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This article provides a brief introduction to aspects of
mass spectrometry (MS) that employ artificial intelligence
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(AI) and expert system (ES) technology. These areas have
grown rapidly with the development of computer software
and hardware capabilities. In many cases, they have
become fundamental parts of modern mass spectrometers.
Specific attention is paid to applications that demonstrate
how important features of MS are now dependent on AI
and ESs. The following topics are specifically covered:
history, MS data systems, biological applications, artificial
neural networks (ANNs), and optimization techniques.

1 INTRODUCTION
1.1 Definitions of Artificial Intelligence and Expert
Systems
This article covers the application of AI and ESs as
applied to the techniques of MS. ESs are methods or
programs by which a fixed set of rules or data is used
to control a system, analyze data, or generate a result.
In contrast, AI is associated with the higher intellectual
processes, such as the ability to reason, discover meanings,
generalize, or learn. In relation to MS, AI is generally
limited to cases wherein ANNs are employed to learn
or discover new patterns or relationships between data.
Reviews of AI and ESs are available..1,2/
1.2 Growth in Technology
The growth in MS has been spurred by improvements
in software sophistication and computer capabilities. The
ability of computing systems to both collect and analyze
data has grown very rapidly since the 1970s. The most
important improvements have been in calculation speed
of the machines, their ability to store large amounts of data
very quickly, and their size. These improvements have
allowed processes such as multitasking during data acquisition, where the computer both collects data and controls
the instrument operation, and automated spectral matching, where large volumes of data are quickly analyzed.
The improvements in computer technology have
resulted in an increase in the performance and types of
mass spectrometers available. For example, instruments
with even the simplest types of mass analyzers are now
computer controlled. This has dramatically increased the
stability, reproducibility, and capabilities of these devices.
It is now possible to perform a tandem mass spectrometry
(MS/MS) experiment where the data collection parameters are changed on the millisecond timescale in response
to the data collected..3/ This allows a library search to be
performed, possible match candidates to be experimentally tested, and a positive identification to be made, all
during the elution of a chromatography peak.
The development of computers has also allowed the use
of new types of MS. For example, the data generated by
Fourier transform mass spectrometry (FTMS), pyrolysis,
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and electrospray MS would be very difficult if not impossible to collect and analyze without high speed computers.
1.3 Article Summary
This article includes sections on the history of computers
in MS, MS data systems, biological applications, MS
applications of principal component analysis (PCA) and
factor analysis (FA), ANNs, and optimization techniques
in MS. This article does not include a discussion of
the use and development of libraries of electron impact
ionization data or of peak deconvolution and component
identification based on these libraries. Reviews of these
topics are available..4,5/

2 BRIEF HISTORY OF COMPUTERS IN
MASS SPECTROMETRY
2.1 Introduction
Digital computers are now an indispensable part of most
analytical instruments. There are many reasons for this
pervasive presence. Perhaps most important is the ability
of computers to perform repetitive tasks without variation
(in the absence of hardware failure), which is critical
to reproducible and defensible experimental results.
Further, properly designed and implemented computer
control/data systems maximize instrument and laboratory
efficiency, resulting in higher sample throughput, faster
results to the end-user, and increased profitability (either
in terms of publications or currency) for the laboratory.
As a technique that arguably provides more chemical and
structural information per unit sample than any other,
MS has been employed in a variety of environments over
its long history. The evolution of the mass spectrometer
from a fundamental research tool for the elucidation
of atomic and molecular properties to a benchtop turnkey instrument, in large measure parallels the evolution
of both discrete and integrated electronic devices and
computational hardware and software.
In this article no attempt is made to tabulate an
exhaustive list of historical references to the application
of computers in MS, but rather selected citations are
presented to provide a flavor of the development in the
field. There is one monograph dedicated to computers in
MS,.6/ and the topic is given treatments ranging from
cursory to complete in a variety of books on mass
spectrometric techniques.
2.2 Early Devices
Early mass analyzers were spatially dispersive instruments, or mass spectrographs,.7/ utilizing static magnetic
or DC (direct current) electric fields to perturb the
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trajectories of accelerated ions. At the time of their development (ca. 1910 – 1920) photographic plates were placed
in the focal plane of the spectrograph, and after exposure
to the ion beam an image was developed and the resulting
data analyzed. Quantitative analyses were effected by
comparing the amount of exposure on a film produced
when the unknown sample was determined to calibrated
plates developed after measuring known amounts of reference materials. This technique is still in use today in
certain specialized (and somewhat archaic) applications.
In the 1930s and 1940s detectors based on direct measurement of ion beam flux (such as the Faraday cup and
electron multiplier), were introduced. Such detectors are
single-channel transducers, and require that slits be positioned (in a dispersive instrument) to limit the exposure
of the detector to a single mass at any given time. The
signal is then amplified and recorded as a function of some
independent variable (such as magnetic field strength, or
the ion accelerating voltage) that is proportional to the
mass-to-charge ratio (m/z) of the ions in the sample.
With the introduction of electronic detectors, it became
practical to couple detector output to a digital computer
via some type of interface. For low-intensity signals, such
as measurement of discrete ions, pulse-counting techniques are employed. As this is inherently a digital
process, transmission of data to a computer is relatively straightforward. Larger signals, characterized by
significant and measurable detector currents, employ
analog-to-digital converters (ADCs) prior to storage and
manipulation on the computer.
2.3 Instrument Design
2.3.1 Time-of-flight
Time-of-flight (TOF) mass spectrometers were first
developed in 1932,.8/ but the most familiar design, which
forms the basis of current instruments, was described by
Wiley and McLaren in 1955..9/ Accurate measurement
of ion time of arrival at the detector is key to achieving
optimum resolving power and mass accuracy with this
instrument. Prior to the introduction of computer data
acquisition, oscillographic recording was required, with
manual postprocessing.
2.3.2 Quadrupole
The quadrupole mass filter was first described in 1958..10/
The advantages of this instrument include small size,
low ion energy (volts rather than kilovolts for dispersive
and TOF instruments), modest production costs, and
the ability to quickly scan through a wide range of m/z
values. As a result, this design has become by far the
most popular variety of mass spectrometer. A related
mass analyzer, the quadrupole ion trap, was not widely
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developed until the 1970s..11/ Like the linear quadrupole
mass filter, the ion trap is small, inexpensive, and robust.
Both of these devices rely on the application of concerted
radiofrequency (RF) and DC fields in order to define
conditions under which ions have stable trajectories in
the instrument.
2.3.3 Ion Cyclotron Resonance
The ion cyclotron resonance (ICR) mass spectrometer,
first reported in 1968,.12/ relies on the absorption of RF
energy and the natural precession of charged particles
in the presence of a magnetic field for mass separation.
Nominal resolving power is obtained in this instrument
when operated in a continuous scanning mode, where
the RF frequency is slowly swept and energy is absorbed
when ions in the cell are resonant with the excitation. The
most common incarnation of ICR is often referred to as
FTMS,.13/ and spectral information is extracted from the
digitally recorded decay and dephasing of ion orbits after
a pulsed application of RF energy. This approach allows
for significantly improved resolving power (1000-fold
improvement) over the scanning experiment.
2.4 Computerization
As a result of the widespread availability of minicomputers in the late 1960s, and microcomputers in the 1970s and
1980s, automation of mass spectrometer control, tuning,
data acquisition, and data processing became practical.
The reduction in both size and cost of computational
engines, with a concomitant increase in processing power,
cannot be overemphasized in the development of automated data systems for mass spectrometers (and other
analytical instrumentation). Certainly, the widespread
implementation of gas chromatography/mass spectrometry (GC/MS) would have been significantly delayed
without the availability of reasonably priced quadrupole
mass spectrometers and minicomputer-based data acquisition and processing equipment. The operation of FTMS
would be nearly impossible without the involvement of
computers.
2.5 Brief Introduction to Artificial Intelligence and
Expert Systems
Almost from the beginning of the digital computing
era, both hardware and software engineers have been
interested in developing computing tools that can monitor
their environments, and subsequently make decisions
and/or carry out actions based on rules either known
a priori – from programming – or deduced – as a result
of iterative observation/decision/feedback experiences.
Such computational devices may be called ‘expert
systems’, or may be said to operate based on ‘artificial
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intelligence’. It is certainly beyond the scope of this
article to provide a complete history of AI and ES,
but there are a multitude of both books and research
articles related to this topic..14,15/ Today, many parts of
our world are monitored, and in some cases controlled,
by automated, computerized equipment. In an effort to
make these devices more responsive and efficient, many
of them employ embedded ESs of varying degrees of
sophistication. Programming languages such as LISP and
PROLOG have been developed specifically to facilitate
the development of software to implement AI and
ES. The combination of powerful hardware, innovative
algorithms, and capture of years of expert knowledge has
allowed instruments to become increasingly independent
of operator interaction, reducing the possibility for
error and allowing the scientist to concentrate on the
interpretation of the processed data and the formulation
of new experiments.
2.6 Brief Overview of Artificial Intelligence and Expert
Systems in Mass Spectrometry
In the world of MS, AI and ES tools are used in
three primary areas: optimization and control of the
performance of the mass spectrometer itself, collection of
the detector signal as a function of m/z, and analysis of
the data.
2.6.1 Spectrometer Control
There are many instrumental parameters that need to be
adjusted and held at an optimum value for best spectrometer performance. Initially, the instrument must be tuned,
i.e. brought to a state in which peak intensity, peak shape,
and mass calibration are all within acceptable limits. This
is accomplished by introducing a known compound, such
as PFTBA (perfluorotributylamine), into the spectrometer that produces a variety of well-characterized fragments over the mass range of interest, and adjusting (in
an optimized fashion) the various instrument parameters
to achieve the desired level of performance. Computers
are almost invariably used to perform this task, because
the adjustable parameters are often highly interrelated
(repeller voltage, ion focusing lens potentials, electron
multiplier voltage, mass scan rate, ion storage time, chemical ionization reagent gas pressure, time delay for ion
extraction, etc.). Techniques such as simplex optimization
are used to efficiently locate in parameter space the besttune conditions. After tuning is complete, the computer
can then monitor all of the vital signs of the instrument during operation, and alert the spectrometrist of
marginal performance conditions, and even recommend
appropriate interventions, before data quality is affected.
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2.6.2 Data Collection
In almost all data systems, the operator uses the computer
to define the scope of the measurements to be made.
Subsequently, the computer sets instrument parameters
to control, for example, the speed of data collection, the
mass range to be recorded, and other instrument typedependent variables. As the experiment is performed, the
computer records the detector signal via either a direct
digital interface (for counting experiments) or an ADC.
Correlation of the detector signal with the corresponding
m/z condition is accomplished through a mass-axis
calibration routine. Depending on the mass spectrometer
type, this may be a DC, RF, or time reference.
2.6.3 Data Analysis
After the data have been collected, their chemical
information must be extracted and interpreted. There
has been a significant amount of development in the
area of data analysis software since the first report
of such use in 1959..16/ In this early work, a system
of simultaneous linear equations were used to convert
raw peak areas to normalized analyte mole fractions.
A 17-component sample required 0.5 – 3 min of computing time for processing. Today, mixtures with nearly an
order of magnitude more analytes can be reduced in less
time, providing significantly more information than simply peak quantitation. In addition to quantifying analytes,
mass spectrometer data systems routinely provide identification of species from their mass spectral fingerprints.
One of the earliest examples of the application of AI
to mass spectral interpretation was the work of Djerassi
et al..17/ A LISP (a list processing language)-based code,
DENDRAL, was developed and subsequently applied to
a variety of analyte classes. Most mass spectrometrists
are familiar with spectral libraries, ranging from the print
version of the so-called eight-peak index.18/ to the most
modern computerized systems. The latter use intelligent
peak-searching and pattern-matching algorithms to provide the operator with the most likely identities of species
in a spectrum.

3 MASS SPECTROMETRY DATA SYSTEMS
3.1 Introduction
Since the mid-1970s the programming of mass spectral
data systems has changed enormously. Although the basic
tasks of an MS data system are fundamentally the same
now as they were in the 1970s, many of the numbers
involved have become substantially larger. In addition,
developing mass spectral technologies such as FTMS have
placed very heavy demands on the acquisition process.
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Spectrum libraries have become larger. Analyses of large
complex molecules (i.e. peptides) may consume a great
deal of computer resources. Fortunately, the changes in
computer and operating system technologies since the
1970s have been even more staggering than the changes
in MS.
Section 3.2 defines the basic tasks of a MS data
system. Section 3.3 describes the requirements imposed
on the computers and operating systems that aspire to
perform these tasks. Section 3.4 examines some of the
specifics of how changes in computer technology have
affected mass spectral data systems. Section 3.5 treats
the subject of programmability. As the number of MS
algorithms proliferate, the need for a data system to
be customizable (i.e. programmable) has become ever
more important – if users cannot define their own ways
of collecting and analyzing data, unlimited computer
power may be useless. Practical examples from actual
data systems are presented, to show that the concerns of
a programmer are often quite different from those of a
chemist.
3.2 Fundamental Tasks of a Data System
The tasks of an MS data system are often neatly divided
into instrument control, acquisition of data to a storage
medium, and analysis of the data. The division is, of
course, not really so simple. The collection of data
depends significantly on simultaneous instrument control
and the analysis of the collected data may be fed back
into the instrument control. For example, in the process of
tuning an instrument, the software may vary a variety of
different parameters, each time collecting and assessing
some data before trying a new set of conditions. In
this case there is a feedback loop that involves control,
acquisition, and analysis. The feedback must be very
tightly orchestrated to be useful.
3.2.1 Instrument Control
The task of instrument control has several aspects – routine operation, instrument protection, tuning, and diagnostic programs. During routine operation many voltages
must be set or scanned, and as much instrument status
as possible must be read from the instrument. This status
information may be stored with the data. It may be used
to keep temperatures stable within the instrument by running PID (Proportional – Integral – Differential) loops on
heaters. Or, it may be used to protect the instrument. For
example, a sudden rise in pressure may indicate a leak
and some voltages should be turned off. If mass peaks
are saturated, perhaps the detector voltage should be
decreased, or a warning message should be shown on the
computer screen. The process of tuning and diagnostic
programs, each in their own way, are microcosms of the

5

entire MS data system. Those experienced in designing
MS data systems have learned that it is advantageous to
first write the diagnostic programs, basing them on very
small and easily understood modules. These will, after
all, be needed for the first evaluation of the instrument.
It is then possible to base the ordinary operation of the
instrument on these same modules. Doing so tends to
provide the entire system with a relatively good structure. This bottom-up modular structure also makes it
easy to add elementary operations (e.g. when adding
new hardware) and higher-level operations can almost
always be defined as combinations of the elementary
processes.
3.2.2 Data Collection
The task of data collection is fundamentally important.
Today’s computer operating systems are multitasking and
therefore capable of running several processes at once. If
the mass spectrometer is connected to a chromatograph or
other time-dependent sample-introduction device, then
the data collection must have priority over all other
operations. A disaster can result if some data are missed.
To guard against this, an MS data system may use more
than one processor, dedicating at least one processor to
data collection.
3.2.3 Data Analysis
Analysis of the collected data includes the following items:
ž
ž
ž
ž

ž
ž

Conversion of raw (e.g. profile or Fourier-transform)
data to mass peaks.
Data display for the chemist.
Enhancement of the data by background subtraction
or other means.
Use of the area under chromatogram peaks or other
MS data to compare unknowns with standards and to
achieve quantitative results.
Library searching.
Report generation.

A modern data analysis program includes other more
advanced topics, which are covered elsewhere in this
article; even the elementary operations listed above have
many variations. Data systems must be flexible enough
to allow the user to perform the operations in exactly
the way and order required, hence the importance of
programmability. The control, collection and analysis
are all achieved through a user interface. This element
of the data system determines the ways in which the
user is able to enter information and communicate
with the system. Section 3.4 looks at how changes in
operating systems have affected the user interface and
hence the ease of using mass spectral data systems.
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It should be noted that, from the programmer’s point
of view, the design of an easy-to-use user interface is
generally a much harder and time-consuming part of the
programmer’s task than implementing all of the chemical
algorithms. The user interface includes the display of
data and instrument status, as well as input devices such
as menus and buttons that allow the user to control the
system.
The display must respond to real changes in instrument
status in a timely manner. For example, suppose that in
the process of tuning an instrument the user is manually
increasing a voltage setting by clicking a button on the
screen. If nothing happens to the status display for more
than a second, the user is very likely to click on the button
again to accelerate the change in the system. This is simply
because faster computer response time has naturally led
to greater user impatience. However, overclicking can
result in overshooting an optimum setting and this makes
instrument adjustment almost impossible. Therefore, a
crucial task of the data system to reflect the real-time
status of the instrument.
3.3 Requirements for Operating Systems
As noted above, data collection must never fail. As
the operating system used by a chemist is almost
certainly a multitasking system, it is necessary to ensure
that the highest possible priority is given to the data
collection task. It must not be possible for other tasks to
usurp the precious time required by the data collection
procedures. This is the overriding concern in the selection
of an operating system. For this reason Windows NT
is a much more appropriate choice than Windows 95,
for MS data systems. Several other operations also
require high priority because they cannot be interrupted,
such as those that involve delicate timing or real-time
feedback.
If multiple processors are used, other requirements
must be considered. For example, if an embedded
processor in the instrument communicates with the data
system over a serial or parallel line, it is important that
the instrument be plug-and-play; that is, both sides should
disconnect cleanly when the cable is disconnected and
reconnect automatically when the cable is reconnected.
If the embedded processor is depending on the data
system for control and the connection is broken, the
embedded processor should go into a standby state for
safety purposes.
Most instrument manufacturers have chosen to base
their data systems on PCs running Microsoft operating
systems. A brief survey of 22 instrument manufacturers
found that 18 of them were using a version of Microsoft
Windows. Others used OS/2, and operating systems from
Hewlett-Packard, Sun, and Apple.
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3.4 Impact of Continuing Advances in Computers on
Mass Spectrometry Data Systems
The most obvious improvements in computers have
been the dramatic increases in speed and in the size
of computer memories and storage. The forefathers
of today’s data systems were developed on home-built
computers using Intel chipsets or on systems produced by
Data General, Digital Equipment, Commodore, or Apple
(section 2). These systems typically had 16 – 64 kB of ram
and sometimes included a 5 or 10 MB disk. Since the 1970s
the availability of memory and storage has increased by
over three orders of magnitude. Execution times have
also increased, albeit to a lesser extent. For example,
library searches are now four to eight times faster.
Operations that require large arrays of data and massive
amounts of arithmetic have benefited most from the
improvements in hardware design. These improvements
have also made it much easier to implement algorithms.
Previously, developers had to implement programming
tricks to handle very large arrays of data. Activities
such as library searches required extensive coding in
order for their execution to be completed in a reasonable
amount of time. Today even more advanced and thorough
searches can be implemented with a few lines of C code.
These advantages also apply to algorithms written by the
user of the data system (if a programming language is
available – see section 3.5).
Networks are beginning to have a major impact on data
systems. Local networking provides a great advantage by
giving the user a wide variety of high-capacity storage
options. The internet allows easier transfer of data and
results, but has found only limited use in instrument
control. In both cases security issues are a major concern.
Although most laboratory management systems provide
security features, such as passwords, etc. the proper setup and administration of these controls is required. This
may be beyond the resources of some laboratories and is
clearly an added cost.
The current operating systems have had a significant
impact on the standardization of user interfaces. In
the first mass spectral data systems, each had different
ways to enter commands or click with a mouse. It was
therefore a major challenge to instruct users on how to
use a data system. In some cases the operator had to
develop significant programming skills to use the system.
In current user interfaces many operations, such as cut
and paste, are standardized on the computer. As these are
performed in the same way in most computer programs,
everyone who has worked with a computer is well-versed
in the art of using menus and mouse clicks to interact with
a computer program. The fact that a large majority of data
systems are based on Windows makes this even more
true. Chemists now have a much easier time learning
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to use new data systems because they already have a
good idea of how the user interface will work. This
standardization has produced the one drawback, in that
many programs now look the same and it is becoming a
challenge for programmers to make their systems unique
and original.
3.5 Programmability
As discussed above, many aspects of modern mass
spectral data systems require that they be programmable
(or customizable). Every system is limited to have a finite
number of built-in operating modes and algorithms. The
chemist, therefore, needs to have the ability to mix modes
and tailor algorithms to suit experimental objectives. The
programmer who writes the data system is not able to
anticipate which aspects of an algorithm the user may
wish to vary, so ultimately the user needs to be able to
program functions into the system. This section describes
the elements that a system must include, to be truly
programmable.
First the user needs a language to write algorithms in.
The language needs to incorporate basic arithmetic and
common math functions. It also needs to have program
flow control elements such as loop and logic structures
(‘if’, ‘while’, and ‘repeat’). The user needs to be able to
use predefined variables such as ‘first mass’, ‘last mass’,
‘detector voltage’. They also need to control MS operations with built-in commands such as ‘Do one scan’,
‘filament on’, ‘filament off’. The language must have
built-in feedback so that decisions can be based on the
state of the instrument or the nature of the data. Functions
such as ‘Source temperature’ or ‘Manifold pressure’ can
serve this purpose. The most advanced systems include
functions such as ‘Intensity of mass 278 in the last dataset’ or ‘Mass of the biggest peak in the last data-set’ that
return facts about the data.
The language should to be able to perform all control,
collection, and analysis steps. It ought to be possible to
run more than one process at once, so that the system
can collect one set of data while analyzing another,
and perhaps reporting on a third. For good laboratory
practice, it is important to have functions to write any
sort of information into a file. This will ensure that every
dataset has enough information stored within it to show
exactly how it was acquired. It also allows diagnostic
programs to keep track of instrument performance over
any period of time.
The feedback functions in the language can be used for
a wide variety of algorithms. For example, in the arena
of safety, the chemist can specify the actions to be taken
if a temperature or pressure gets too high. Alternatively,
the chemist could write a tuning loop that sets a voltage,
collects a scan of data, and reads back information about
a peak.
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Section 3.5.1 includes a number of illustrative examples. The procedures are written in a pseudocode quite
similar to an actual programming language. The first
example shows the optimization of data collection by
timing acquisition. The second is part of an autotune
algorithm. The third is a higher-level procedure for automatic quantitation, meant to run continuously in the
background.
3.5.1 Example 1: Timed Acquisition
One can increase the amount of analytically relevant
information by only collecting data that is appropriate
for the retention time. The following routine is for an
MS/MS instrument that does single reaction monitoring
of several different reactions, 219 – 69 for the first two
minutes, 512 – 69 for the next two minutes and 131 – 69
thereafter:
start collection
srm(219,69)
while retention time < 2 : scan : end
srm(512,69)
while retention time < 4 : scan : end
srm(131,69)
while retention time < 10 : scan : end
end collection
The functions referred to have the following meaning:
ž
ž

srm(m1,m2) means set the instrument to monitor
the reaction m1 – m2.
scan means collect one scan of data.

3.5.2 Example 2: Tuning
This is an example of a tuning algorithm called ‘optimize lens’; it’s one argument specifies which lens to tune.
While tuning, the system collect raw data. For these
data, ‘height’ refers to the height of the biggest peak in
the dataset. As before, ‘scan’ means collect one scan of
data. The items ‘biggest area’ and ‘best lens’ are temporary variables. The goal of the procedure is to find an
optimum value of a lens.
optimize lens(n)
biggest height D 0
for lens(n) D 100 to 0 in steps of 1
scan
if height >D biggest height
biggest height D height
best lens D lens.1/
end
end
lens(n) D best lens
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When this is done, lens n will have been optimized.
Such a routine may be built into a higher levelroutine:

The functions referred to have the following meanings:
ž

some compound
changed

ž
ž

number of
response points
external standard(r)

ž

internal standard(r)

ž

compound area(c)

ž

compound amount(c)

ž
ž

number of
compounds
compute amount(c)

ž

sleep one second

optimize all lenses
optimize lens(1)
optimize lens(2)
optimize lens(3)
etc . . .
This process may be abstracted to as high a level as
required.
3.5.3 Example 3: Automatic Quantitation
If the data system is designed properly, rules can be
defined to run continuously in the background. Here is an
example of a high-level algorithm that provides automatic
updating of a quantitation list when the chemist changes
the calculations for one of the compounds in the list. For
example, suppose the user has collected several data files,
including analytes and internal and external standards.
They have quantitated a set of compounds in these data
files, using mass chromatograms to obtain an area for
each unknown or standard. The areas and concentrations
of the standards are used to create a response curve.
The areas of unknowns are used, in conjunction with the
response curve, to calculate the unknown concentrations.
One now has a list of areas and quantities for each
compound, along with the information on how they were
computed. If the user were to change the area of one
of the standard compounds by changing the parameters
that went into its calculation, we would like to see the
amounts of all related peaks change correspondingly.
Here is an example of a procedure that performs this
operation.
Repeat-forever
if some compound changed
for r D 1 to number of response points
c D external standard(r)
c1 D internal standard(r)
response x(r) D compound area(c)/
compound area(c1)
response y(r) D compound amount(c)/
compound amount(c1)
end
for c D 1 to number of compounds
compute amount(c)
end
end
Sleep one second
end

set to ‘True’ if any one of
the compounds in the list
changed area or amount,
which means that
‘compound area’ or
‘compound amount’
changed for that
compound.
the number of points in the
response list.
the compound number of
the external standard at
position r in the response
list.
the compound number of
the internal standard at
position r in the response
list.
the area under the
chromatogram for
compound c.
the calculated or given
amount of compound c.
the number of compounds
in the list.
computes the amount of
compound c from its area
and the response list.
prevents the procedure
from hogging the
system – there is no need
to check more than once
a second that the user
has changed the data.

This procedure checks whether some compound has
changed area or amount (changed by the user). If so,
it recalculates the response curve by filling in each
point on the response curve from the areas and the
amounts of the appropriate compounds. Then, for each
compound, it computes the amount of that compound
(‘compute amount’ uses the response curve). If the
display of data is responsive to changes in the data,
the user will see all areas and amounts change as soon as
one value is changed. In section 3.2 an example was given
of the necessity of a close link between data and display;
this procedure is another example.
To keep the code simple, this example assumes that
there is only one response list involved. However, it is
easy to extend the code to a system that includes several
response lists.
These examples give an indication of how programmable a data system can be. The challenge for the
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designers of data systems is to balance flexibility with
simplicity for the sake of the chemist who is content with
the basic operation of the system. MS is not a trivial
task and operating a mass spectral data system is likely
to remain a challenging task as the functionality of MS
Data systems continues to expand. Hopefully, the user
interface, which is what makes it possible to use all this
functionality, will keep pace.

4 BIOLOGICAL APPLICATIONS
4.1 Protein Sequence Determination
MS has long had as a goal the ability to determine
the sequence within polymeric biologically important
molecules, such as DNA and proteins. There have
been notable advances in this area in the period
1990 – 1999..19 – 24/ However, the goal of developing a
simple yet general method for rapidly sequencing these
molecules by MS has remained elusive.
Fortunately, alternative approaches have been introduced that take advantage of the large amount of DNA
and RNA sequence information that has been generated
by genome sequencing projects and which is currently
stored in databases. Using this nucleic acid sequence
information, it is possible to determine whether the
results of a mass spectrometric experiment correspond
to a sequence in a database. If such a correspondence
exists, it is no longer necessary to sequence the protein
(or corresponding RNA) by MS or other means – the
answer can be simply read from the database. If the
database information is incomplete, it can serve as a
starting point for other studies, greatly reducing the experimental work required for the determination of the full
sequence.
4.1.1 Peptide Cleavage and Extraction
All protein sequence identification experiments begin
with the creation of a set of smaller oligopeptide
molecules from the intact protein. The patterns generated from these oligopeptides are then used to
search nucleotide sequence databases. These oligopeptides (frequently referred to simply as ‘peptides’) are
produced by the action of a reagent that cleaves the
protein’s peptide bond backbone at sequence-specific
sites, such as peptide bonds that are adjacent to a
limited set of amino acids. Peptide digesting enzymes,
such as trypsin or endopeptidase Lys-C, are commonly
used for this purpose. Reactive amino acids, particularly cysteine residues, are protected with chemical
reagents that prevent them from modification during the
process.
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4.1.2 Dataset Generation – Mass Spectrometry,
Matrix-assisted Laser Desorption/Ionization and
Electrospray Ionization
Once the oligopeptides have been generated, the masses
of all of the peptides generated from a protein can be
measured at once, using matrix-assisted laser desorption/ionization (MALDI) or electrospray ionization (ESI)
ion sources, mounted on a variety of different types of
mass analyzers. Analysis using a MALDI ion source is
currently the most common method, but the use of sophisticated deconvolution will make ESI a viable option.
Proteins produce patterns containing 10 – 1000 isotopic
peak clusters, depending on the sequence of a particular
protein. Each peak cluster represents a particular peptide
sequence.
Alternatively, the ions corresponding to an individual
peptide from a protein digestion can be isolated, either
using chromatography or MS/MS techniques. The resulting ions can then be fragmented in a gas phase collision
cell producing a pattern of masses characteristic of the
sequence of the original peptide (MS/MS or MS/MS/MS,
i.e. MSn ). This pattern can be used to search databases,
using the accumulated knowledge of the preferred gasphase peptide bond cleavage rate constants. The resulting
pattern is strongly affected by the time elapsed between
collision and measurement of the product ion distribution,
so different rules must be applied for different types of
MS/MS analyzers.
4.2 Database Search Strategies
The data sets generated by mass spectrometric experiments can be compared to the nucleotide sequence
information present in databases in several ways. All
of these methods share some common features. In order
to compare sequences, the chemical reactions involved
in producing the cleaved peptides are simulated, producing a theoretical set of peptides for each known protein
sequence in the database. This simulation can either be
done during the search process or a specialized database
consisting of the peptides resulting from a particular cleavage and protection chemistry can be prepared in advance.
The simulations are then compared to the experimental data, either using specialized correlation functions
or using multiple-step discrete pattern matching. This
comparison is done by assuming that sequences that correspond to the experimental data set will contain a set
of peptides with masses that agree with the experimental
data, within some experimental error.
4.3 Nucleotide Databases
Databases of complete gene sequences can be searched
as though they were protein sequence databases. The
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existence of known start codons and intron/exon assignments allows the use of, either MS or MSn patterns.
Nucleotide databases that contain incomplete sequence
information, such as the database of expressed sequence
tags (dBEST),.25/ present special challenges. In this type
of database, there are six possible peptide sequences for
each nucleotide sequence and each must be searched
independently. The short length of the sequences makes
the use of MS-only data impractical; these databases
require the use of MSn fragmentation patterns.
4.3.1 Annotated Protein Databases
Dedicated protein sequence databases that store annotated oligopeptide translations of nucleic acid sequences
are the best databases for any MS-related search strategy. The annotations in the database indicate what
is known about post-translational modification of the
protein, allowing the chemical cleavage simulation to
be performed more accurately than is possible using
nucleotide information alone. The number of protein
sequences in this type of database is still very limited – annotation is time-consuming and only possible
when detailed experimental results are available for a
particular sequence.
4.3.2 Confirmation and Scoring Results
The results of comparing a set of experimental masses to a
sequence database usually results in the identification of a
number of candidate sequences that match to some extent
with the experimental data. The task of distinguishing
random matches from the ‘correct’ match has been
approached in a number of ways. The simplest scoring
system involves counting the number of masses that agree
within a given error and reporting the sequence with
the most matches as being the best candidate sequence.
This approach is very simplistic and frequently deceptive.
More sophisticated scoring schemes involve appraising
pattern matches on the following criteria:
ž
ž
ž
ž

sequence coverage – the fraction of the candidate
protein represented by the experimental masses;
sequence distribution – the pattern of matched peptides in the candidate protein;
mass deviation – the pattern of experimental mass
deviations from the simulation values;
statistical significance – the likelihood that the match
could have occurred at random.

Research into the appropriate scoring scheme for
MS and MSn match scoring is still ongoing. The most
successful of scoring systems will be the basis for the
next generation of fully automated protein identification
instruments.

Currently, none of the protein identification algorithms
make use of AI or algorithm training methods. The
Profound algorithm is currently the closest to using AI – it
uses a Bayesian statistical approach to evaluating data
sets, allowing for the unbiased evaluation of search results
and for the detection of multiple sequences in a single MS
data set..26/
4.4 Protein Modification Analysis
MS may have limitations in the determination of protein
sequences de novo, but it is very well suited to the
detection of chemical modifications of a known sequence.
The detection of these modifications is very dependent on
good software as there is too much information for manual
data reduction. The general strategy is very similar to that
used to identify proteins, a process that grew out of the
standard practice for finding modifications. The general
strategy is as follows: determination of the intact protein
molecular mass; cleavage to peptides; generation of mass
spectra; and automated, detailed comparison of the MS
data set with a known sequence.
4.4.1 Peptide Cleavage and Extraction
The cleavage and protection chemistry available for
detection of modifications is much broader than that used
in protein identification experiments. Any proteolytic
enzyme, chemical cleavage or protection method can be
used, depending on the type of modification sought. Popular endoproteinase enzymes are trypsin, endoproteinases
Lys-C and Asp-N, and Staph. V8 proteinase..27/ Exopeptidases, such as carboxypeptidase A, B, and P can also
be useful for generating C-terminal sequencing ladders
for smaller peptides..28/ Unlike the protein identification
procedure, it is very useful to follow a time course of protein cleavage, as the dynamics of proteolysis can provide
valuable clues to the identity and location of modifications. Chemical cleavage reagents, such as cyanogen
bromide, iodosobenzoic acid and hydroxylamine, can be
used in place of enzymes. These reagents are less popular
than enzymes, because of their propensity for producing complicating modifications in the sequence through
side-reactions.
4.4.2 Generation of Mass Spectroscopy Datasets
Mass spectroscopy datasets are collected in the same
way as for protein identification experiments. Typically, a
number of experiments are run, using different cleavage
reagents with different and complementary specificity.
For example, both a trypsin and endoproteinase AspN digest would be both run, taking several time points
during the reaction to reconstruct its time course. All of
the data collected is stored for later analysis.
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Datasets for MSn can be prepared that greatly assist
analysis in the detection of common modifications, such
as phosphorylation or disulfide cross-linking. These modifications produce characteristic fragmentation signals
following gas-phase collisions. The most popular method
for collecting this type of specialized data is directly
coupling the output from high-performance liquid chromatography (HPLC) to an MS/MS device (such as a triple
quadrupole or a ion trap analyzer) and flagging spectra
that contain these characteristic signals.
4.4.3 Comparison with Sequence
Once a dataset has been assembled, it must be compared
with the results that would be expected from the predicted
amino acid sequence. For a simple enzymatic cleavage
experiment on a protein that has 30 theoretical cleavage
sites (N) and no cystines, there are approximately 450
possible product peptides. The complexity of the task of
examining a dataset for each of the possible products
and locating the peaks that do not agree is clearly
too time-consuming and error prone to be performed
manually.
The majority of data is analyzed using automated systems to assist the investigator – no system that performs a
complete and reliable analysis is currently available. Modern analysis is performed by first determining the mass
of a peak in the MS dataset and searching a sequence
for a peptide with a mass that is within a user-defined
error of the experimental value. The dataset can be a
single mass spectrum containing all of the cleaved peptides or an HPLC/MS dataset that contains thousands
of individual spectra, each of which will contain zero or
more of the peptides, depending on the chromatographic
conditions.
The best analysis systems use a multifactorial fuzzylogic-based approach to analyzing the data. The entire
dataset is interrogated and individual matches rated with
respect to all of the other assignments. Peptides with
the same mass (within the allowed error) are assigned
based on the kinetics of the cleavage reaction, as inferred
by the fuzzy logic rules. Peaks that can be assigned by
mass, but which are unlikely based on the entire data
set, are flagged for further examination and confirmation.
These flagged peaks, as well as those that could not be
assigned are then iterated through a selection of known
modifications and the complete sequence assignment
process repeated. The fuzzy logic assignments depend
on the entire data set so the change of value in the
simulated experiment requires a complete reexamination
for the assignments.
Once this iterative process is finished, the results can be
projected back onto the theoretical sequence, with each
assignment flagged and color coded so that interesting
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portions of the sequence are displayed. This process is
particularly effective if the three-dimensional structure
of the protein is known, where the peptides can be
located in a structure diagram shown in a stereoscopic
display.
4.5 Use with Differential Displays
Differential displays are a particularly useful tool in
current cell biology. They consist of some type of
high-resolution protein separation system, such as twodimensional gel electrophoresis, and a signal detection
process such as affinity or silver staining. A cell challenged
in various ways will produce displays that differ as
the protein complement being expressed in the cell
changes. By overlaying displays, spots that change
are apparent. The challenge is then to determine
what protein has appeared (or disappeared or changed
positions).
The techniques described in sections 4.1 – 4.3 can be
applied to these displays. By excising interesting areas of
the separation bed and extracting the protein components
in various ways, the protein sequence can be rapidly
identified. A new generation of automated differential
display devices utilizing MS as a protein identification
system is currently being designed. These instruments will
replace the current practice of manual sample preparation
and mass analysis, although the protein identification
algorithms will remain the same. The fully automated
instruments will probably perform best on data derived
from species with known genomes.
4.6 Alternate Splicing
When a eukaryotic organism translates its DNA into
RNA in the nucleus (the primary transcript), the transfer
RNA is usually edited before it is exported out of the
nucleus as transfer RNA for transcription into a peptide
chain. This editing process, generally referred to as RNA
splicing, involves the removal of portions of the RNA
that do not code for peptide sequence (exons), leaving
the portions that do code for sequence and transcription
regulatory functions (introns). In multicellular organisms
with differentiated cell and tissue types – which includes
all animals and plants – different exons can be spliced
into the transfer-RNA in different cell types, resulting in
different protein sequences that originate from the same
gene. These different proteins that originate from the
same gene are called ‘alternate splices’. The regions of
genomic DNA that will be deleted or included can be
predicted with some accuracy for the most likely transferRNA product; however, the alternate forms cannot
be predicted in advance and they must be discovered
experimentally.
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Protein identification-type experiments are ideally
suited to the rapid identification of alternately spliced
proteins. In order to distinguish alternate splicing from
proteolytic processing, the existing generation of protein
recognition algorithms will need to include a method
for searching and scoring multiple gaps using the
genomic sequence as a starting point. By using predicted
exon/intron divisions, it should be possible to search
the possible DNA-to-RNA translation sequences to
determine whether an alternate splice form is present in a
particular differential display. Such a search is beyond the
capabilities of the current generation of software: they all
require an accurate RNA translation. However, with the
introduction of AI-type training capabilities, it should be
possible to apply the most sophisticated of the current
algorithms to this problem.

5 MASS SPECTROMETRY APPLICATIONS
OF PRINCIPAL COMPONENT AND
FACTOR ANALYSES
5.1 Introduction
PCA calculates an orthogonal basis (i.e. coordinate
system) for sets of mass spectra for which each axis
maximizes the variation of the spectral dataset. Each
axis is represented as a vector that relates the linear
dependence of the mass spectral features (i.e. m/z
variables). Typically, the new coordinate system has a
reduced dimensionality. The PCA procedure allows the
scientist to compress the data, remove noise, and discover
the underlying or latent linear structure of the data.
FA rotates the principal components away from
directions that maximize variance towards new chemically relevant directions; it allows scientists to resolve
underlying pure components in mixtures, build classification models, and determine mass spectral features
that relate to specific properties such as concentration or
class.
5.2 Selected History
When computers were interfaced with mass spectrometers, numerical calculations could be used to simplify the
data. A brief and somewhat selective history follows. The
PCA technique was developed for the study of psychological measurements that are inherently complicated by
many difficult-to-control factors..29/ These factors can be
attributed to the different environmental, behavioral, or
genetic influence on the human subjects who are evaluated. Some method was needed that would determine
which factors were important and which factors were
correlated.
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The earliest applications of PCA in analytical chemistry determined the number of underlying components
in mixtures. Specifically, for optical measurements, a mixture could be effectively modeled by a linear combination
of the spectra of the pure components. The number of
pure components of the mixture would correspond to
the rank of the data matrix. The rank of a matrix of
optical spectra of mixtures was computed using Gaussian
elimination..30,31/ The application of FA to solving problems in chemical analysis was pioneered by Malinowski
et al..32,33/
The applications of PCA and FA to gas chromatography (GC) and MS first occurred in the 1970s. Initially, FA
was employed to study the relationships between chemical structure and GC retention indices..34 – 37/ Then PCA
was demonstrated as a tool for deconvolving overlapping
GC peaks..38/ Next, FA was applied to 22 isomers of
alkyl benzenes to assist the interpretation of fragmentation pathways and as a method for compressing the mass
spectra to lower dimensionality..39,40/ The FA method
was used for classifying mass spectra..41/
The coupling of multichannel detection, specifically
MS to GC, allowed PCA and FA to resolve overlapping components of GC/MS peaks..42,43/ The target transform FA method was automated for GC/MS
analysis..44/
FA was initially applied to solving problems of
overlapping peaks in GC/MS. Soon it was realized that FA
was a useful tool for the analysis of complex mixtures such
as biological (bacteria, proteins, and hair) and geological
(coal, atmospheric particles, and kerogen) samples. These
complex samples were all amenable to pyrolysis mass
spectrometry (PyMS)..45/ The discriminant and FA were
applied to various biological samples..46/ An unsupervised
graphical rotation method was developed and applied
to geological samples..47/ Canonical variates analysis
(CVA).48/ was used to take advantage of measurement
errors furnished by replicate spectra and was combined
with rotation for mixtures of glycogen, dextran, and
bovine serum albumin,.49/ and has become one of the
methods of choice for the analysis of MS fingerprints
from bacteria..50/ The FA method was demonstrated
as an effective tool for analysis of smoke particles
by PyMS..49/ A related method that exploits PCA for
classification is soft independent modeling for class
analogies (SIMCA)..51/
Other techniques that benefited from FA and PCA
are laser ionization mass spectrometry (LI/MS),.52/ fast
atom bombardment mass spectrometry (FAB/MS),.53/
electrospray MS,.54/ and secondary ion mass spectrometry
(SIMS)..55/ In the SIMS work, cluster analysis was
used to help align high-resolution mass measurements
into optimized columns of the data matrix, which was
evaluated using PCA.
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Table 1 The number of hydrocarbon spectra in the data set
with respect to class and carbon number

Diene
Alkene
Alkane
Total

4
16
12
8
36

Carbon number
5
6
7
40
17
14
71

52
60
28
140

56
61
31
148

Total
10
33
37
62
132

197
187
143
527

80

Eigenvalue

Hydrocarbon
class

100

60
40
20

5.3 Introductory Example

0
0

5

10

15

20

25

Eigenvalue number
Figure 1 Eigenvalues plotted as function of the number of
components for a set of 527 mass spectra with 95 variables.

Principal component 2

A brief demonstration of PCA and FA is presented
with accompanying graphs. A data set of mass spectra
was obtained from the Wiley Registry of Mass Spectra,
5th edition,.245/ that comprised spectra of hydrocarbons
that were alkane, alkene, or diene. This data matrix is
exemplary because the MS fragmentation patterns are
easy to predict. These data were part of a larger project
that built classification models for identifying spectra
of plastic recycling products..56/ The data matrix was
composed of 527 spectra and 95 columns that correspond
to m/z values. The m/z values ranged from 50 to 144.
Typically, if all the spectra have no mass peaks at a
specified m/z, this column is excluded from the data
matrix. Table 1 gives the design of the hydrocarbon
data set.
The principal components were calculated by singular
value decomposition (SVD).57/ in a Win32 program that
was written in CCC. The analysis of these data required
less than 5 s on a 300 MHz PC computer with 128 MB of
random access memory and operating under Windows 98
in console mode.
The spectra were preprocessed by normalizing to unit
vector length and centering the spectra about their
mean spectrum before the PCA. Figure 1 gives the
eigenvalues with respect to the component number.
The eigenvalues measure the variance spanned by each
eigenvector. For intricate data sets, the eigenvalues
typically asymptotically approach zero. The relative
variance of each eigenvalue is calculated by dividing
the eigenvalue by the total variance of the data matrix.
The total variance is easily obtained as the sum of the
eigenvalues. From this calculation, the first two principal
components account for approximately half the variance
in this data set.
Examination of the mass spectral scores on the first
two components in Figure 2 shows that the spectra tend
to cluster by class (i.e. degree of unsaturation). The
first component has the largest range of values and is
responsible for separating the spectra in order of diene,
alkene, and alkane. This component can be investigated
further using the variable loadings in Figure 3. This
graph shows the principal component plotted with
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Principal component 1
Figure 2 Observation scores of hydrocarbon mass spectra on
the first two principal components, 47% of the cumulative
variance: a, alkanes; d, dienes; e, alkenes.
respect to m/z, so that key spectral features may be
investigated.
The principal components point in mathematically, but
not necessarily chemically, relevant directions. Target
transform FA was used to rotate 13 principal components
that spanned 95% of the variance in directions that
correlate with the specific structural classes of the spectra.
Figures 4 – 6 give the rotated factors for the diene, alkene,
and alkane classes. Notice that the periodicity of the
fragmentation pattern is precisely as one would expect
for these sets of data. The alkenes follow a pattern of
carbon number times 14, the dienes follow the same
pattern except shifted to two less, and the alkanes shifted
by two more. The shifts account for the change in mass of
the molecule by the loss of two hydrogen atoms for each
degree of unsaturation.
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Figure 3 Variable loadings for the first principal component of
the mass spectra dataset, 21% of the cumulative variance.

Figure 5 The target-transformed factor for alkenes obtained
from a set of 13 principal components that spanned 95% of the
cumulative variance.
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from a set of 13 principal components that spanned 95% of the
cumulative variance.

5.4 Theoretical Basis
5.4.1 Principal Component Analysis
Typically, data are arranged into a matrix format so
that each row corresponds to a mass spectrum and
each column to a measurement at a specific m/z value.
This matrix is designated as D. The PCA method is
mathematically based on eigenvectors or eigenanalysis.
The method decomposes a set of data into two sets
of matrices. The matrices are special in that the columns
point in directions of major sources of variation of the
data matrix. These vectors are eigenvectors. (Eigen is the
German word for characteristic.) Because these vectors
already point in a direction inherent to the data matrix,
they will not change direction when multiplied by the data
matrix. This property is referred to as the eigenvector

100

120

140

m /z

m /z
Figure 4 The target-transformed factor for dienes obtained

142

0.00

−0.04
80

71

Figure 6 The target-transformed factor for alkanes obtained
from a set of 13 principal components that spanned 95% of the
cumulative variance.
relationship and is defined as Equations (1) and (2):
DT Dvi D li vi
T

DD ui D li ui

.1/
.2/

where DT D is a square symmetric matrix that characterizes the covariance of the columns of the data set D, vi
is eigenvector i that is in the row-space of D, and li is
eigenvalue i. In Equation (2), DDT is a square symmetric
matrix that characterizes the covariance of the rows of
the data set and ui is in the column-space of the D.
Besides maximizing the variance, the sets of eigenvectors form orthogonal bases. This property can be
expressed by Equations (3) and (4),
VT V D I

.3/

UT U D I

.4/
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for which V is a matrix comprising row-space eigenvectors
(vi ) and U is a matrix comprising column-space eigenvectors (ui ). The identity matrix I, comprises values of unity
along the diagonal and values of zero for all other matrix
elements. The relationship given in Equations (3) and (4)
is important because it shows that the transpose of an
orthogonal matrix is equal to its inverse.
For large sets of data, computing the covariance matrix
is time-consuming. A method that is precise and fast for
computing both sets of eigenvectors is SVD:.58/
D D USVT

.5/

From Equation (5) D can be decomposed into the two
matrices of eigenvectors and a diagonal matrix S of
singular values (Equation 6):
li D s2i

.6/

The singular values wi are equal to the square root of the
eigenvalues, which leads to another important property
that is given by Equation (7):
Dn D USn VT

.7/

This relationship is important because any power
of D can be calculated by decomposing the matrix,
raising the diagonal matrix of singular values to the nth
power, and reconstructing the matrix. A useful power is
negative unity, because D 1 can be used for calculating
calibration models. Furthermore, pseudoinverses can be
calculated from singular or ill-conditioned data matrices
by reconstructing using only the components (i.e. vectors)
that correspond to singular values above a threshold.
The other important element of PCA is the concept
of a principal component. Because the row-space and
column-space eigenvectors are orthogonal and hence
independent, the number of eigenvectors will always be
less than the dimensionality (i.e. minimum of the number
of rows or columns) of D. The number of nonzero eigen
or singular values gives the mathematical rank r of D.
The rank gives the number of underlying linear components of a matrix. However, besides mathematical rank,
there are physical and chemical ranks. The physical rank
gives all the sources of variances that are associated with
the physics of obtaining the measurement including noise.
These variances may correspond to background or instrumental components. The chemical rank corresponds to
variances related to the chemical components of interest.
Therefore, the mathematical rank is the number of components with eigenvalues greater than zero. The physical
rank corresponds to eigenvalues greater than a threshold
that characterizes the indeterminate error of making the
measurement. The chemical rank is typically the smallest
and corresponds to the number of chemical components,
when the variances of the data follow a linear model.

Typically, the components that are less than either
the physical or chemical ranks are referred to as principal components. The components that correspond to the
smaller eigenvalues are referred to as secondary components. Secondary components usually characterize noise
or undesirable variances in the data. The determination of the correct number of principal components r is
important. If the number of principal components is too
small then characteristic variances will be removed from
the data. If the number of principal components is too
large then noise will be embedded in the components
as well as signal. There are several methods to evaluate the calculation of the correct number of principal
components.
One of the simplest methods is to reconstruct the data D
using subsets of the eigenvectors. When the reconstructed
data resemble the original data within the precision of
the measurement, then the proper number of principal
components has been obtained. An empirical approach
determines the minimum of the indicator function (IND),
which is not well understood, but furnishes reliable
estimates of the chemical rank..59/
There are three key pieces of information furnished by
PCA. The first is the relationship of the variance that is
spanned by each component. Plotting the eigenvalues as a
function of components, gives information regarding the
distribution of information in the data. The eigenvalues
also convey information regarding the condition number
of the data matrix. The condition number is obtained
by dividing the largest eigenvalue by the smallest. This
condition number can be used to assess the error bounds
on a regression model.60/ and as a means to evaluate
selectivity..61/
This approach was what made PCA useful for assessing
the number of analytical components contained in a
GC peak. This methodology is still used; however, it
is referred to as window or evolving factor analysis
(EFA). Instead of processing the spectra contained in
a chromatographic peak, a window (i.e. a user-defined
dataset) can be moved along the chromatogram. The
chemical rank is evaluated and gives the number of
chemical components in the window.
The second piece of information is furnished by the
observation scores. Score plots display the distribution
of spectra or rows of D in a lower dimension graph.
The scores of the first two components provide a twodimensional window that maximizes information content
of the spectra. If the rows are ordered with respect to time,
the observation scores give trajectories of the changes that
occur in the data over time (Equation 8):
oi D di V D ui S

.8/

for which oi is a row vector of the ith observation score
of spectrum i (di ). This may be calculated by multiplying
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a spectrum or the ith row of D by the matrix of principal
components. The observation scores can be calculated
directly for the results of SVD by multiplying the matrix
of singular values W by the ith row of the column-space
eigenvectors U. Plots of the observation scores are also
referred to as the Karhunen– Loève plots. These plots
allow clustering of the data to be visualized.
The final piece of information is yielded by the variable
loadings, which indicate the direction that the rowspace eigenvectors point. The variable loadings show
the importance of each variable for a given principal
component. Plots of variable loadings can be examined
for characteristic spectral features. They also are used
together with the observation score plots to see which
spectral features are responsible for separating objects in
the score plots.
In some instances, the data matrix D can be modified so
that the principal components point in directions that are
more chemically relevant. These modifications to D are
referred to collectively as preprocessing. Typically, the
spectra are mean-centered, which refers to subtracting
the average spectrum from each spectrum in the dataset.
This centers the distribution of spectra about the origin.
If the data are not mean-centered, the first principal
component will span the variance characterized by the
overall distance of the data set from the origin.
In some cases, the spectra are normalized so as to
remove any variations related to concentrations. Normalization scales the rows of D, so that each row is weighted
equally. Mathematically, normalizing the spectra to unit
vector length will achieve this equalized weighting. For
spectra that vary linearly with concentration, the concentration information is manifested in the vector length of
the spectrum. Other methods of normalization include
normalizing to a constant base peak intensity (i.e. maximum peak of unity) or to a constant integrated intensity
(i.e. sum of peaks of unity).
The data may be scaled so that the variables or columns
of D are weighted equally. Scaling is important for mass
spectra, because peaks of higher mass that tend to convey
more information, have smaller intensities, and tend to be
less influential in the calculation of principal components.
Autoscaling gives each variable or column of data equal
weight. This method of scaling is useful when the noise or
the signals are not uniformly distributed across the mass
range. For this method of preprocessing, each column of
D is divided by its standard deviation. The problem with
autoscaling is that variables that convey noise only are
given equal weight with those that convey signal. A better
approach is to scale the data by the experimental errors
for each variable. Experimental error can be measured as
the standard deviation of replicate spectra. The variances
of these standard deviations can be added for different
samples to calculate an estimate of the experimental
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error. The experimental error avoids the diminution of
the signals during scaling.
An alternative to scaling is transformation. In some
cases the data may be converted to the square root or
logarithm to give greater weight to smaller features. A
useful method for preprocessing mass spectra is through
modulo compression..62/
5.4.2 Canonical Variates Analysis
For supervised classification, a useful method related to
PCA is CVA,.63/ which is also applied with discriminant
(function) analysis..64/ The CVA method is not usually
performed on the original feature space (mass spectra)
because the mass spectra have colinear variables or
too many variables for CVA. This problem may be
resolved by compressing the data, such as using principal
component scores.52/ or by calculating the pseudo-inverse
of the covariance matrix..65/ The canonical variates (CVs)
are principal components that are calculated from a
matrix that is related to Fisher variance and analysis
of variance. In the traditional method, two covariance
matrices are calculated. The first matrix characterizes the
covariance of the class means about the grand mean of
the data. The second matrix characterizes the variation of
the spectra about their class means.
The CVA approach uses PCA twice in the calculation.
First, SVD is used to compute the pseudo-inverse of the
within-groups sum of squares matrix (SSC
w ). The CVs are
the variable loadings obtained from PCA applied to R,
which is obtained by Equation (9):
R D SSb SSC
w

.9/

for which Sb is the between-class sum of squares
matrix and SC
w is the pseudo-inverse of the within-class
sum of squares matrix (Sw ). These are calculated by
Equations (10) and (11),
SSb D

Nc
X

Ni .xN i

xN /.xN i

xN /T

.10/

iD1

SSw D

Nc X
Ni
X

.xji

xN i /.xji

xN i /T

.11/

iD1 jD1

for which Nc is the number of classes, Ni is the number of
spectra in the ith class, xN i is the class mean, and the xN is the
global mean. The rank of R will be equal to the number of
classes less one (e.g. Nc 1), because a degree of freedom
is lost by centering the spectra about the global mean and
the product of two matrices can not exceed the minimum
rank of the two multiplier matrices..66/ The CVs are a basis
set of orthogonal vectors that maximize the separations of
the classes (i.e. maximize the distance among the means
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and minimize the distance of the spectra from their class
means). Thus the principle of CVA is similar to PCA but,
because the objective of CVA is to maximize the ratio
of the between-group to within-group variance, a plot
of the first two CVs displays the best two-dimensional
representation of the class separation.

In some cases, it is advised to use the pseudo-inverse of
T, because the inner product of T may be ill-conditioned
or singular. The factor variable loadings for the targets
b
are estimated by Y.

5.4.3 Factor Analysis

5.5.1 Calibration

PCA yields variable loadings that are characteristic for the
data matrix. The variable loadings are meaningful with
respect to maximizing variances. For other applications
it is useful to rotate these loadings in other directions
that pertain to specific problems. Once the principal
components are rotated, the technique is referred to as
FA. Rotations are either oblique or orthogonal. The
orthogonal rotations maintain the linear independence
of the principal components and the basis. Oblique
rotations remove the constraint of linear independence
and therefore model more closely physical and chemical
phenomena. These methods calculate a square matrix
T of coefficients that rotate the components with a
dimensionality of r. For which r is the number of principal
components. Typically, the column-space components or
observation scores are rotated in the forward direction
and the row-space components or variable loadings are
rotated in the reverse direction using T 1 . The rotation
matrices can be computed by numerical optimization
of a variety of objective functions or they can be
rotated graphically until they resemble a target. For
orthogonal rotation, the most popular objective function
is Varimax..67/ This rotation method seeks to increase
the magnitude of the observation scores on a single
component and reduce the scores magnitude on all other
components.
Target transformation calculates a transformation
matrix that rotates the row-space and column-space
eigenvectors or components in directions that agree
with a target vector. Typically, the targets are a set
of properties that may correlate with the objects, and
the transformation matrix is calculated by regression.
These transformation matrices may be calculated using
the eigenvectors from SVD (Equations 12 and 13),

There are various methods to exploit the properties
of eigenvectors to accomplish calibration. Calibration
furnishes models that predict properties from data such
as mass spectra. The most common use for calibration
is to construct models that estimate the concentration of
components in complex samples by their mass spectra.
Principal component regression (PCR) uses the observation scores for computing the regression model. The
advantage of this approach is that for MS data in many
cases D is underdetermined (i.e. more m/z measurements
than spectra). Because the observation scores will equal
the chemical rank, the number of variables are reduced
and regression by inverse least squares becomes possible.
A related method uses SVD to calculate the pseudoinverse DC . The SVD regression is computationally more
efficient than PCR, but is mathematically equivalent. A
very effective method for many problems is partial least
squares (PLS). This calculates common column-space
eigenvectors between the independent block (i.e. D) and
dependent block (i.e. Y) of data. The PLS method was
initially developed in the field of econometrics. Both PLS
and PCA are described in a tutorial;.68/ PLS has been
enhanced to handle multiway or higher-order data..69/
Quantitative analysis of complex binary and tertiary
biochemical mixtures analyzed with PyMS.70/ showed
that, of the latent variable PCR and PLS methods, the
best technique was PLS, a finding to be found generally
by other studies..71,72/

T D UT X

.12/

b D UT
X

.13/

for which X is composed of columns of targets, T is
b is the estimated target
the transformation matrix, and X
matrix. The loadings can be rotated by regressing the
matrix of variable loadings V onto the target matrix T
that has r rows and the number of columns equals the
number of target vectors (Equation 14):
b D VT.TT T/
Y

1

.14/

5.5 Related Methods and Future Applications

5.5.2 Multivariate Curve Resolution
The same FA methods that were initially applied to
peaks of GC/MS data have evolved so that they can
be applied to the entire chromatographic runs. These
methods start with a set of principal components. The
components are rotated by a method known as alternating
least squares (ALS). The key is to apply mathematical
constraints such as non-negativity (no negative peaks)
and unimodality (a spectrum will appear in only one peak
of a chromatogram).
Curve resolution provides a means to enhance the spatial or depth resolution of ion measurements of surfaces
or could be exploited to examine changes in electrospray
mass spectra as a function of changing solvent conditions.
Curve resolution will continue to exploit PCA and FA
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to detect impure chromatographic peaks and mathematically resolve the overlapping components.
EFA and window factor analysis (WFA) use the
eigenvalues to model the change in concentrations
of components in the data matrices. The eigenvalues
can be combined to form initial concentration profiles
that are regressed onto the data. The concentration
profiles and extracted spectra are refined using ALS with
constraints.
5.5.3 Multiway Analysis
The entire chromatographic mass spectral data matrix
D is only the beginning. If several chromatographic
runs are used to characterize a chemical process or if
multidimensional MS matrices of data are collected, a
tensor or cube of data would be obtained. Using methods
based on the Tucker model,.73/ the higher-order sets of
data can be decomposed into vectors or planes of principal
components. A method related to the Tucker model is
PARAFAC.
5.6 Reviews and Tutorials
Malinowski’s monograph is an excellent resource for
PCA and FA..74/ Tutorials on FA and related methods
can be found in the literature – the philosophical basis of
PCA and FA,.75/ EFA,.76/ and target transform FA..77/
Multivariate curve resolution applied to chromatography
with multichannel detection has been published as
a tutorial.78/ and reviewed specifically for GC/MS..79/
Tutorials of the multiway PCA method PARAFAC.80/
and PLS.68/ are also useful entry points into these
methods. The text by Martens and Næs on multivariate
calibration thoroughly describes PLS..81/
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6 ARTIFICIAL NEURAL NETWORKS
6.1 Summary
The availability of powerful desktop computers in
conjunction with the development of several user-friendly
packages that can simulate ANNs has led to the increase
in adoption of these ‘intelligent’ systems by the analytical
scientist for pattern recognition. The nature, properties
and exploitation of ANNs with particular reference to
MS is reviewed.
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6.2 Introduction to Multivariate Data
Multivariate data consist of the results of observations
of many different characters (variables) for a number
of individuals (objects)..82,83/ Each variable may be
regarded as constituting a different dimension, such
that if there are n variables each object may be said
to reside at a unique position in an abstract entity,
referred to as n-dimensional hyperspace. In the case
of MS, these variables are represented by the intensities
of particular mass ions. This hyperspace is necessarily
difficult to visualize, and the underlying theme of
multivariate analysis (MVA) is thus simplification.84/ or
dimensionality reduction, which usually means that we
want to summarize a large body of data by means of
relatively few parameters, preferably the two or three
that lend themselves to graphical display, with minimal
loss of information.
6.3 Supervised Versus Unsupervised Learning
Conventionally the reduction of the multivariate data
generated by MS.85 – 87/ has normally been carried out
using PCA;.84,88 – 90/ the PCA technique is well-known
for reducing the dimensionality of multivariate data
while preserving most of the variance, and the principal
component scores can easily be plotted and clusters in the
data visualized.
Analyses of this type fall into the category of unsupervised learning (Figure 7a), in which the relevant
multivariate algorithms seek clusters in the data..90/ Provided that the data set contains standards – of known
origin and relevant to the analyses – it is evident that one
can establish the closeness of any unknown samples to a
standard, and thus effect the identification of the former.
This technique is termed ‘operational fingerprinting’ by
Meuzelaar et al..91/
Such methods, although in some sense quantitative,
are better seen as qualitative as their chief purpose
is merely to distinguish objects or populations. More
recently, a variety of related but much more powerful methods, which are most often referred to within
the framework of chemometrics, have been applied to
supervised analysis of multivariate data (Figure 7b). In
these methods, one seeks to relate the multivariate
MS inputs to the concentrations of target determinands, i.e. to generate a quantitative analysis, essentially
via suitable types of multidimensional curve fitting
or linear regression analysis..83,92 – 96/ Although nonlinear versions of these techniques are increasingly
available,.97 – 103/ the usual implementations of these methods are linear in scope. However, a related approach to
chemometrics, which is inherently nonlinear, is the use
of ANNs.
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Figure 7 (a) Unsupervised learning – when learning is unsupervised, the system is shown a set of inputs (multivariate MS
data) and then left to cluster them into groups. For MVA
this optimization procedure is usually simplification or dimensionality reduction; this means that a large body of data (the
inputs) are summarized by means of a few parameters with minimal loss of information. After clustering the results then have
to be interpreted. (b) Supervised learning – when the desired
responses (targets) associated with each of the inputs (multivariate data) are known then the system may be supervised. The
goal of supervised learning is to find a model that will correctly
associate the inputs with the targets; this is usually achieved by
minimizing the error between the known target and the model’s
response (output).

(a)

Dendrites from
another neuron
Electric signal

Axon
Synapse
Neurotransmitter

6.4 Biological Inspiration
Dendrite

ANNs are biologically inspired; they are composed of
processing units that act in a manner that is analogous
to the basic function of the biological neuron (Figure 8).
In essence, the functionality of the biological neuron
consists of receiving signals, or stimuli, from other cells at
their synapses, processing this information, and deciding
(usually on a threshold basis) whether or not to produce
a response, that is passed onto other cells. In ANNs these
neurons are replaced with very simple computational
units which can take a numerical input and transform it
(usually via summation) into an output. These processing
units are then organized in a way that models the
organization of the biological neural network, the brain.
Despite the rather superficial resemblance between
the ANN and biological neural network, ANNs do
exhibit a surprising number of the brain’s characteristics.
For example, they learn from experience, generalize
from previous examples to new ones, abstract essential
characteristics from inputs containing irrelevant data,
and make errors (although this is usually because of
badly chosen training data..83,104 – 109/ ) All these traits are
considered more characteristic of human thought than of
serial processing by computers. These systems offer the

(b)

Electric signal

Figure 8 (a) A very simplified scheme of a biological neuron.
Dendrites are filaments that extend from the cell body to other
neurons where they receive signals at connection points called
synapses, these dendrites then provide inputs to the cell body,
the axon sends output signals. (b) The synapse is a special
connection which can be strengthened or weakened to allow
more, or less, signal through.
mass spectrometrist the capability of performing pattern
recognition on very complex uninterpretable (at least to
the naked eye) multivariate data.
For a MS analytical system, there are some mass spectra
that have desired responses, which are known (i.e. the
concentration of target determinands). These two types of
data (the representation of the objects and their responses
in the system) form pairs, which are usually called inputs
and targets. The goal of supervised learning is to find a
model or mapping that will correctly associate the inputs
with the targets (Figure 7).
Thus the basic idea in these supervised learning neural
network techniques is that there are minimally four
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datasets to be studied, as follows. The training data
consist of (a) a matrix of s rows and n columns in which
s is the number of objects and n the number of variables
(these are the normalized ion intensities at a particular
mass-to-charge ratio for MS), and (b) a second matrix
of target data, again consisting of s rows and typically
1 or two columns, in which the columns represent the
variable(s) whose value(s) it is desired to know (these are
the result(s) wanted) and which for the training set have
actually been determined by some existing, benchmark
method. This variable may be the concentration of a
target determinand, and is always paired with the patterns
in the same row in (a). The test data also consist of
two matrices, (c) and (d), corresponding to those in (a)
and (b) above, but the test set contains different objects.
As the name suggests, this second pair is used to test the
accuracy of the system; alternatively they may be used to
cross-validate the model. That is to say, after construction
of the model using the training set (a, b) the test data (c)
(these may be new spectra) are then passed through the
calibration model so as to obtain the model’s prediction
of results. These may then be compared with the known,
expected responses (d).
6.5 Data Selection
As in all other data analysis techniques, these supervised
learning methods are not immune from sensitivity to
badly chosen initial data,.106/ and so good modelling
practice must be adopted..109/ Therefore, the exemplars
for the training set must be carefully chosen; the adage is
‘garbage in – garbage out’. It is known.83,104,105,107 – 109/
that neural networks (and other supervised learning
methods such as PLS) can over-fit data. For example, an
over-trained neural network has usually learnt perfectly
the stimulus patterns it has seen but cannot give accurate
predictions for unseen stimuli, i.e. it is no longer able to
generalize. For supervised learning methods accurately
to learn and predict the concentrations of determinands
in biological systems, or to identify new observations
as being from something previously seen, the model
must obviously be calibrated to the correct point. The
reality is that in extension to normal chemometric
practices detailed above the data should be split into
three sets: (a) data used to calibrate the model; (b) data
employed to cross-validate the model; and (c) spectra
whose determinand concentration, or identities, were
unknown and used to test the calibrated system. During
calibration, the models would be interrogated with both
the training and the cross-validation set and the error
between the output seen and that expected calculated,
thus allowing two calibration curves for the training and
cross-validation sets to be drawn. When the error on
the cross-validation data was lowest, the system will be
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deemed to have reached the best generalization point
and then may be challenged with input stimuli whose
determinand concentrations, or identities, are really
unknown.
An alternative approach is to determine an acceptable
error for the model, and construct ANN models that
fit within this error. For many classification problems a
relative root mean square error of calibration (RRMSEC)
of 10% is usually sufficient (Equation 15):
v
u s p
uX X
u
.yij yO ij /2
u
u iD1 jD1
.15/
RRMSEC D u
uX
p
u s X
2
t
.yij yN j /
iD1 jD1

for which RRMSEC is the relative root mean square
standard error of calibration, yO ij is the neural network
output of unit j and training object I, yij is the
corresponding target value. There are p outputs for the
neural network model and s training objects about the
class mean yO i .
Many neural network models are often overly optimized and do not generalize well, even though monitoring
sets or cross-validation are used. The caveat is that
the prediction and training sets must be well designed
and representative of the specific problem. With poorly
designed training and prediction sets the neural networks will model hidden experimental factors that
correlate with the target properties. A second problem occurs when the prediction set is used to configure
the network – if the prediction set matches the training set too well the ANN model will overtrain, and
if the prediction set is too dissimilar the network will
undertrain.
Latin-partitioning is a useful experimental design
tool for evaluating neural network models, the method
constructs training and prediction set pairs for which each
target object in the data is present once and only once in
the prediction sets..110/ The method randomly partitions
the data so that each target pattern is represented in the
sets with equal proportionality. This method is important
because the composition of the prediction set is a major
source of variation for evaluating neural network models
and by including all objects in the prediction set it will not
be biased.
For quantitative determinations it is also imperative
that the objects fill the sample space. If a neural network is
trained with samples in the concentration range from 0%
to 50% it is unlikely to give accurate estimates for samples
whose concentrations are greater than 50%; that is to say,
the network is unable to extrapolate..109/ Furthermore for
the network to provide good interpolation it needs to be
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trained with a number of samples covering the desired
concentration range..111/
6.5.1 Sensitivity Analysis of Artificial Neural Network
Models
Sensitivity analysis may be used to probe ANN models
and can lead to an understanding as to why they do not
predict or generalize well. Furthermore, interpreting the
sensitivities may lead to an understanding of causal relationships between input and output variables. Kowalski
and Faber proposed methods on the quantitative measurement of sensitivities..112/ Ebhart et al..113/ proposed
three comparable methods to calculate the mean square
sensitivity, absolute value average sensitivity, and maximum sensitivity. Similarly, Howes and Crook.114/ studied
the three types of input influence, namely general influence, specific influence, and potential influence, on the
network output. Most of these studies considered the
effects of weight matrix in multilayer perceptrons (MLPs)
models. Choi and Choi.115/ defined the sensitivity of input
perturbations as the ratio of output error to the standard deviation of each input perturbation, which involves
complex weight calculations. Kovalishyn et al..116/ have
proposed several sensitivity measurements to be used
with cascade-correlation networks (CCNs) for variable
selection. The sensitivity was measured by connection
weights, or the second derivative of the error function
with respect to the neuron weight. It was shown in this
paper, the sensitivities measured from their definition
were not stable with the dynamic growth of the network,
and also sensitive to addition of noise. In Ikonomopoulos’
study of importance of input variables with the wavelet
adaptive neural network, the sensitivity of input variables
was estimated by the ratio of the standard deviations of
the prediction and the altered input..117/ It was found that
with this method, sensitivity measurements were highly
correlated with the input perturbation. Sung derived the
sensitivity coefficient matrix for a backpropagation (BP)
neural network with two hidden layers..118/ Other sensitivity analysis methods based on the input magnitude and
functional measurements have also been proposed..119,120/
Because neural network models are fundamentally
nonlinear, the sensitivity will depend on the input values
from which they are calculated. Harrington et al..121/
proposed using partial derivatives of the neural network
output with respect to the input. They compare the
sensitivity of the average input for each class with the
average sensitivity of each class. This method provides
a method for detecting input variables that are modeled
by higher-ordered functions in the neural network model,
and provides a quantitative measure of the input variables
contribution for each target output. Weight vectors were
not directly involved in the sensitivity measurement.

6.6 Cluster Analyses with Artificial Neural Networks
These analyses fall into the category of unsupervised
learning, in which the relevant multivariate algorithms
seek clusters in the data..90/ Recently there has been an
interest in the use of neural computation methods, which
can perform exploratory data analyses on multivariate
data, the most commonly used are feature or selforganizing maps (SOMs) and auto-associative artificial
neural networks (AAANNs).
6.6.1 Self-organizing Maps
These provide an objective way of classifying data through
self-organizing networks of artificial neurons..122 – 124/
These neural networks are also referred to as Kohonen
ANNs, after their inventor..125/ The SOM algorithm is
very powerful and is now extensively used for data mining,
representation of multidimensional data and the analysis
of relationships between variables..126/
The SOMs used to analyze mass spectra typically
consist of a two-dimensional network of neurons arranged
on a rectangular grid;.127 – 129/ although a variety of output
arrays (Figure 9) and hence neighborhoods are possible.
Consider the situation where a square two-dimensional
Kohonen output layer is used (Figure 9b). Each neuron

(a)

(b)

(c)

Figure 9 Commonly used SOM structures: (a) one-dimensional array, (b) two-dimensional rectangular network, (c) twodimensional hexagonal network. The lines represent the
neighborhoods.
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Two-dimensional Kohonen
layer

Mass spectrometry input layer

Figure 10 A simplified SOM. Nodes in the two-dimensional
Kohonen layer are interconnected with each other (only a few
are shown in this figure), such that an activation node also tends
to activate surrounding nodes (Figure 3). The mass spectral data
are applied to the input layer which activates a node or group
of neighboring nodes in the Kohonen layer (represented here
as having 3 ð 3 nodes).

is connected to its eight nearest neighbors on the grid.
The neurons store a set of weights (a weight vector),
each of which corresponds to one of the inputs in the
data. (Figure 10 shows a diagrammatic representation of
a SOM). Thus, for mass spectral data consisting of 150
quantitative ion intensity measurements at particular m/z
charges, each node stores 150 weights in its weight vector.
Upon presentation of a mass spectrum (represented as a
vector consisting of the 150 ion counts) to the network
each neuron calculates its activation level. A node’s
activation level is defined as Equation (16):
v
u n
uX
t .weight input /2
.16/
i
i

are allowed to adjust their weights are said to belong to
the neighborhood of the winner. The size of the winner’s
neighborhood is varied throughout the training process.
Initially all of the nodes in the network are included in
the neighborhood of the winner but, as training proceeds,
the size of the neighborhood is decreased linearly after
each presentation of the complete training set (all the
mass spectra being analyzed), until it includes only the
winner itself. The amount by which the nodes in the
neighborhood are allowed to adjust their weights is also
reduced linearly throughout the training period.
The factor, which governs the size of the weight
alterations is known as the learning rate and is represented
by a. The iterative adjustments to each item in the weight
vector (where dw is the change in the weight) are made in
accordance with Equation (17):
dwi D

a.wi

ii /

.17/

This is carried out for i D 1 to i D n, where in this case
n D 150. The initial value for a is 1 and the final value is 0.
The effect of the learning rule (weight update algorithm) is to distribute the neurons evenly throughout the
region of n-dimensional space populated by the training
set..122,123,125/ This effect is displayed in Figure 11, which
shows the distribution of a square network over an evenly
populated two-dimensional square input space. The neuron with the weight vector closest to a given input pattern
will win for that pattern and for any other input patterns
that it is closest to. Input patterns that allow the same
node to win are then deemed to be in the same group, and
when a map of their relationship is drawn a line encloses
them. By training with networks of increasing size, a map
with several levels of groups or contours can be drawn.
However, these contours may sometimes cross which

iD0

This is simply the Euclidean distance between the points
represented by the weight vector and the input vector
in n-dimensional space. Thus a node whose weight
vector closely matches the input vector will have a small
activation level, and a node whose weight vector is very
different from the input vector will have a large activation
level. The node in the network with the smallest activation
level is deemed to be the winner for the current input
vector.
During the training process the network is presented
with each input pattern in turn, and all the nodes calculate
their activation levels as described above. The winning
node and some of the nodes around it are then allowed
to adjust their weight vectors to match the current input
vector more closely. The nodes included in the set, which

Increasing number of learning iterations (epochs)

Increasing number of learning iterations (epochs)

Figure 11 Representations of square networks distributed
across an evenly distributed square input space.
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appears to be due to failure of the SOM to converge to
an even distribution of neurons over the input space..130/
Construction of these maps allows close examination of
the relationships between the items in a training set.
A relatively recent paper by Belic and Gyergyek.131/
compared several neural network methodologies for
the recognition of MS data, based on simulated mass
spectra samples and concluded that SOMs could be
recommended for practical use in MS recognition.
Somewhat earlier, however, Lohninger and Stancl.132/
first showed that SOMs were better than k-nearest
neighbor clustering for the discrimination of (real)
mass spectra of steroids from eight distinct classes of
chemical compounds. Goodacre et al. have also exploited
SOMs successfully to carry out unsupervised learning
on pyrolysis mass spectra, and hence the classification
of canine Propionibacterium acnes isolates,.127/ P. acnes
isolated from man,.133/ and plant seeds..128/
6.6.2 Auto-associative Artificial Neural Networks
AAANNs are a neural network-based method again for
unsupervised feature extraction and were pioneered by
Kramer..134,135/ They consist of five layers containing
processing nodes (neurons or units) made up of a layer of
x input nodes, x output nodes (exactly the same as used
in the input layer), and three hidden layers containing
(in the example shown in Figure 12) 7, 3 and 7 nodes
respectively; this may be represented as an x-7-3-7-x
architecture. Adjacent layers of the network are fully

Bottleneck
layer

Mapping
layer

Mass spectrometry input
layer

Demapping
layer

Mass spectrometry output
layer

Figure 12 Architecture of an AAANN consisting of five layers.
In the architecture shown, adjacent layers of the network
are fully interconnected. The input and output layers are
presented with identical mass spectral data. A key feature
of the auto-associative network is the data compression in the
middle (third) bottle-neck layer of three nodes. The second and
fourth layers each consist of seven nodes and these map and
demap the mass spectra allowing feature extraction in the bottle
neck layer.
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interconnected, and the algorithm used to train these
neural networks is the standard BP..136 – 138/ As these
neural networks are auto-associative in nature, that is
to say, during training the input and output layer are
presented with identical multivariate data, a key feature
of these networks is the data compression in the middle
(third) bottle-neck layer of three nodes. The second and
fourth layers each consist of nodes that map and demap
the multivariate data, allowing feature extraction in the
bottle-neck layer. Moreover this is equivalent to nonlinear
PCA..134,135/ After training, each of the multivariate data
used to train the AAANN is applied in turn to the input
layer and the overall activation on the three nodes in the
bottle-neck layer calculated. Plots of the activations of
the nodes in the bottle-neck layer therefore allow clusters
to be found in the data.
With reference to MS these AAANNs have only been
applied to PyMS, to effect exploratory cluster analyses for
the classification of plant seeds.128/ and for the authentication of animal cell lines..139/ In the latter study this method
of nonlinear PCA was particularly useful because the clusters observed were comparable with the groups obtained
from the more conventional statistical approaches of hierarchical cluster analysis. This approach could detect the
contamination of cell lines with low numbers of bacteria
and fungi, and may plausibly be extended for the rapid
detection of mycoplasma infection in animal cell lines.
Elsewhere, within spectroscopy, AAANNs have been
used to reduce the dimensionality of the infrared (IR)
spectra of polysaccharides and hence extract spectral
features due to polysaccharides,.140/ to detect plasmid
instability using on-line measurements from an industrial
fermentation producing a recombinant protein expressed
by Escherichia coli,.141/ and for knowledge extraction
in chemical process control..142/ An optimal associative
memory (OAM) was developed for removing backgrounds from mid-IR spectra..143,144/ The memory stores
reference spectra and generates a best-fit reference spectrum when a sample IR scan is input. This method
was extended to a fuzzy optimal associative memory
(FOAM) by implementing fuzzy logic to near-IR spectra
and was applied to calibration models of glucose in bovine
plasma..145/
6.7 Supervised Analysis with Artificial Neural Networks
As discussed above when the desired responses (targets)
associated with each of the inputs (spectra) are known,
the system is referred to as supervised. ANNs are very
powerful at finding a mapping that will correctly associate
mass spectra with known targets; these targets may be the
identity of something, or be the quantitative amount
of a substance. The two most exploited of the neural
computational methods for these purposes are MLPs,
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Figure 13 Binary encoding the five nodes in the output layer
on a MLP or radial basis function trained to classify one of five
substances i – v.
(a)

using standard BP of error, and radial basis function
neural networks (RBFs).
In MLPs and RBFs that are to be trained for identification purposes the training data used to calibrate the
model (as detailed above) consist of (a) a matrix of s rows
and n columns in which s is the number of objects and n
the number of variables, and (b) a second matrix, again
consisting of s rows and the same number of columns as
there are classes to be identified. For identification these s
rows are binary encoded as shown in Figure 13; these are
the result(s) wanted and for which the training set have
actually been determined by classical identification methods, and are always paired with the patterns in the same
row in (a). Once trained, new input data can be passed
through these ANNs, and the identities read off easily
because a tabular format is employed in the classification
encoding. Alternatively, for quantification purposes the
output node (or nodes) would encode the amount of the
substance(s) (in a mixture) that had been analyzed.
The following texts and books are recommended
introductory texts to ANNs..104,106,108,123,136,137,146 – 154/
The following section briefly describes the salient features
of both MLPs and RBFs.
6.7.1 Multilayer Perceptrons
The structure of a typical MLP is shown in Figure 14(a)
and consists of three layers: MS data as the input layer,
connected to an output layer encoded for identification
or quantification purposes, via a single hidden layer.
Each of the input nodes are connected to the nodes of the
hidden layer using abstract interconnections (connections
or synapses). These connections each have an associated
real value, termed the weight (wi ), that scales the input
(ii ) passing through them, this also includes the bias (#),
which also has a modifiable weight. Nodes sum the signals
feeding to them (Net; Equation 18):
Net D i1 w1 C i2 w2 C i3 w3 C Ð Ð Ð C ii wi C Ð Ð Ð C in wn
n
X
D
ii wi C #
.18/
iD1

in

i1

o1

i2

o2

i3

(b)

in

Figure 14 (a) A MLP neural network consisting of an input
layer connected to two nodes in the output layer by a hidden
layer (also containing two nodes). In the architecture shown,
adjacent layers of the network are fully interconnected although
other architectures are possible. Nodes in the hidden and output
layers consist of processing elements which sum the input
applied to the node and scale the signal using a sigmoidal logistic
squashing function; also shown in squares is the bias. (b) RBFs
consisting of an input layer connected to two nodes in the output
layer by a hidden layer (also containing two nodes). The hidden
layer consists of radially symmetric Gaussian functions.

The sum of the scaled inputs and the node’s bias, are then
scaled to lie between 0 and C1 by an activation function
to give the nodes output (Out); this scaling is typically
achieved using a sigmoidal (logistic) squashing function
(Equation 19):
Out D

1
.1 C exp

Net /

.19/

These signals (Out) are then passed to the output nodes
which sums them and in turn squashes this summation by
the above sigmoidal activation function; the product of
this node is then fed to the outside world.
For the training of the MLP the algorithm used most
often is standard BP..104,136 – 138,155/ Briefly when the input
is applied to the network, it is allowed to run until an
output is produced at each output node. The differences
between the actual and the desired output, taken over the
entire training set are fed back through the network in
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the reverse direction to signal flow (hence BP) modifying
the weights as they go. This process is repeated until a
suitable level of error is achieved.
One reason that MLPs are so attractive for the analysis
of multivariate (spectral) data is that it has been shown
mathematically.156 – 161/ that an MLP neural network
consisting of only one hidden layer, with an arbitrarily
large number of nodes, can learn any, arbitrary (and
hence nonlinear) mapping of a continuous function to an
arbitrary degree of accuracy.
Counter-propagation neural networks use a Kohonen
hidden layer that is coupled to a Grossberg output layer.
These networks are hybrid in that the output layer trains
by supervised delta learning and the input is unsupervised. These networks were the early precursors to the
radial basis function networks. Harrington and Pack.162/
modified the counterpropagation training algorithm so
that both hidden and output layers were concomitantly
optimized.
Training MLP networks is a very inefficient process,
because all processing units are adjusted simultaneously.
In addition, the number of hidden units and layers must
be configured before training. The CCN developed by
Fahlman and Lebiere.163/ overcomes these limitations.
They add hidden units as needed to reduce the calibration
error. The CCN only adjusts a single processing unit or
neuron at a time, and therefore trains faster than BP
networks.
The problem with the perceptron model is that typically
if the spectra form clusters in the data space, there are an
infinite set of weight vectors orientations that will furnish
zero calibration errors regardless of the dimensionality of
the input data. A solution to this problem is to constrain
the perceptron model. Temperature constraints that originated with the minimal neural network (MNN),.164/ were
implemented in BP neural networks with a single global
temperature,.165/ and local temperature constraints for
individual perceptrons in the CCNs..166/ The temperature
relates to the thermodynamic temperature employed in
other methods such as simulated annealing (reference),
and controls the magnitude of the weight vector length
(i.e. w in Equation 3). The networks are trained so that
the magnitude of first derivative of the objective function
(e.g. error in BP and covariance in CCN) is maximized
with respect to temperature. This constraint ensures that
the derivative of the weight vector is large, to facilitate
the training rate and the output of the perceptron remains
continuous, which improves the reproducibility and the
generalization capability of the networks.
6.7.2 Radial Basis Functions
By contrast, RBFs are hybrid neural networks encompassing both unsupervised and supervised learning..108,167 – 173/

They are also typically three-layer neural networks and,
in essence, the sigmoidal squashing function is replaced
by nonlinear (often either Gaussian or Mexican hat) basis
functions or kernels (Figure 14b). The kernel is the function that determines the output of each node in the hidden
layer when an input pattern is applied to it. This output
is simply a function of the Euclidean distance from the
kernel centre to the presented input pattern in the multidimensional space, and each node in the hidden layer
only produces an output when the input applied is within
its receptive field; if the input is beyond this receptive field
the output is 0. This receptive field can be chosen and
is radially symmetric around the kernel centre. Between
them the receptive fields cover the entire region of the
input space in which a multivariate input pattern may
occur; a diagrammatic representation of this is given in
Figure 15, where a two-dimensional input is mapped by
eight radially symmetric basis functions. This is a fundamentally different approach from the MLP, in which each
hidden node represents a nonlinear hyperplanar decision
boundary bisecting the input space (Figure 15a). Thus
RBFs have the advantage over gradient descent MLPs in
that they have the ability to learn any arbitrary nonlinear mapping of a discontinuous function to an arbitrary
degree of accuracy..108,155,167/
The outputs of the RBF nodes in the hidden layer
are then fed forward via weighted connections to the
nodes in the output layer in a similar fashion to the MLP,
and each output node calculates a weighted sum of the
outputs from the nonlinear transfer from the kernels in
the hidden layer. The only difference is that the output
nodes of an RBF are normally linear, whilst those of
the MLP more typically employ a sigmoidal or logistic
(nonlinear) squashing function.
Thus in the RBF training proceeds in two stages.
Stage 1 involves unsupervised clustering of the input data,
typically using the K-means clustering algorithm.90,172,174/
to divide the high-dimensional input data into clusters.
Next, kernel centers are placed at the mean of each
cluster of data points. The use of K-means is particularly
convenient because it positions the kernels relative to the
density of the input data points. Next the receptive field
is determined by the nearest neighbor heuristic where rj
(the radius of kernel j) is set to the Euclidean distance
between wj (the vector determining the centre for the
jth RBF) and its nearest neighbor (k), and an overlap
constant (Overlap) is used (Equation 20):
rj D Overlap ð min.jjwj

wk jj/

.20/

where jj Ð Ð Ð jj denotes a vector norm, or Euclidean
distance. The overlap that often gives best results is
where the edge of the radius of one kernel is at the centre
of its nearest neighbor..170/
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Boundary represented by a
single node in the hidden layer

regression method..101/ Wan and Harrington used SVD
regression and reported a self-configuring RBF network
that optimizes the number of kernel functions..175/
6.8 Applications of Artificial Neural Networks to
Pyrolysis Mass Spectrometry
PyMS involves the thermal degradation of nonvolatile
complex molecules (such as bacteria) in a vacuum causing
their cleavage to smaller, volatile fragments, separable
by a mass spectrometer on the basis of their m/z..91/
The PyMS method allows the (bio-)chemically-based
discrimination of microbial cells (and other organic
material) and produces complex biochemical fingerprints
(i.e. pyrolysis mass spectra) which are distinct for different
bacteria. It is the automation of the instrumentation and
ease of use that has lead to the widespread exploitation
of PyMS as a taxonomic tool for whole-organism
fingerprinting..86,176/ The analytically useful multivariate
data (Figure 16) are typically constituted by a set of 150
normalized intensities versus m/z in the range 51 to 200,

Decision
boundary

(a)

Kernel centre

10
8
6

Figure 15 (a) Typical decision boundary for a classification
problem created between two data classes by a MLP with two
nodes in the hidden layer, for two input nodes. Each hidden node
represents a nonlinear hyperplanar boundary and the node(s)
in the output layer interpolate this to form a decision boundary.
(b) The same classification problem modeled by eight radially
symmetric basis functions. The width of each kernel function
(referred to as its receptive field) is determined by the local
density distribution of training examples.

The output from nodes in the hidden layer is dependent
on the shape of the basis function and the one used was
that of the Gaussian. Thus this value (Rj ) for node j
when given the ith input vector (ii ) can be calculated by
(Equation 21):
Rj .ii / D e

.i2i /rj2 /

.21/

Stage 2 involves supervised learning using simple linear
regression. The inputs are the output values for all n basis
functions (R1 Rn ) for all the training input patterns
to that layer (i1 in ), and the outputs are identities
binary encoded as shown in Figure 13. More recently,
Walczak and Massart have used PLS as the linear
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Figure 16 Pyrolysis mass spectra: (a) the bacterium Bacillus
cereus DSM 31; (b) the simple (bio)chemical caffeine.
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and these are applied to the nodes on the input layers
of ANNs.
The first demonstration of the ability of ANNs to
discriminate between biological samples using their
pyrolysis mass spectra was for the qualitative assessment
of the adulteration of extra virgin olive oils with various
seed oils;.177,178/ in this study, which was performed
double-blind, neural networks were trained with the
spectra from 12 virgin olive oils, coded ‘1’ at the output
node, and with the spectra from 12 adulterated oils,
which were coded ‘0’. All oils in the test were correctly
identified; in a typical run, the virgins were assessed with
a code of 0.99976 š 0.000146 (range 0.99954 1.00016)
and the adulterated olive oils in the test set with a code
of 0.001079 š 0.002838 (range 0.00026 0.01009). This
permitted their rapid and precise assessment, a task which
previously was labour intensive and very difficult. It was
most significant that the traditional unsupervised MVA of
PCA, DFA and HCA failed to separate the oils according
to their virginity or otherwise, but rather discriminated
them on the basis of their cultivar (that is to say, the
biggest difference in the mass spectra was due to the type
of olive tree that the fruit came from, rather than the
adulterant).
The use of PyMS with MLPs for the analysis of
foodstuffs is becoming widespread.179/ and has been investigated for identifying the geographical origin of olive
oils,.180/ for the characterization of cocoa butters.181,182/
and milk,.183,184/ classification of pork backfat.185/ and
European wines,.186/ for differentiating between industrially made vinegar ‘Aceto Balsamico di Modena’
and traditionally produced vinegar ‘Aceto Balsamico
Tradizionale di Modena e di Reggio Emilia’,.187/ for
detecting the adulteration of orange juice,.188/ and for
detecting caffeine in coffee, tea and cola drinks..189/
Several studies have also shown that this combination of PyMS and MLPs are also very effective for the
rapid identification of a variety of bacterial strains of
industrial, clinical and veterinary importance..87,190/ For
example, this approach has allowed the propionibacteria
isolated from dogs to be correctly identified as human
Propionibacterium acnes,.127/ for detecting Escherichia
coli isolates which produced verocytotoxins,.191/ for distinguishing between Mycobacterium tuberculosis and
M. bovis,.192/ and for identifying streptomycetes recovered from soil,.193 – 195/ oral abscess bacteria,.196/ and
fungi belonging to the genus Penicillium which were
associated with cheese..197/ An example of the highly
discriminatory nature of MLPs is that one can even
use them to differentiate between methicillin-susceptible
and methicillin-resistant Staphylococcus aureus;.198/ the
relevant difference is an alteration in a single penicillinbinding protein..199,200/ Similarly, MLPs can be used to
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discriminate the physiological difference between sporulated and vegetative Bacillus species,.201/ and differentiating the verocytotoxin production status in Escherichia
coli..191/
RBF have been rather less widely applied to the analysis
of mass spectral data. Kang et al..202,203/ have exploited
RBFs to detect physiological changes in industrial
fermentations of Streptomyces species, whereas Goodacre
et al..204/ have used RBFs for the identification of common
infectious agents associated with urinary tract infection
from their MS, IR, and Raman spectra.
An analytical expression for the derivatives of the
entropy function for MNNs was derived..205/ This expression was implemented for classifying pyrolysis MS/MS
data and the results were compared to those obtained
from a BP/ANN..206/ The MNNs differ from BP/ANNs
in that they use localized processing and build classification trees with branches composed of multiple processing
units. A global entropy minimization may be achieved
at a branch by combining the processing logic using
principles from fuzzy set theory. Weight vectors are
adjusted using an angular coordinate system and gradients of the fuzzy entropy function. The branches are
optimal with respect to fuzziness and can accommodate
nonlinearly separable or ill-conditioned data. The most
significant advantage of the MNNs is that relations among
the training data and the mechanism of inference may
be directly observed; thus rule-based classification trees
have been constructed from the mass spectral daughter
ions to discriminate between diesel smoke, dry yeast,
Escherichia coli, MS-2 coliphage, grass pollen, Bacillus subtilis, fog oil, wood smoke, aldolase and Bacillus
globigii..206/
6.8.1 Classification and Qualitative Analysis of Mass
Spectra
ANNs may be used to construct classification models from
mass spectra. Once the classification models are built they
may be used to rapidly screen large collections of mass
spectra. The earliest application of perceptron models was
applied to substructure recognition from mass spectra..207/
MLPs were first employed for recognizing functional
groups from large collections of mass spectra by Curry
and Rumelhart..208/ Werther et al..209/ demonstrated that
classifiers based on RBF were better at recognizing functional groups than soft independent models for class
analogies (SIMCA.210/ ), K-nearest neighbors,.211/ and linear discriminant analysis.212/ from mass spectra..209/ The
combination of separation stages to mass spectrometers,
such as chromatographic and electrophoretic, furnishes
large collections of mass spectra. A fuzzy rule-building
expert system (FuRES) was applied to screening GC/MS
data of plastic recycling products..213/ The ES was capable
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of classifying each mass spectral scan of the chromatographic run by degree of unsaturation (i.e. alkane, alkene,
and diene) and furnished a separate chromatogram for
each of the three classes. A FuRES has also been used to
classify pyrolysis mass spectra.214/ and IR spectra..215/
Temperature-constrained cascade correlation networks (TCCCNs) were applied to the screening of GC/MS
pesticide data. Substructures and toxicity ANN models
were built for organophosphorus pesticides and applied
to screening GC/MS data..216/ The TCCCN was applied to
recognizing substructures of carbamates pesticides, and
reported the Latin-partition method for evaluating ANN
models..110/
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All the above studies have been classification problems but perhaps the most significant application of
ANNs to the analysis of MS data is to gain accurate and precise quantitative information about the
chemical constituents of microbial samples. For example, it has been shown that it is possible using this
method to measure the concentrations of binary and tertiary mixtures of cells of the bacteria Bacillus subtilis,
Escherichia coli, and Staphylococcus aureus..107,149,217/
With regard to biotechnology, the combination of PyMS
and ANNs can be exploited to quantify the amount
of mammalian cytochrome b5 expressed in Escherichia
coli,.218/ and to measure the level of metabolites in
fermentor broths..87,219/ In related studies Penicillium
chrysogenum fermentation broths were analyzed quantitatively for penicillins using PyMS and ANNs,.220/ and
this approach has also been used to monitor Gibberella
fujikuroi fermentations producing gibberellic acid.221/ and
quantify the level of clavulanic acid produced by Streptomyces clavuligerus,.203/ and to quantify the expression
of the heterologous protein a2-interferon in Escherichia
coli..222/ These and related chemometric approaches have
been extended to work with a variety of high dimensional spectroscopic methods,.223/ including those based
on IR,.222,224/ Raman,.221,225/ dielectrics,.226/ and flow cytometric measurements..227/

over 30 days), PyMS has really been limited within clinical
microbiology to the typing of short-term outbreaks where
all micro-organisms are analyzed in a single batch..86,228/
After tuning the instrument, to correct for drift one
would need to analyze the same standards at the two
different times and use some sort of mathematical
correction method. This could simply be subtracting the
amount of drift from new spectra collected; however, this
assumes that the drift is uniform (linear) with time, which
is obviously not the case. This method also relies on the
variables (characters) being void of noise, which is also not
the case. An alternative method would be to transform
the spectra to look like the spectra of the same material
previously collected using a method that was (a) robust to
noisy data and (b) able to perform nonlinear mappings.
ANNs carry out nonlinear mappings, while being able to
map the linearities, and are purported to be robust to
noisy data. These mathematical methods are therefore
ideally suited to be exploited for the correction of mass
spectral drift.
Goodacre and Kell.229,230/ have found that neural networks can be used successfully to correct for instrumental
drift; identical materials were analyzed by PyMS at dates
from 4 to 20 months apart, but neural network models produced at earlier times could not be used to give
accurate estimates of determinand concentrations or bacterial identities. Calibration samples common to the two
datasets were run at the two times, and ANNs set-up in
which the inputs were the 150 new calibration masses and
the outputs were the 150 calibration masses from the old
spectra. Such associative nets could thus be used as signalprocessing elements to effect the transformation of data
acquired one day to those that would have been acquired
on a later date. A further study.231/ has shown that one
can also affect calibration transfer between laboratories
using this approach. These results show clearly that for
the first time PyMS can be used to acquire spectra which
could be compared to those previously collected and held
in a database. It should seem obvious that this approach
is not limited solely to PyMS but is generally applicable
to any analytical tool which is prone to instrumental drift
(which cannot be compensated for by tuning).

6.8.3 Instrument Reproducibility

6.9 Concluding Remarks

For MS to be used for the routine identification of microorganisms new (spectral) fingerprints must be able to
be compared to those previously collected. However,
the major problem with most analytical instruments is
that long-term reproducibility is poor and interlaboratory
reproducibility abysmal, and so the biochemical or genetic
fingerprints of the same material analyzed at two different
times are different. Because of the uncertainties over the
long-term reproducibility of the PyMS system (defined as

Within MS the move from a stare-and-compare approach
to the analysis of highly dimensional multivariate data
necessitates the use of chemometrics; particularly when
quantitative information is sought from biological systems. The application of ANNs for quantitative and
qualitative analyses is becoming more accepted within
MS, especially because these neural computational methods clearly present themselves as extremely powerful and
valuable tools for the analysis of complex data.

6.8.2 Quantitative Analysis with Artificial Neural
Networks
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7 OPTIMIZATION TECHNIQUES IN MASS
SPECTROMETRY
7.1 Introduction
Parameter optimization is often required in MS. It can
be employed in the design of the instrument, tuning of
conditions during operation, or calibration of mass scales
in data analysis. Good sources of information on general
optimization techniques are readily available..232 – 235/
Therefore, a specific example is provided, illustrating how
optimization is advancing MS capability. This example
is the application of simplex optimization to mass
calibration in TOF instruments.
The simplex method is one of the most popular of several mathematical techniques for optimizing multivariate
systems. Developed in 1947, it is composed of successive
tests and variation of independent parameters until the
system is determined to be unbounded or optimized..234/
Whereas the original method used a graphical representation, current methods rely on high-speed computing.
The advances in computers allow the determination of
optimal conditions in complicated systems involving a
large number of independent parameters.
7.2 Time-of-flight Mass Spectroscopy Mass Calibration
Because of its simplicity and unlimited mass range, TOF
instrumentation is particularly well-suited for the analysis
of MALDI and electrospray-generated macromolecular
ions. Recent advances in TOF technology have facilitated
the attainment of high resolution in MALDI/TOF
experiments,.236 – 239/ but the method’s utility critically
depends on its ability to measure ion masses accurately.
An ion’s flight time can be expressed as an exact function
of its mass if information about its formation time,
location, and initial velocity is available. Most often, this
relationship is expressed to some level of approximation.
To zeroth order, the TOF is given by Equation (22):
TOF D k ð mass1/2

.22/

This is accurate only when ions are formed with zero initial
velocity. Non-zero initial velocities introduce significant
complications in the relationship between TOF and mass.
It is currently popular to express TOF as a multiterm
polynomial function of mass..240 – 242/ In this expansion
the mass1/2 term is a dominant contributor, but additional
terms are needed to produce accurate results. An infinite
series is needed to reach arbitrary accuracy. In the
polynomial curve-fitting approach, mass spectra of a
variety of known calibrant samples are recorded, ion
flight times are measured and the coefficients in the
polynomial relating TOF to mass are derived using a leastsquares minimization routine. When other samples of
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known mass are introduced into the instrument and their
masses are derived using the polynomial relationship,
mass accuracies in the parts per million realm have been
demonstrated..243/ Nevertheless, to achieve high-quality
results with this method, it is necessary that the masses to
be measured are near those of calibrants and it is best if
they are bracketed by the latter. Attempts to extrapolate
the mass calibration over a range that extends beyond
that of the calibrants generally leads to poor results.
As an alternative to fitting TOF to an arbitrary polynomial function of mass, it is possible to use elementary
physics to calculate the flight times of ions based on
instrumental voltages, distances and other operating
parameters. Besides not using arbitrary parameters, this
approach incorporates the correct physical relationship
between TOF and mass, and thus it should extrapolate
more accurately into mass regions that are far from the
calibrants. Although the merits of this approach are easy
to envisage, the stumbling block to its use may be equivalently obvious. For ions initiating their trajectories in a
TOF instrument with nonzero velocities, being accelerated in more than one field, drifting in a field-free region
and, possibly being postaccelerated or decelerated, the
relationship between TOF and mass contains a number
of parameters whose exact values are not known well
enough to provide the basis for an accurate mass calibration equation. For example, suppose that a singly charged
lysozyme ion having a mass of 14 306 Da is accelerated
to 20 keV total energy and drifts through a 1.00 m long
field-free flight tube. The overall flight time is calculated
to be 67 147.2 ns. An error in the high voltage of 10 V
leads to a flight time shift of 15 ns. Likewise, an error in
the drift tube length of 0.3 mm corresponds to a time shift
of 18 ns. These numbers are equivalent to mass errors of
6.5 and 7.8 Da or 460 and 550 parts per million, respectively. Fortunately, accurate values for these imprecisely
known instrument parameters can be derived through
a simplex optimization procedure. This leads to both a
mass calibration equation and a computationally accurate
description of the instrument.
7.2.1 Use of the Simplex Algorithm
The minimization used in the simplex algorithm involves
computing residual errors between an array of experimental and calculated flight times. The algorithm reiteratively
optimizes the instrument parameters in order to minimize the difference between experimental flight times and
those calculated using values of the instrument parameters. Any residual error function may be used in the
minimization routine. For example, the sum of the squares
of differences between experimental and calculated flight
times has been used. Two of the input parameters needed
by the Simplex algorithm are the characteristic length vector and the fit tolerance. Vector components are typically
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matched to measurement uncertainties. The fit tolerance
represents the desired conditions for termination of the
optimization and is based on expected error between
experimental and optimized calculations. Too small a
value increases the iterative requirements of the calculation; too large a number causes the simplex navigation to
terminate before a minimum is found.
The Simplex calculation constrains ion behavior to
physically meaningful values as it is based on exact
electrostatic equations. The significance of this can best be
demonstrated through direct comparison with the curvefitting approach to mass calibration. Theoretical flight
times for 101 ions having masses between 100 and 1100 Da
are initially computed using the exact electrostatic TOF
expression. When the resulting flight times are fitted to
an optimized three- or five-term polynomial function of
mass, the residual errors are rather small, as displayed by
the curves in Figure 17. Note that the scale of this graph is
rather expanded. However, when the Simplex algorithm
is employed for the same purpose, the calibration is seen
to be noticeably improved. Although curve-fitting with an
n-term polynomial exactly matches the theoretical data
at the n points, discrepancies can be noted between these
points. Furthermore the exact electrostatic calculations
and the fitted polynomial diverge significantly at masses
on the low and high ends of the calibration range. The
quality of results obtained by curve-fitting does vary
0.04

0.03

Three
term

Fit error (Da)

0.02

Five
term

0.01

depending on the polynomial function form and in some
cases can match that attained by Simplex. However, the
general trends just noted are still observed.
An alternative way to compare the capabilities of
Simplex-based mass calibration with the curve-fitting
approach is to examine experimental data. A particularly interesting case involves a sample containing a
mixture of alkylthioate-coated gold nanoparticles. The
challenging aspect of this calibration problem is that
gold nanoparticles are laser-desorbed and ionized without being incorporated into a matrix..244/ Consequently,
the resulting ions have a velocity distribution that is not
characteristic of MALDI ions. In fact, gold nanoparticle ions have lower desorption velocities than their
MALDI counterparts. Unfortunately, in the 10 – 20 kDa
mass range, the most familiar mass calibration standards
are MALDI-generated protein ions. Thus, an inherent
incompatibility between sample and calibrants exists.
To deal with this, the parameters chosen for simplex
optimization must be carefully chosen. In general, the
best ones to optimize are those that are subject to the
largest measurement error. Extraction voltage, the ion
drawout pulse delay, and the length of the flight tube
are all obvious choices. Optimization of this collection of
parameters normally yields an accurate mass calibration
for a mixture of peptides for which a typical initial ion
velocity is 600 m s 1 . However, for the gold sample, the
Simplex optimization would not converge when ions were
assigned this initial velocity. If the initial gold nanoparticle ion velocity is changed to 100 m s 1 , the algorithm
does converge, leading to RMS mass errors for about 30
ion peaks of 0.24 Da. This corresponds to 17 ppm error,
which is respectable considering the velocity differences
between MALDI-generated protein ions and gold ions.
It is noteworthy that in this example, the Simplex algorithm provided more than just a means to perform mass
calibration. It also yielded information about the average
velocity with which the nanoparticles desorbed.
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0.00

7.2.2 Mass Calibration Extrapolation
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Figure 17 Comparison of polynomial curve fitting and simplex
optimization mass calibration approaches when applied to
theoretical data.

As noted above, calibration of most mass spectra is
performed by surrounding the peaks of interest with a
good set of known standards. It may seem unreasonable
to expect a calibration method to remain accurate in
mass regions extrapolated beyond the range of the
calibrants. However, this is one of the virtues of the
simplex approach. Six peaks in the gold nanoparticle
mass spectrum were used to calibrate the spectrum. As
displayed in Figure 18, a five-term polynomial curve fit
established an acceptable relationship between masses
and flight times for ions in the 13 – 14 kDa range. The
simplex approach performed comparably well within this
range. However, at masses below 13 kDa or above 14 kDa,

31

ARTIFICIAL INTELLIGENCE AND EXPERT SYSTEMS IN MASS SPECTROMETRY

ESI
FA
FAB/MS

8

Error in fit (amu)

6

Curve fit

4

FOAM
FTMS
FuRES
GC
GC/MS

Calibrant range

2
0
−2

Simplex optimization

HPLC
14 600

14 400

14 200

14 000

13 800

13 600

13 400

13 200

13 000

12 800

12 600

−4

Actual mass (amu)
Figure 18 Comparison of polynomial curve fitting and simplex
optimization mass calibration approaches when applied to
experimentally measured gold nanoparticle mass spectra.

the high-order polynomial curve clearly changes slope and
errors relative to the exact TOF calibration and the more
realistic Simplex curve increase dramatically.
7.2.3 Conclusions
In summary, a simplex approach to calibrate
MALDI/TOF mass spectra appears to be both robust
and easily executed. It yields results that are comparable
to those obtained with polynomial curve fitting for routine
applications, and it excels under more difficult situations
such as when samples and calibrants are fundamentally
different, when calibrant peaks are incorrectly assigned,
or when the mass range of interest must be extended
beyond that of the calibrants. It should therefore be of
utility in a wide variety of applications.
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