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An Overview of Recent Expert System
Applications in Analytical Chemistry

Miguel Peris

Department of Chemistry, Polytechnic University of Valencia, 46071 Valencia, Spain

ABSTRACT: A review is presented with references to the most important work dealing with the
applications of artificial intelligence (expert systems, knowledge-based systems) in both quali-
tative and quantitative analytical chemistry. Contributions from January 1990 to date are briefly
described together with some reviews and monographs on this matter. Topics covered include
instrumental analysis, especially spectroscopy and chromatography, data management,
chemometrics, process automation, and spectrum interpretation.

KEY WORDS: expert system applications, artificial intelligence, analytical chemistry, the

nineties, review.

I. INTRODUCTION

Artificial intelligence (Al), and in par-
ticular expert systems are playing an increas-
ingly important role in providing a “built-in”
intelligence in much current analytical in-
strumentation. Some of these instruments are
even able to select the most suitable method
available, schedule a work program, opti-
mize working conditions, and detect and, in
certain cases, repair malfunctions. Expert
systems (also known as “knowledge-based
systems”) attempt to model the human rea-
soning process. They permit a certain degree
of computerization of analytical expertise,
thus providing a vehicle for maintaining and
communicating this knowledge. A formal
and complete definition of expert system
would be “the embodiment within a com-
puter of a knowledge-based component from
an expert skill in such a way that the system
can offer intelligent decisions about a pro-
cessing function”. However, in our view, no
genuine expert system will be developed until
a human expert can argue with it.

1040-8347/96/$.50
© 1996 by CRC Press, Inc.

Expert systems make judgements based
on knowledge and selected arguments in an
explainable, adaptable form. A rule-based
approach permits dealing with some prob-
lems that could not be solved by conven-
tional programming techniques. Introduction
of the “rule net” concept will be the basis for
an expected sharp increase in the develop-
ment and implementation of these knowl-
edge-based systems. The underlying prin-
ciples of expert systems may be found
elsewhere in the literature, and the main
purpose of this review is to describe those
contributions in the field of Al applied to
analytical chemistry in this decade.

Il. SURVEY OF APPLICATIONS

The applications of expert systems in the
various fields of analytical chemistry have
been reviewed by several authors. Van
Leeuwen et al.! summarized the results pro-
vided so far by the Esprit project, with spe-
cial emphasis on the development of high-
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performance liquid chromatography (HPLC)
methods for pharmaceutical analysis and the
selection of software packages for building
an expert system. Hibbert? presented a dis-
cussion of expert systems and Al, experi-
mental design automation, signal and data
processing, principal components analysis
and factor analysis, pattern recognition, struc-
ture-property relationships, and statistics.
More recently, Salin and Winston?® gave an
overview of the possible applications of ex-
pert systems to the interpretation of data,
while avoiding the bottlenecks found in tra-
ditional expert systems development. Al and
its associated tasks have also been dealt with
by Jakus,* including adaptation and learn-
ing, communication, pattern recognition, and
problem solving by means of neural net-
works and expert systems. The same author
later enlarged his work® by discussing the
understanding of natural language, neuron-
oriented knowledge systems, elucidation of
structures from spectral or similar data, and
intelligent instrumental techniques based on
a combination of robots with computers.
Pattern recognition techniques for linking
spectral features with chemical substructures
are also one of the topics covered in the
review by Warr, along with indirect data-
base approaches (including the use of neural
networks) and some commercially available
spectral database systems. Finally, the use of
expert systems in routine analysis was ex-
amined by Wiinsch,” who points out that the
performance potential of expert systems is
characterized by the quality and reliability
of results, speed, and the ability to explain.
In fact, such systems are already in use as
prototypes in many areas of analysis. The
fundamental principles of expert systems
along with their development and usefulness
have also been dealt with by Rius,'*® who
underscores the most important differences
from conventional computer programs. Ad-
ditionally, some recent applications of knowl-
edge-based systems in trace analysis are re-
viewed, together with a description of future
trends in this field.

220

Another interesting application of Al is
the interpretation of spectra, a field in which
Otto® has discussed the use of neural net-
works based on fuzzy rules to solve spectro-
scopic problems. Finally, library searching
and Al during a 2-year period (1991-1993)
were reviewed by Brown et al.,’ following a
previous and interesting overview of expert
system development tools.!* On the other
hand, Buydens and Schoenmakers!® edited a
book setting out to show that it is possible to
implement computer software in the form of
a knowledge-based expert system that re-
flects the expertise an analyst would use to
evaluate procedures and the data generated
from measurements. Development and
implementation of expert systems are con-
sidered, with special mention to HPLC
method optimization and troubleshooting,
adaptative expert systems for interpretation
of two-dimensional nuclear magnetic reso-
nance (2D NMR) spectra and airborne par-
ticles. Generic algorithms and neural net-
works are also discussed, along with an
account of the development of intelligent
software in the analytical laboratory.

A. Chromatography

Both liquid and gas chromatography have
become the application field of a certain
number of knowledge-based systems, per-
haps with more success than in the case of
other analytical instrumentation techniques.
For instance, Sasagawa et al.!! presented a
review on the application of an HPLC com-
puter expert system to protein chemistry,
especially for resolving separation problems
of peptides and proteins.

Van Leeuwen et al.!? described an ex-
pert system for the choice of factors in rug-
gedness tests to save time and cost in the
development of HPLC methods. Eleven phar-
maceutical formulations were examined,
satisfactory results being obtained in most
cases. These authors also gave details of a
method validation expert system with an
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efficient, robust user interface.!® The opera-
tor is asked to specify fully a method to be
tested, and can add or delete factors initially
selected by the knowledge-based system; any
alterations made are recorded to permit sub-
sequent checking. Once the experimental
design has been chosen, a suitable spread-
sheet is created into which the results of
experiments can be entered. After the method
has passed the ruggedness test, a report is
printed that includes a set of system suitabil-
ity criteria (i.e., maximum and minimum
acceptable values for chromatographic pa-
rameters such as resolution and peak height).
In a series of three papers,!4-1¢ the aforemen-
tioned authors gave a detailed description of
RES, an expert system for the set-up and
interpretation of a ruggedness test in the
HPLC method validation. They discuss the
theory underlying the program and then its
validation and evaluation. For validation, the
performance of the expert system was mea-
sured against the expert’s performance us-
ing 11 test cases such as separation of ste-
roids or antiinflammatory drugs. As regards
evaluation, the suitability of RES was as-
sessed by scientists in two laboratories, with
emphasis on knowledge and usability. The
system had a successful rate when compared
with a human expert and was of special util-
ity for users inexperienced in ruggedness
testing. The whole work was later summa-
rized by Mulholland et al.'’ through a dis-
cussion of the expert systems developed by
the ESCA (Expert Systems Applied to
Chemical Analysis) project. The author and
co-workers also proposed an expert system
for repeatability testing of HPLC methods.!®

On the other hand, Eriksson et al.?® de-
scribed an expert system that plans and pro-
vides recommendations for the chromato-
graphic stage of protein purification,
including which technique to use, the run-
ning conditions for each operation, and mea-
surements to be taken between each purifi-
cation step. This system specializes in liquid
chromatographic techniques for membrane-

bound proteins. Pharmaceuticals have also
noticed the benefits of the expert system
described by Matsushita et al.,?° because it
has a self-diagnosis function for quality con-
trol testing. Another interesting application
of expert systems to liquid chromatography
is the research work of Chen et al.,! who
present a new method for the analysis of bile
acids with an expert system based on the
interaction index in reversed-phase HPLC.
Satisfactory results were obtained in com-
parisons with data published in the litera-
ture.

Williams?? discussed the application of
expert systems programming to HPLC
method development, especially some of the
considerations involved in forming a set of
expert system programs (ECAT, Expert
Chromatographic Assistance Team) for help
in the development of liquid chromatogra-
phy methods. The related knowledge is or-
ganized according to a hierarchical struc-
ture, with rules and facts at the base, followed
by procedures, and finishing with contexts
for sets of rules. The system incorporates
four modules: column and mobile phase,
sample preparation, database of chemical
properties, and method optimization.

Another approach to the optimization of
chromatographic methods by a combination
of optimization software and expert systems
was due to Schoenmakers et al.”> They made
use of two commercially available expert
systems for criterion selection and test sepa-
ration. A new expert system, CRISEBOOK,
was described by Bourguignon et al.* It is
limited to applications that do not require
calculations, is easy to update, is user
friendly, and has all the essential features of
a knowledge base.

It is also important to select the initial
HPLC conditions, a step that was carried out
by Maris et al.?* by means of a self-designed
prototype expert system called DASH (Drug
Analysis System in HPLC). It was designed
to define optimum values and characteristics
of the usual chromatographic parameters,
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such as column type and dimensions, mo-
bile-phase type and composition, flow rate,
and detector. Selection of the mobile phase
was optimized through an expert system for
the separation of simple mixtures designed
and implemented by Bridge.?* This system
combines an iterative lattice modeling tech-
nique with a Simplex optimization routine.
An imperative language program handles the
external interfaces, whereas a declarative
program takes the internal decisions. Szepesi
and Valko?” described an approach for the
prediction of initial mobile-phase composi-
tions for HPLC in pharmaceutical analysis.
It is based on calculating partition coeffi-
cients from structural data by using a data-
base. A similar work was performed by
Csokan et al.?® through the EluEx computer-
ized HPLC method development expert sys-
tem. It can suggest an initial reversed-phase
or ion-pair chromatography mobile-phase
composition on the basis of the structures of
the solutes to be separated, and can subse-
quently optimize this composition according
to the results from two or three experimental
separations. These authors® also used this
expert system to develop a liquid chroma-
tography method through retention predic-
tion using structural data and applied it to
the separation of mixtures of pharmaceuti-
cals after the solutes were placed in a pre-
defined capacity range to achieve separa-
tion. Optimized resolution of the mixtures
took place after data from two or three HPLC
runs had been evaluated. A more recent ver-
sion of this program was developed by Fekete
et al.* to predict the optimum eluent compo-
sition in reversed-phase HPLC. Based on
the structure of the solute, the program pro-
poses pK, and partition coefficient values
for the solute and calculates the first-step
eluent composition, two or three experiments
usually being sufficient for this purpose. The
system was applied to the determination of
mevinolines in fermentation liquor, chloro-
phenols, and triazine herbicides. Last year,
Wehrens et al.3! presented an expert system
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for the selection of an optimal HPLC mobile
phase based on the prediction of the reten-
tion index of the compound of interest from
fragmental constants. Using a calibration line
set up with reference compounds, it is pos-
sible to infer from the retention index the
percentage of the organic modifier in the
mobile phase that will result in a capacity
factor between 3 and 10. The expert system
was trained to find the optimal retention in-
dex values for newly defined fragments based
on a set of compounds with a known reten-
tion index. Another optimization process in
HPLC was carried out by Markowski et al.*2
with the Drylab G expert system. It was used
in a computer simulation for optimization of
the separation conditions of some phenolic
pollutants. An expert system was also uti-
lized by Ding et al.*3 to optimize the chro-
matographic resolution of sodium cephazolin
and its related substances in pharmaceutical
analyses.

The selection of the most suitable chro-
matographic (HPL.C) parameters has led to
the development of several modules in ex-
pert systems. The rules and methods used in
these modules were discussed by Zhang et
al.3* A program is presented for the selection
of the variables in which the molecular struc-
ture or the name of an analyte can be used as
a mode of entry. Additionally, the selection
of chiral stationary phases for liquid chro-
matography can be carried out with the help
of CHIRULE, the expert system proposed
by Stauffer and Dessy.®

Van Leeuwen et al.’¢ offered details of
an integrated knowledge-based system for
precision testing in the validation of liquid
chromatographic methods. It was satisfacto-
rily applied to a full in-house precision test
of a method for HPLC determination of as-
pirin and salicylic acid. The establishment
and validation of the rules for recommenda-
tion of column series in HPLC systems were
proposed by Zhang et al.” on the basis of
retention time and selectivity of solutes that
are influenced by molecular structure and
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electrostatic forces of molecular ions. These
authors also gave details of a fully auto-
mated HPLC using an expert system that is
in charge of optimizing the separation, col-
umn packing, and composition of the mobile
phase as well as of developing a method for
the determination of water-soluble vitamins.*
They later verified another expert system
(proposed 6 years ago) with experimental
data obtained by reversed-phase liquid chro-
matography of 13 herbicides. A description
was included concerning the method of peak
identification by utilizing the interaction in-
dex.?

An interesting application of Al in chro-
matography was the knowledge-based sys-
tem for the automated solid-phase extraction
of basic drugs from plasma coupled with
their liquid-chromatographic determination
described by Hubert et al.%? They used it in
the biodetermination of B-receptor blocking
agents.

High-performance thin-layer chromatog-
raphy has also counted on the help of knowl-
edge-based systems, such as the one pro-
posed by Wang et al.,*! which carries out a
comprehensive optimization of mobile-phase
selectivity. Excellent results were obtained
when it was applied to the separation of 13
N-containing pesticides.

Conti et al.*? integrated several smaller
stand-alone modules into a complex expert
system. These modules are in charge of se-
lecting initial LC conditions, and they also
carry out retention and selectivity optimiza-
tion. Linkage is achieved through a supervi-
sory system that activates the appropriate
expert system at each stage of development.
The KES expert system (details given later)
was utilized in implementing the stand-alone
systems, and the modules were embedded in
C-language programs to allow intercommu-
nication. Applications of the overall system
are exemplified by separations of sulfona-
mides and catecholamines. The same au-
thors later took advantage of this work to
carry out a feasibility study for the construc-

tion of an integrated knowledge-based sys-
tem in HPLC.4

A knowledge-based system for ion chro-
matographic methods using dynamically
coated ion-interaction separation was pre-
sented by Mulholland et al.* It involves
optimization of the sample preparation, col-
umn, mobile phase, pH and detectors, cali-
bration, and validation for the analytes. This
research group also made use of a previously
developed induction algorithm to create rules
for choosing a detector for ion chromatogra-
phy on the basis of various parameters such
as type of solute, separation mechanism, or
ion class. The rule base for the expert system
was compiled from a database containing
information on ~4000 applications.

Some interesting papers covering the
application of Al to gas chromatography are
cited in the literature in the 1990s. For ex-
ample, a procedure for the on-line character-
ization of compounds eluting from a gas
chromatograph was described by Hasenoehrl
et al.® It has a specificity that is intermediate
between that of integrated absorbance chro-
matograms and library searching. Principal
component analysis is used to classify the
structure of compounds through their vapor-
phase IR spectra. The presence of a specific
functional group or structural unit can be
recognized using this approach. Holzer et
al.#6 established the design criteria of an
expert system for arson analysis based on
gas chromatography and mass spectrometry
and intended to be applied to the determina-
tion of petroleum-based combustion acceler-
ants. They discuss the rationale of the search
routine and give details of the program struc-
ture. Elling et al.*’ proposed an expert sys-
tem for automated chromatographic data
interpretation. The main objective was the
analysis of gas chromatograms of commer-
cial polychlorinated biphenyl mixtures. The
results from two data processing procedures
are compared by the expert system, along
with knowledge identified about the sample,
to increase the accuracy and sensitivity of

223



13:34 17 January 2011

Downl oaded At:

the analysis. The principles involved may be
applied to other multicomponent analyses.

Xu et al.®® discussed the improvement of
a chromatogram base and its applications in
verifying developed chromatographic meth-
ods in their expert system for gas chroma-
tography; they also described the selection
principle for typical chromatograms, as well
as the structure and software design of an
expert system for the recommendation of
GC columns.”® In this last case, the software
can be used to perform a fitting plot with the
information obtained. The software databank
contains more than 160 chromatograms of
several organic compounds, drugs, polymers,
solvents, and environmental samples sepa-
rated on different stationary phases. This
research team also described an expert sys-
tem for the selection of stationary phases in
gas-chromatographic analyses of oxygen,
nitrogen, and carbon dioxide in natural gas.*°
Milne et al.3! conceived a knowledge-based
system for on-line GC analysis that captures
the expertise of experienced chemists and
makes it available continuously for routine
analyses. This computerized system receives
data directly from the gas chromatograph
and presents a diagnosis. The aforementioned
author also presented an outline of an expert
system developed for the identification of
peaks in gas chromatography.’? It involves
both the initialization and loading of a data
run and the analysis process. The system
cannot only identify peaks, but also verify
the correct working of the instrument and
detect deterioration of the column, thus re-
acting accordingly.

A complex approach to the interpreta-
tion of gas-chromatographic data was car-
ried out by Scheuer.” He described the
WANDA (Water Analysis Data Advisor)
expert system, in which both numerical val-
ues and symbolic information (with a degree
of uncertainty) are processed. It is based on
a static database of general analytical-chemi-
cal knowledge (sampling, sample pretreat-
ment, measurement, and interpretation) and
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is intended for the identification of peaks
detected in the chromatographic analysis of
water samples. According to this author, itis
straightforward, with a higher reliability than
systems based on purely numerical algo-
rithms. On the other hand, Du et al.>*% dealt
with the problem of fault diagnosis in GC.
They described the development of an ex-
pert system with a generic graphical-based
user-friendly interface for the diagnosis of
faulty analysis by GC as a first step toward
fully automated analyses. The system ad-
vises on the identity of malfunctioning com-
ponents and the possibility of improper op-
eration based on the appearance of the
chromatograms. A knowledge domain ma-
trix was coded from 15 symptoms frequently
found in GC.

As a final summary, we can make refer-
ence to the conclusions of the aforemen-
tioned ESCA project presented and discussed
by Buydens et al.*®¢ The development pro-
cess and the stand-alone and integrated sys-
tems designed were outlined, as were their
validation and evaluation by reference to
test instances. It should be noted that some
of these systems were still in the research
stage, whereas others were undergoing com-
mercial development.

B. Spectroscopy

Spectroscopic techniques are one of the
most promising application fields of Al pro-
cedures. Many authors have made several
proposals mainly concerning the interpreta-
tion of spectra and other results provided by
the instrumentation. For instance, Luinge’7143
describes an expert system called EXSPEC
consisting of an interpretation module that is
capable of inferring structural fragments from
an IR spectrum, a rule generator that allows
automatic generation of interpretation rules
from sample data, and a structure generator
that constructs all possible isomeric struc-
tures from a given set of fragments and a
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molecular formula. In evaluation tests using
a database containing 500 transmittance spec-
tra of liquid organic compounds, the perfor-
mance of the system depended strongly on
the functional group under investigation.
Similar efforts, though following more theo-
retical (physicochemical) lines, have been
undertaken by other authors.'?’
Diode-array systems usually provide a
great amount of data for which some authors
like Brett et al.’® rely on artificial intelli-
gence approaches to identify components of
a sample. Seventy elements were analyzed,
and the spectra obtained were stored on a
database, with a knowledge-based system in
charge of processing the results. Perhaps one
of the most interesting applications of expert
systems is the identification of unknown
substances from their mass spectra, given
their complexity. Al methods take advan-
tage of the existence of a spectra library to
carry out tasks such as searching and recog-
nition. The different procedures used were
reviewed by Mellerio.>® Pattern recognition
techniques along with principal component
analysis (PCA) are the basis of the expert
system described by Perkins et al.%* PCA is
used to reduce the training-set IR spectra to
a manageable number for each rule and pro-
vides a window for examining spectral space.
The location of the staining set spectra in the
window is correlated to structural informa-
tion (e.g., an OH group) by a pattern recog-
nition technique. This work was further en-
larged to include the identification of
carbonyl-containing functionalities.®! The
interpretation of IR spectra using an expert
system shell has also been dealt with by Jin
et al.%? They developed ISIA (Infrared Spec-
tra Interpretation Aid) based on a commer-
cially available expert system shell. It is
capable of recognizing major functional
groups and substructures from a description
of the spectral data entered by the user in
response to prompts. Andreev et al.%? also
presented a knowledge-based system for the
interpretation of infrared spectra, with some

examples of its application. Another expert
system called ESSESA was proposed by
Hong and Xin® for structure elucidation from
spectral analysis. These authors present a
novel algorithm based on the principles of
molecular structure graphics that perceives
the rings in a molecule automatically. The
algorithm can efficiently find the smallest
set of smallest rings in a chemical structure
and may be used to develop intelligent sys-
tem processing of the chemical structure.
Thiele and Somberg® presented X-PERT, a
novel expert system for the elucidation of
molecular structures based on IR spectros-
copy, H-NMR, and *C-NMR data with the
molecular experimental data, spectrum in-
terpretation and fragment selection, struc-
ture generation, structure verification, and
structure viewer and editor. The use of IR
spectra is also the basis of the expert system
described by Ramsbottom et al.,¢ whose
utility is the characterization of polymers
from the identification of the base polymer
and additives in plastic samples. It uses
simple chemical and physical tests along with
fuzzy logic, resulting in a heuristic, rather
than algorithmic, approach to the identifica-
tion. The heuristic approach requires fewer
questions to the user than the algorithmic
method, thus reducing the time taken for
characterization and increasing user friend-
liness. Hippe et al.’’ developed an automatic
identification system for the IR analysis of
inorganic sulfates based on expert system
technology. Both the band intensities and
the band shapes in six spectral regions were
matched to identify unknown spectra of
inorganic deposits that are formed in the
natural aging and weathering of mineral con-
struction materials. Another knowledge-
based system for infrared sample prepara-
tion and interpretation was proposed by
Moore et al.®® It displays a simple-to-use
operation mode on the computer screen, fol-
lowing a question and answer format.
Scott®14l described the development and
performance of a knowledge-based system
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for low-concentration mass spectra. It is a
pattern recognition system based on an ex-
pert shell program and has successfully been
tested with volatile toxic and other organic
compounds. Scott and colleagues’™’! also
developed a pattern-recognition expert sys-
tem for estimation of the molecular weight
of organic compounds from low-resolution
mass spectra using a set of reference spectra.
This system, based on empirical rules, was
evaluated with compounds of pharmaceuti-
cal interest, satisfactory results having been
obtained.”? HEPHESTUS, an expert system
for the interpretation of pyrolysis mass spec-
tra of polyesters, polyethers, and polyureas,
was presented by Georgakopoulos et al.”
The methodology makes use of information
such as the presence of repeating units, cy-
clic oligomers, mass markers, mass frag-
ments, and various mass series. The IF part
of the rules tests for a matching of informa-
tion from the unknown pyrolysis mass spec-
tra with that of the knowledge base, in which
the polymer structures are organized hierar-
chically as a tree. However, on comparison
with other similar systems, Zhu et al.”*
pointed out that their intelligent interpreta-
tion system for mass spectra has several
advantages, including a high reliability of
the spectra in the database and a strong self-
learning function. On the other hand, Cadisch
and Pretsch’” proposed a knowledge-based
hypermedia system (SPECTOQOL) for the
interpretation of molecular spectra. It con-
tains interpreted reference data, heuristic
rules, reference spectra, and computational
tools and is operated in the hypermedia de-
velopment environment Hypercard. All ma-
jor spectroscopic techniques are covered, and
many details are offered in the context-de-
pendent presentation and display of the in-
formation in the form of “cards”.

Other spectroscopic techniques concern
the application field of expert systems. For
instance, Penninckx et al.” described three
of them for the selection of dissolution meth-
ods prior to the atomic absorption analysis
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of drugs, ToolBook software based on
hypertext language being found to be the
most suitable. Knowledge about the avail-
able procedures was structured in a number
of rules, which were transformed into a de-
cision tree. The nature of the sample turned
out to be the main parameter determining the
selection of the method, while in some situ-
ations a distinction had to be made accord-
ing to the type of analyte, its concentration,
or the purpose of the analysis. This work
was further enlarged by their authors.” Full
automation of the analysis of trace metals by
flame atomic absorption spectrometry (AAS)
has also been dealt with by Lahiri et a].78142
through an expert system called AAexpert,
with which they diagnose problems that may
arise during the analysis. A rule base identi-
fies four problems found in flame AAS (a
viscous solution, a long or blocked capillary,
and a blocked burner) from the characteris-
tic effects exhibited by the absorption pro-
file. The critical steps in real-time corrective
control of analytical measurements obtain
data values that reflect the instantaneous
condition in the sample chamber. More re-
cently, Penninckx et al.” described a knowl-
edge-based computer system for the detec-
tion of matrix interferences in AAS methods,
by comparing the slopes of a standard addi-
tion line and an aqueous calibration line.
X-ray diffraction spectra can also be in-
terpreted by means of the expert system pre-
sented by Adler et al.®® It has a database
consisting of a reduced spectra file connected
with a screen file of the element combina-
tions. X-ray spectra of unexpected inorganic
multicomponent samples were interpreted by
applying fuzzy set theory. The knowledge
base contained fuzzy set rules for interpret-
ing signal positions, intensities, and forbid-
den spectra intervals. Wang and Hu®' also
developed an expert system for the qualita-
tive interpretation of X-ray fluorescence spec-
tra. It was applied to the analysis of a steel
sample, and the results were in good agree-
ment with those obtained by a human expert.
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More recently, a new method was described
for the interpretation of X-ray fluorescence
spectra.?? It consists of a structured heuristic
match of lines, following rules modeled on
the experience of experts. It has been used in
the elementary analysis of standard bronze
and steel samples. Arnold et al.?* described
an expert system for the automatic interpre-
tation of wavelength-dispersive XRF spec-
tra. It consists of two main parts: a prepro-
cessor and a knowledge-handling part that
contains the knowledge base and the inter-
face engine. Both parts are based on the
theory of fuzzy sets, and the performance of
the system was tested with simulated noise-
less spectra of standardized reference mate-
rials.

As for NMR techniques, Catasti et al.!3
presented PEPTO, a knowledge-based sys-
tem that carries out the peak assignment
automatically and identifies those H atoms
in the primary structure that cause a nuclear
Overhauser effect in the 2D NMR spectra
due to their proximity in the tertiary struc-
ture. Other authors® have developed HIPS
(Heuristic Interpretation of Protein Spectra)
a hybrid self-adapting expert system for NMR
spectrum interpretation using genetic algo-
rithms. It is able to produce an ordered list of
spin patterns matching the sequence of amino
acids in a protein. All protons near the back-
bone of the protein are assigned to NMR
resonance positions, and this information can
be used to set up distance constraints from
which the 3D structure of the protein can be
calculated. '*C NMR spectral simulation and
shift prediction are the basis of the review of
Cheng,® in which a number of computer
methods for calculating 13C NMR chemical
shifts in most organic and polymeric com-
pounds are described. They also permit spec-
tra simulation to be carried out.

Progress with an expert system for in-
ductively coupled plasma atomic emission
spectroscopy was discussed by Ying et al.%
through a review on the development and
application of knowledge-based systems for

ICP AES, with special reference to correc-
tion for spectral interference. Another group
of scientists®” provided details of a software
system for ICP AES (the Autonomous In-
strument Expert System) that should be able
to duplicate the abilities of an expert human
operator. Special attention was given to the
automatic selection of calibration methodol-
ogy, the main part of the calibration module
being alarge, first-class knowledge base that
involves a prioritization mechanism instead
of fuzzy logic or certainty factors. The modu-
lar design permits specific expert systems to
be incorporated as components and may be
applied to other analytical techniques.
Quantitative analysis of solid surfaces
by Auger electron spectroscopy or XPS by
relating spectral shape to composition using
a pattern recognition method was developed
by Jablonski et al.?8 The method is also based
on a set of standards whose spectra are re-
corded with height normalized to a constant
value. The k-nearest neighbor rule was ef-
fective in the calculations, which were car-
ried out by means of an extensive user-
friendly expert system. The approach was
tested on a set of gold-palladium alloys.
Pingand and Lerner® described an expert
system (H-FLUO) connected to a hypertext
to guide experimenters in basic applied fluo-
rescence, as well as to help beginners. Its
main purpose is to solve various problems
found in fluorimetry. Finally, taking into
account that any algorithm for generating
structures from spectroscopic data should be
exhaustive and should reject identical struc-
tures, a new algorithm was written by Hu
and Xu®® with the aim of detecting redun-
dant connections that result from the topo-
logical equivalence of the segments in the
partial structures. The algorithm includes two
new matrices, the node matrix (a node is a
nonhydrogen atom) and the bond matrix. An
equation was developed for calculating the
node weight, which was used for detecting
topological symmetry. This new algorithm
was incorporated in the computer system
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ESESOC (Expert System for Elucidation of
Structures of Organic Compounds). The au-
thors have used the expert system for the
exhaustive generation of candidate structures
as well as structural fragments, components,
and segments in the elucidation process of
the structure of organic compounds.®!

C. Chemometrics and Data
Management

Harrington and Voorhees®? described a
multivariate rule-building expert system
called MuRES, which is compared with lin-
ear discriminant analysis, a soft independent
modeling of class analogy and univariate
expert analysis systems for chemical data on
crude oil and for classification of thin-poly-
mer films by laser-ionization mass spectrom-
etry. Unlike conventional systems, this one
generates rules consisting of a linear combi-
nation of all variables and performs better
than them. Wiener et al.”® proposed a knowl-
edge-based information system for interpret-
ing specialized clinical chemistry analyses.
It can generate diagnostic comments from
patient data, as demonstrated when it was
applied to assays of ten enzymes and key
metabolites in erythrocytes.

VALID, a generally applicable expert
system for the quantitative validation of ana-
Iytical data, was developed by Wolters et
al.® In this program, knowledge about
method validation is linked to the necessary
calculation procedures and statistical tests.
The system is suitable for a wide range of
analytical techniques, controlling calibration,
interferences, matrix effects, and drift. Its
performance was checked by applying it to
the determination of cadmium in soils using
electrothermal AAS.

The selection of expert system software
for clinical laboratory applications was de-
scribed by O’Connor,* with special empha-
sis on knowledge manipulation within ex-
pert system shells, the relationship of data
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handling with other software packages, and
the facilities available for human-computer
interaction. A summary of the general fea-
tures of each software package assessed is
also given. Rose et al.¢ reported a low level
of interest in the application of Al methods
to quantitative structure-activity relationship
(QSAR) analysis and insisted on the need of
developing a comprehensive, user-friendly,
multivariate statistical package with high-
quality graphical output in order to provide
the facility for routine inclusion of regres-
sion diagnostics and multivariate stability
testing methods. The software available for
the automatic and intelligent interpretation
of experimental data was also addressed by
Barker.”

Interlaboratory comparisons is another
field in which expert systems may play a
very important role, as shown by Danzer et
al.,”® who presented an expert system ar-
ranged in three parts, in relation to the se-
quence of a statistical analysis (computation
of the series means, computation of the total
mean, and evaluation of the interlaboratory
test). These parts are connected but can also
be used independently of each other, as for
a common statistical evaluation of a measur-
ing series. The expert system is a collection
of essential parametric and robust statistical
procedures. Selection of the most suitable
test is governed by the properties of the ac-
tual data, whereas the evaluation algorithm
is guided by decision rules working on the
background. In this way, test results can be
explained or interpreted and subsequent steps
of an evaluation are proposed to the user.

Validation of biochemical data is also
possible by means of VALAB, an expert
system designed by Valdiguie et al.*? to vali-
date hospital laboratory biochemical profile
results on the basis of repeated measure-
ments, comparison of results for physiologi-
cally related analytes, the hospital depart-
ment from which the test was ordered, and
the sex and age of the patient. The system
incorporates over 4000 rules and is imple-
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mented in real time on a PC connected to a
Technicon LM2 mainframe computer. For
200 randomly selected abnormal profiles,
the sensitivity of the VALAB system in de-
tecting abnormal profiles was exceeded by
only one of seven laboratory experts, al-
though all of the experts showed better speci-
ficity. The analysis of DNA sequencing gels
can also count on the help of an expert sys-
tem proposed by Koutny and Yeung!® that
decides in real time whether suitable signal-
to-noise has been achieved for each data
point. If it has, the particular data point is
omitted in all further acquisition or process-
ing operations, thus increasing overall effi-
ciency considerably.

A combination of expert knowledge with
multivariate data analysis software was ap-
plied by Gerritsen et al.!! to HPLC with UV
detection to demonstrate the enhancement
of the use of multivariate data analysis tech-
niques. The selection of data analysis tech-
nique depends on the knowledge of the user,
the complexity of the sample, and the avail-
ability of calibration samples. An expert
system is outlined and provides the user with
the necessary guidance to assess the criteria
by which the various data analysis techniques
may be applied. Analytical data manage-
ment was also dealt with by Lee et al.,!?
who described a knowledge-based system
consisting of a combination of expert data-
base strategies and analytical chemical tech-
niques. A relational model is used to orga-
nize, store, and retrieve data in a suitable
form for the use of laboratory scientists, and
Al techniques convert the data and proce-
dural information into a knowledge base that
can be processed directly by the expert sys-
tem. The working of the system was demon-
strated by its application to the analysis of
wastewater.

A series of expert systems was devel-
oped by Ramsbottom et al.,'? using the iden-
tification of polymers in plastics as a test
case with the help of the Leonardo expert
shell system. Bayesian logic, certainty fac-

tors, and fuzzy logic were employed as meth-
ods of propagating uncertainty. Similar re-
sults were obtained with all three systems,
but the third one made expansion of the
system easier and provided a more accurate
representation of the nature of the uncer-
tainty and vagueness associated with the
analytical test carried out. Penninckx!% has
also contributed to the detection of bias in
analytical methods by discussing the use of
knowledge-based computer systems in vali-
dation processes.

D. Electrochemical Techniques

Ruisénchez et al.'% described an expert
system that gives recommendations to non-
specialist analysts on the successive steps in
the polarographic or voltammetric determi-
nation of metal ions in natural samples. It
also provides information about sample treat-
ment and the determination of several tran-
sition metal cations by polarography and
adsorptive stripping voltammetry. Addition-
ally, it calls external programs for peak
resolution and calibration. The same
authors developed an expert system for the
voltammetric determination of trace metals,
which has been reported in five parts.!06-110
This system is outlined under the headings
of knowledge base, inference engine to con-
trol use and transmission of knowledge, and
user interface. The expert shell KES (Knowl-
edge Engineering System), PS version 2.4
(Software Architecture and Engineering,
Arlington, VA), was the “toolkit” used. The
voltammetric techniques implemented were
differential pulse polarography, differential
pulse anodic-stripping voltammetry, differ-
ential pulse cathodic-stripping voltammetry,
and differential pulse adsorptive stripping
voltammetry using Hg-drop and rotating gold
electrodes. Troublesome overlapping peaks
(e.g., those of In and Cd) can be resolved by
calling external programs written in Turbo-
Basic, and the external program COOKS
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can be invoked in the quantitation proce-
dure. The original system was further en-
hanced in size to permit the determination of
a wide range of metals: Cu, Zn, Cd, Pb, In,
Ni, Co, Tl, Hg, Se, V, Cr, As, Fe, Mn, Al,
and Ti. The speciation of some of them is
also possible. In any case, quantitation is
carried out by the multiple standard addition
method, and the quality of the calibration
plot is tested by several statistical validation
tests.

Palys et al.’!112 proposed an expert sys-
tem capable of the elucidation of simple elec-
trode reaction mechanisms, including those
involving two-electron transfer steps, as well
as simple mechanisms in which either the
reactant or the product undergoes a fast re-
versible adsorption. Up to 39 mechanisms
and their variants can be evaluated, and a
number of compounds with established re-
action mechanisms were studied to validate
the expert system. In each instance, the ex-
pert system yielded results that support a
single hypothesis about the mechanism, much
more than all others, although the full eluci-
dation cycle takes 1 d. Nevertheless, in all
cases the correct mechanism is found.

E. Flow Injection Analysis

Wolters et al.!'3 described a generally
applicable validation problem called VALID,
based on an expert system. They applied it to
the quantitative validation of a flow-injec-
tion determination of penicillin in pharma-
ceutical formulations. The assay is carried
out by enzymic hydrolysis of penicillin to
penicilloic acid, which reacts with iodine
generated on-line. During the program run,
the system evaluates the calibration proce-
dure, the drift of the analytical system, and
the effect of the sample matrix. The reliabil-
ity of the FIA method is estimated by evalu-
ating the maximum total error, which in-
cludes random and systematic errors. The
latter is assessed by comparing the results
with those obtained by titration with Hg (II).
The validation procedure showed that the

230

analytical method complied with the require-
ments for the major part of the concentration
range. Peris et al.!' described a conceptual
three-level system, the highest being repre-
sented by the expert system, which passes
decisions to and receives information from
the middle level. This consists of a set of
programs that serve the expert system, and
passes orders to and receives results from a
flow injection system at the lowest level.
The user interacts routinely with the middle
level by passing parameters to it and receiv-
ing reports from it. The performance of the
whole system is illustrated by the monitor-
ing of total acidity, reducing sugars, ethanol,
and pH in a fermentation broth. The physical
part of this system was recently used by the
same authors'!S to implement a new, easier-
to-use software with enhanced performance.
The new expert system is constituted as a set
of logical rules (rule nets), internally repre-
sented as binary matrices, that can be easily
handled by the computer. This knowledge-
based system is coupled to a suitable inter-
face, which permits time to join the reason-
ing of the expert system. On the other hand,
the set of rule nets is implemented by means
of a self-developed pack called AUTOMAT.
Finally, Brandt and Hitzmann!'® described a
real-time, knowledge-based system for the
fast detection and diagnosis of faults in flow
injection systems. It was developed on a
VAXstation 3100 (Digital Equipment,
Maynard, MA) and combines numerical data
analysis with symbolic knowledge process-
ing. Empirical and systematic methods of
knowledge acquisition are combined to reach
an extensive consideration of all possible
disturbances. Small knowledge fragments in
the form of simple rules provide effective
results in order to enhance the speed, reli-
ability, and selectivity of the fault diagnosis.

F. Other Techniques

A small knowledge-based system was
described by Moors and Massart!!? for the
solid-phase extraction of drugs from aque-
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ous solutions or plasma. Production rules
are derived for implementation with the
aforementioned expert system shell KES.
Selection of the eluent is based on drug
characteristics as well as their concentra-
tion and the subsequent analysis param-
eters. Laboratory robotics and its relation-
ship with Al is the cornerstone of the
discussion carried out by Isenhour and
Marshall,'!® which is based on current work
in the authors’ laboratory. It includes im-
proved user interfaces for laboratory robot-
ics, integration of object-oriented databases
into robot control programs, and strategies
to optimize multistep procedures.

On the other hand, Kunze!'!® developed
an expert system for optimal application of
instrumental measuring techniques for met-
allurgical analysis techniques. This system
was written in the symbolic programming
language Prolog and applied in the determi-
nation of nitrogen, oxygen, hydrogen, car-
bon, and sulfur in steel by optical-emission
spectrometry, XRF spectrometry, and AAS.
Voorhees et al.!?® applied both a univariate
and a multivariate expert system to super-
vise the effect of pyrolysis and instrument
parameters on the results of various learning
techniques. Five replicate pyrolysis mass
spectra for each species collected with an
optimally tuned spectrometer were used as a
training set for classification of a test set of
spectra. The multivariate expert system gave
a much better correct identification than other
procedures and was not seriously affected
by mass spectrometer tuning changes. Ma
and Sun'?! proposed an expert system for
neutron-activation analysis. It is composed
of three subsystems: spectrum analysis, ex-
pert design and prediction, and data man-
agement. The y-ray spectra obtained from
the multiple channel analyzer can be treated
with conventional methods and/or isotope
identification based on library data. Quality
control is developed to check analytical re-
liability. The system can also be used in the
optimization of experiments, as well as for
the prediction or simulation of spectra, and

contains a data bank for storing element
concentrations.

Eckert-Tilotta et al.'?? developed a ro-
botic standard addition method by interfac-
ing a robot to a knowledge-based system
that allows preliminary input of information
by an operator. It also controls the robot
table set up, the concentrations of cation
addition solutions, and wavelength, sample
pH adjustments, and method of reagent ad-
dition. Three standard additions are run by
the robot, and a calibration graph is con-
structed for fit to a linear model. Addition-
ally, the system determines whether more
additions are required. Its usefulness was
demonstrated in the colorimetric determina-
tion of iron as the thioglycolate complex.
Settle et al.!?*> described an expert database
system for controlling the microwave disso-
lution process of samples. Values of dissolu-
tion parameters from validated analytical
standard procedures are stored in a database,
which is used to generate particular condi-
tions required for the dissolution of a spe-
cific batch of samples. The database pro-
vides information on sample size, volume of
reagent, type and size of vessel, number of
vessels in the batch, and microwave heating
program. The analyses can proceed in a
manual, semiautomated, or totally automated
mode. The database can be electronically
transferred between several laboratories by
means of a calibrated microwave unit. Aarnio
et al.!’* designed an expert system called
SHAMAN whose specific mission is to carry
out qualitative radionuclide identification and
quantitative activity determination with mini-
mum user intervention. The reasoning pro-
cess is performed by an inference engine
written in C-language, and the system uses a
database containing over 2000 radionuclides
with ~48,000 y-transitions. Spectra are pro-
vided in a preprocessed format, where peak
energies, intensities, and backgrounds with
respective error estimates have been calcu-
lated using a separate analysis program.
Typical test spectra with 30 to 40 peaks take
I to 2 min to identify.
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Chen and Wu'? used a knowledge-based
system to suggest four methods for the iden-
tification of active or characteristic radicals
of mifepristone as an alternative to the error-
prone original UV and IR procedures. A
nonaqueous titration method provides the
best results. Sample digestion is also the
central point of the work of Kuss,'?® who
discusses the need and applicability of ex-
pert systems for the collection of data pro-
vided by digestion processes. This author
proposes that expert systems and algorithms
be designed for the “custom-built” choice of
digestion methods. Finally, Feinberg et al.!?’
developed a fully automated, open vessel-
focused microwave-digestion system. They
enhanced a previous work by utilizing an
expert system shell whose efficiency was
tested on five different types of food, the
results obtained being satisfactory except for
fat-rich matrices. Although this system is
strictly specific to the Kjeldhal nitrogen de-
termination of foods, it can be potentially
applied to other fields of analytical chemistry.

G. General Analytical Chemistry

Schumnig et al.!?® described an expert
system for the determination of water by
means of a coulometric Karl-Fischer titra-
tion. O’Connor'? tested six PC-based soft-
ware packages (TAPESTRY, CRYSTAL, X1
PLUS, LEONARDO, KES, and EGERIA)
to assess the possibilities of deploying ex-
pert systems routinely in clinical analyses.
He also discussed the selection process of
the most suitable software for building an
expert system. De Maine et al.’° tried to
develop a “family” of expert systems for
theoretical and experimental problem solv-
ing. They described the four major expert
systems (two automatic deductive and two
automatic adaptive learning systems) as well
as nine knowledge-based system-support
tools. Specific examples of the use of the PC
versions of CURFIT and FRANS are also
given.
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Wiinsch and Schumnig'®! outlined the
concept of descriptors to organize informa-
tion available for computer-assisted decision
making. The value of frames for establish-
ing complex relationships between items of
information in a decision network is also
demonstrated. The expert system Shell
ADEPT is described, together with different
examples such as the analysis of slag, in-
volving 14 attributes (the analytical method
and 13 descriptors) and ion chromatography
of a range of organic and inorganic anions.
An ion-exchange chromatographic method
configuration is also presented as an example
of the expert system development tool
ADEPT by Schildan and Wiinsch.!3? This
system includes a constraint-net editor for
MS-DOS-based PCs and is applicable to
problem solving in chemical analysis.
Dabrowski and Fong!33 published a guide to
expert system building tools for microcom-
puters, including specific tool features and
the capabilities they support.

Van den Bogaert et al.’** developed an
expert system for determination of an ana-
lytical strategy in a laboratory for elemental
analysis. They investigated the structure of
the knowledge domain in an analytical labo-
ratory using a simple linear model. An over-
all system could be built incrementally by
constructing subsystems for the different
elemental analysis techniques and putting
these together in a general framework. The
structure of the knowledge was the same for
all techniques, so that the development of
one subsystem could be used to aid the
development of subsequent subsystems.
Analyzer maintenance was discussed by
Verhappen,'?> who developed an off-line,
rule-based expert system to assist with the
trouble shooting of process analyzers. This
expert system makes use of CLIPS v. 4.2
software and is capable of diagnosing a prob-
lem faster than the human expert who origi-
nally provided the information for the system.
The experience and knowledge concerning
the process analyzer is stored in the expert
system, and therefore if the technician in
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charge of the analyzer leaves the company,
the work will not be interrupted. Olivero et
al.1’¢ described the development of a PAS-
CAL-written expert system (DXPERT) for
the selection of experimental designs. Its
main components are the knowledge base
and the inference engine. It applies fuzzy
logic and information theory in empirical
formulas, with the aim of mimicking fea-
tures of human intuition. DXPERT was used
to rank 13 experimental designs as to their
suitability for projects presented by users in
an interactive session. Only a few malfunc-
tions were observed, and in general the sys-
tem fulfilled its duties. However, possible
improvements were suggested by the au-
thors.

Finally, expert systems can also be of
great value in teaching analytical chemistry,
as demonstrated by Larrechi and Rius'# with
a self-developed, knowledge-based system
for guiding students in a systematic separa-
tion of 24 cations in an aqueous solution.

lll. CONCLUSIONS AND FUTURE
TRENDS

There is no doubt that expert systems
already play an important role in modern
analytical chemistry. This role has evolved
from being merely a supporting one to the
fact of acting as intelligent cores of many
instruments, thus controlling key steps of
the chemical process such as sampling, vari-
able optimization, or calibration. In the next
decade, we will see a great number of sys-
tems that are capable of providing informa-
tion on everything in an absolutely unknown
sample. The increasing computational power
of individual instruments and their expand-
ing capability to communicate with each
other point to a unified, networked labora-
tory. In this laboratory of the near future, the
results obtained after carrying out an analy-
sis will be checked automatically by an ex-
pert system with enough knowledge to know
whether the answers are correct.

With the passage of time, such systems
will be in charge of making decisions on the
development, implementation, and testing of
top-level analysis processes as well as of
managing automated systems in the labora-
tory. Far from being an utopia, this picture is
becoming a reality, and there are increasing
probabilities that expert systems may be-
come a “must” in every chemical analysis
laboratory. However, in many cases the op-
timal solution will still be provided by a
combination of artificial and natural intelli-
gence. In any case, some time will undoubt-
edly elapse until expert systems have the
typical “common sense” of human beings.
For now, and unlike us, they are not able to
react properly to unpredictable situations.
Time will tell whether they can achieve this
goal.
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