 
contaminant in a drug capsule. Principal components analysis 
and factorial discriminant analysis were used to extract dis- 
criminant spectral atterns from near-infrared spectra. By 
this method, free an$ bound water could be identified in wheat 
flour (441). A testing method for raw materials using SIMCA 
classification of near-infrared reflectance spectra was also 
reported (442). This was used to identify b an F-test ac- 
ceptable and unacceptable materials for an inJustrial process. 
Discriminant methods were used to reduce emission back- 
ground and enhance small emission signals from H20 and CO 
m effluent from smokestacks. Combustion of gas and oil cod4 
be distinguished by the method (443). Cluster analysis and 
correlation anal is were used to determine characteristics of 
hydroxide b a n z i n  vapor-phase infrared spectra. Free and 
h drogen-bonded ou s were identified for several different 
dohols  (444). go-kmensional NMR has also seen in- 
creasin use of chemometric methods. Fuzzy clustering 
methofs were used to aid in extraction of information of 
ima ing NMR (445). Classification methods were used to 
anafzyze folded 2-D NMR spectra obtained from COSY tech- 
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a similarity or classification search. is conducted. 
New developments concerned with library searching in- 

cluded improvements to infrared library searches, the de- 
velopment of search strategies for searches of ultraviolet 
s ectral data, and the exploration of mixed library searches. 
Arty-one different infrared search systems were evaluated 
in a stud of the performance of automated spectral identi- 
fication &79). The changes in data base utilization brought 
about by advances in spectral searching of infrared data bases 
were discussed by Lowry et al. (480). A Fourier-domain search 
system was proposed to aid in distinguishing similar spectra 
in searches of infrared spectra (481). The search system 
removed dominant spectral features prior to transformation 
and comparison steps. The effect of sampling and data 
collection on the success of searches of infrared spectra was 
also considered (482). Corrections were proposed to minimize 
the distortions that arose between data collection by trans- 
mission, diffuse reflectance, attenuated total reflectance and 
photoacoustic techniques. A method was re orted for cor- 

(483). This correlation of standards and.samples was used 
as an alternative to a spectral search, as it was found to be 
more reliable in low signal-to-noise situations. Searching 
ultraviolet spectra is much more difficult than searching in- 
frared spectra, because the s ectral information is less easily 
extracted, and there is usual& less information to start with. 
A Fourier-domain search was used to concentrate information 
from ultraviolet spect,ra (484). The effects of noise, fre- 
quency-domain peak shifts and background fluctuations were 
studied in the searches. An alternative approach, based on 
searches on integrated subsets of ultraviolet data, was also 
reported (485, 4861. This work considered three different 
methods for identification, including analysis of difference 
spectra and rank analysis, in addition to the usual dot product 
method. A search method for automated s ectral charac- 
terization of 2-D double uantum coherence 18 NMR spectra 
was also reported (487). h i s  approach first assigns chemical 
shifts and then considers coupling information in developing 
structures. The algorithm is discussed and then applied to 
the structural elucidation of some terpenoids. 

Searching combined libraries is one way to enhance the 
specificity of a data base, especially when s tral data contain 

to a hic retention and ultraviolet spectral data, collected by 
H F L t  with diode array detection, was used as a means of 
identification of 74 organo hosphorus compounds. A success 
rate of 95% was claimed b8). Two-dimensional searching 
of infrared and gas chromatographic databases, collected in 
GC/FT-IR analysis, was also reported (489), as was a com- 
bined search of infrared and mass spectral databases in 
analysis by linked GC/FT-IR/MS (490). A 30-component 
mixture was analyzed to demonstrate the use of the linked 
analysis system in studies of complex mixtures. 

Usually, searches assist in the qualitative anal sis of mix- 
tures, but it is also possible to use search metho& for quan- 
titative analysis, as Davies et al. have demonstrated (491). 
They used a data base of infrared spectra, stored as inter- 
ferograms, and stored with each entry the associated chemical 
analysis. The unknown is com ared to the library, and a small 
subset of entries is identifie8 from which the unknown is 
quantitated. The method was applied to the analysis of 
nicotine in tobacco. 

relation of interferograms from separate GC/ P.r -1R analyses 

relatively little information. A combine 8" search of chroma- 

ARTIFICIAL INTELLIGENCE 
The application of artificial intelli ence (AI) to problems 

in chemistry continues to increase. fVhile interest remains 
hi h in the development of expert systems for automated 
sofution of analytical problems, research has explained into 
several new areas during the past 2 years. This area continues 
to be one of the fastat owing in the chemometrics field. The 
intense activity in &id intelligence has prompted several 
substantial reviews. Gray (492) has reviewed the techni ues 
and tools of AI. He points out that AI is commonly apJied 
in two situations: problems where it is necessary to encode 
chemical expertise and problems where chemistry is merely 
an additional domain to which standard AI techniques can 
be applied. Another review concentrated on knowledgebased 
systems for interpretation of analytical results (493). The 
overview by Frazier (494) considered the capabilities and the 
weaknesses of knowledge-based systems. The difficulties of 
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handling large amounts of complex data are discussed in a 
review by Zu an (495). He presented a model for an expert 
system basex on the hierarchical organization of a large 
amount of data. Recent developments in the hardware and 
software of expert systems are the subject of two other reviews, 
one directed at an overview of applications (496) and the other 
at strategies for the development of limited-domain expert 
systems on microcomputers (497). 

In creating rule-based expert systems, the decisions made 
cannot be any better than the database used. A test 
knowledge base was reported for HPLC of pharmaceuticals, 
so that the knowledge representation features needed to de- 
scribe chemical knowledge could be examined (498). No single 
representation method seemed optimal. A pattern recognition 
method was used to generate rules for the elucidation of 
spectral features from MS and MS/MS data. The initial work 
on this project defined inclusion rules, established by corre- 
lation of mass spectral peaks with structural elements (499). 
More recent work has extended automated rule generation 
to exclusion rules (500). Settle et al. (501) reported on the 
analytical descriptors re uired for a combined ex ert system 

Knowledge-based peak purity evaluation was discussed for 
liquid chromatographic res onses. A number of simple nu- 
merical tests are evaluatedty an expert system in deciding 
whether or not a peak consists of coeluting components (502). 
The problem of coding structures for the prediction of 13C 
NMR data, especially for conformations and double bonds, 
was also discussed, and a new coding scheme suggested (503). 

AI methods continue to be applied to problems of struc.ture 
elucidation. Protein conformational analysis was determined 
by the expert system PROTEAN, using NMR data. An ov- 
erview of PROTEAN discussed methods for reducing com- 
putational burden (504). Determining protein conformations 
in solution was also the subject of a study where AI methods 
of heuristic control were used to decide systematic assembly 
of structural information, with the goal of excluding the most 
conformations (505). Molecular modeling of protein structure 
was directed by AI methods using FT-IR data to aid structural 
assignments (506). The theory of bond, electron, and reaction 
matrices was proposed as the basis of a new generation of 
logic-oriented programs for solution of or anic reaction net- 
works and other chemical problems (508.  

Application of expert systems to problems in liquid chro- 
matography continues to increase rapidly. A brief review 
discussed the design of expert systems in liquid chromatog- 
raphy (508), while the expert systems used in HPLC method 
develo ment funded by the ESPRIT project 1570 were de- 
scribetin another overview (509). The use of AI methods in 
integrated intelligent instrumentation for chromatography 
were discussed by Liebman et al. (510). Chromatographic 
retention-structure relations have been coupled to an ex ert 

suggestion of optimal mobile- hase composition (511). The 
chromatographic database is {ased on the alkyl aryl ketone 
scale. An expert system has been reported for the selection 
of criteria for optimization of chromatographic se arations 
(512). Other expert systems for optimal selection o f  columns 
in isocratic separations (513) and optimization of eluent (514, 
515) have also been reported. Even experimental design 
methodology has been integrated into an expert system 
framework. Yuzhu et al. (516) report an expert system for 
ion-pair liquid chromatography, with an optimization module 
based on a simple 2 X 2 factorial design and an overlapping 
resolution map. 

Coupling of expert systems with robotics is another area 
of active research in artificial intelligence. Isenhour and 
Marshall reviewed progress in the area (517). An expert 
system was developed to test combined AI-robotics tasks, so 
that execution times could be minimized and resources op- 
timized (518). Another AI-driven robotic system was used to 
perform compleximetric analysis (519). This expert system 
was able to learn from past experience, and it used heuristic 
rules to make decisions. 

Other applications of expert systems included one based 
on the AI language OP5 for automated interpretation of lar e 
electron probe microanalysis data seta (520,521), a FORTfK- 
based expert system for assisting new users of X-ray spec- 
trometry equipment (522), and an expert system for com- 
puter-aided fault diagnosis in vacuum systems for mass 

and information data B ase on microwave &solution. 

system for prediction of chromatographic resolution an B for 
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spectrometers (523). Progress toward a steroid-profiling expert 
system was discussed (524), and an expert system for inter- 
pretation of results from screening testa on patients sufferi 
from electrolyte and acid/base disorders (525) was describa 
in two biomedical applications of interest to researchers in 
chemometrics. 

Given the large number of studies in applying expert sys- 
tems to problems in analytical chemistry, it is inevitable that 
interest is increasin in design of expert systems to perform 
chemometrics. Initii! work has concentrated on using the logic 
imbedded in the expert system as an alternative to more 
traditional chemometrics methods. Expert systems are now 
being used to interpret infrared spectra of mixtures through 
use of peak identification and spectral similarity modules 
(526). A rule-building expert s stem has been developed to 
classify mass s ectra (527). Ti* is classification scheme was 
better able to cyassify com lex samples, such as bacteria and 

olymers, than traditiona P chemometric methods based on E ear discriminant analysis. Scott (528) reported on an ex rt 
s tem for classifyin GC MS that outperformed the S&A 
cgsifier. The SP a d  CT E expert system, a packa e for se- 
lecting a propriate methods for data analysis, was fiscussed 
(529,538. Ex ert systems for ap lications in the analytical 
laboratory, inc P uding selection of c K emometric methods, were 
the subject of an introductory overview (531). Those in 
chemometrics who fear being replaced by an expert system 
can take heart from a study by Buydens et al. (532), however. 
They found that, using two rule-building expert systems on 
simulated data, certain data structures (not surprisingly, data 
with correlated measurements or data with outliers) could not 
be handled optimally by an expert system in classification 
studies. While it could be detected in some cases that the rules 
created for classification by the expert system were not robust, 
this required expertise beyond that available in the expert 
system. They concluded that the expert systems do not yet 
possess enough expertise to be used without problems by 
nonexperts in automated, intelligent instrumentation. 
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X-ray Spectrometry 
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A. OVERVIEW 
This review covers most of the fundamental papers that 

appeared in the period 1988-1989 in the field of X-ray 
spectrometry (XRS). Of course, as usual, we have been se- 
lective in the contributions included but have tried to be 
sufficiently general so that both new readers and experta might 
find relevant literature and necessary details on the recent 
advances and directions in X R S .  All references will refer to 
English-language articles, unless stated otherwise, although 

in a search through Analytical Abstracts coverin 1988, we 
found that not less than 14% and 12% of the XRSfliterature 
is published in Russian and Chinese, respectively. We have 

lied a traditional subdivision of the whole XRS field, 3rl t ough we are aware that many papers could be appropriate 
to  more than one section. 

In the period under review, several relevant books were 
ublished. Two of them are devoted to X-ray fluorescence, a RF (AI,  A2). General aspects, current developments, and 
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