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ABSTRACT
ALGORITHMS FOR INTERPRETATION OF MS/MS DATA FOR
CHEMICAL STRUCTURE ELUCIDATION
By

Peter T. Palmer

Several pattern recognition and artificial intelligence methodologies
have been developed for structure elucidation from MS and MS/MS data.
Together, they form an integrated set of software tools called ACES
(Automated Chemical structure Elucidation System). Components of
ACES include MAPS (Method for Analyzing Patterns in Spectra), which is
used for substructure identification, the MFG (Molecular Formula
Generator) program, which is used for generation of molecular formulae,
and GENOA, which is used for structure generation.

A set of standard conditions has been identified and used to collect
a database of MS/ MS spectra. This database is used by MAPS to identify
spectral feature/substructure relationships. These relationships are
utilized to formulate inclusion and exclusion rules, which can be used to
predict the presence and absence of substructures in unknowns. The
different criteria which exist for predicting the presence and absence of
substructures have been identified and employed for the optimization of
both rule types. The resulting rules are characterized by high recall and
low false positives, and thus can be of great utility in the structure
elucidation of unknowns. A heuristic search algorithm has been
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developed to identify combinations of individual spectral features for

even more reliable substructure identification.

As a further aid for structure elucidation, a methodology has been
developed to facilitate the determination of molecular formulae through
the use of unit resolution MS and MS/MS data. This methodology
exploits MS and MS/MS isotopic ratio data and substructures identified
by MAPS to formulate elemental composition constraints. The
composition data and molecular weight information are then entered as
input to the MFG program which generates all possible formulae
consistent with these constraints. Given sufficient constraints, the list of

candidate formulae can often be reduced to a single formula.

ACES is the first automated structure elucidation system based on
MS/MS data. As opposed to spectral matching methods, ACES is an
interpretive approach which does not require the spectra of a given
unknown to exist in any library. In principle, an unlimited number of
compounds can be 1dent:llﬁed through the use of a rule base for a few
hundred substructures.



Copyright by
Peter T. Palmer

1988



If the greatest achievement is incomplete, then its usefulness is
unimpaired.

Lao Tzu
Tao Te Ching

The time will come when diligent research over long periods will bring to
light things which now lie hidden. ... There will come a time when our
descendants will be amazed that we did not know things that are so
plain to them ... Mz:llhv discoveries are reserved for ages still to come,
when memory of us have been effaced. Our universe is a sorry little
affair unless it has in it something for every age to investigate ... Nature
does not reveal her mysteries once and for all.

Seneca
Natural Questions

We do not ask for what useful purpose the birds do sing, for their song is
their pleasure since they were created for singmti. Similarly, we ought
not to ask w%y; the human mind troubles to fathom the secrets of the
heavens. ... e diversity of the phenomena of Nature is so great, and
the treasures hidden in the heavens so rich, precisely in order that the
human mind shall never be lacking in fresh nourishment.

Johannes Keger
Mysterium Cosmographicum

The essential point in science is not a complicated mathematical
formalism or a ritualized explanation. Rather the heart of science is a
kind of shrewd honesty that springs from really wanting to know what
the hell is going on!

Saul-Paul Sirag

That which does not kill us makes us stronger.
Nietzsche
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CHAPTER 1
STRUCTURE ELUCIDATION FROM MS AND MS/MS DATA

Introduction

The determination of molecular structures is a fundamental
problem posed to chemistry, biology, and many other disciplines. Mass
spectrometry (MS) has long been recognized as a powerful tool for
structure elucidation. It is one of the oldest analytical techniques and
was first employed in 1913 by J. J. Thomson to demonstrate that neon
consists of more than one isotope (1). However, mass spectrometry did
not become a general tool for structure elucidation until the 1960’s. A
key to this development was the growth of GC/MS as an automated
mixture analysis technique. In recent years there has been tremendous
growth in the so-called hyphenated techniques (2). Mass spectrometry
has played no small role in this growth, and the success of GC/MS has
spearheaded the "marriages” of other techniques with mass spectrometry
such as LC/MS, SFC/MS, MS/MS, MS/MS/MS, and recently
GC/IR/MS.

There has been considerable interest over recent years in
advancing the state of automated structure elucidation. This has to
some extent been a necessary reaction to the growth of hyphenated

techniques, improvements in data collection speeds, and the ever-



2

increasing ability of instrumentation to generate large quantities of
multidimensional data. The sheer volume of data produced by such
techniques mandates some automated method for extracting structural
information. With such multidimensional instrumentation becoming
more common, one can expect that traditional structure elucidation tools
and human experts will fail to extract all the valuable analytical
information within a reasonable time interval. Thus, the development of
new automated structure elucidation procedures has become a priority.
This chapter begins with an overview of the various approaches for
automated structure elucidation using mass spectral data. These
approaches can be categorized as direct or indirect database methods (3),
as shown in Figure 1.1. Although it is useful to distinguish between
spectral matching, pattern recognition, artificial intelligence, and spectral
simulation approaches, specific structure elucidation systems may
straddle these categories, as will be seen later. The advantages and
disadvantages of these different approaches are discussed. Next, the
utility of MS/MS data is evaluated and contrasted to MS data for
structure elucidation. Lastly, the structure generator GENOA and two
separate systems developed in our laboratories for automated structure

elucidation from MS/MS data are described.

Direct Database Methods

Direct database methods, commonly referred to as library

searching or spectral matching methods, are widely used for spectral
interpretation. They require a database or library of reference spectra
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Figure 1.1 Classification of automated structure
elucidation techniques into direct and indirect
database methods.
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along with some means for comparing sample and reference spectra.
Many different approaches to spectral matching of MS data have been
discussed in the literature, including the Biemann method (4), the
SISCOM system developed by Henneberg and coworkers (5,6), and the
LIANEL and MSSMET systems developed by Sweeley’s group (7.8).
Perhaps the most well-known matching system for MS data is the
probability-based matching (PBM) system developed by McLafferty’s
group (9).

The available methods for spectral matching differ in their
algorithms for data encoding and comparison. The method used for
encoding determines which data from reference spectra are used in the
search. The Biemann method, for example, retains only the two most
intense peaks in each 14 u window for the search (4). The comparison
algorithm defines the criteria used to match the sample and reference
spectra and determines the degree of correspondence between them. The
PBM system, for example, weights the significance of peaks in inverse
proportion to their frequency of occurrence in the database. Thus, peaks
which occur less frequently are more significant in distinguishing
between spectra. Comparison algorithms can be classified as forward
(10,11) or reverse search (12). The objective of a forward search is to
retrieve the reference spectra which are most similar to the sample
spectrum. In a reverse search, the matching process is driven entirely by
the data in the sample spectrum which are also present in reference
spectra. Thus, reverse search algorithms tend to ignore spurious peaks
in sample spectra due to impurities and other spectral distortions. There
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are several excellent reviews which compare and contrast different mass
spectral matching schemes (6,13,14).

Considering that Chemical Abstracts Services currently recognizes
over seven million different organic compounds, the most serious
drawback to any spectral matching method is that no library can ever be
complete. Other disadvantages associated with spectral matching
methods are that (i) in certain cases, large libraries of mass spectra are
required, (ii) the search time increases as the library size increases, and
(ii1) incorrect identifications and ambiguous hit lists become more
common as the library size increases. These faults may be due to the
nature of the matching algorithm itself, the use of an abbreviated
database, contamination in either the sample or reference spectra, the
use of different instrumental parameters or instruments for sample and
reference spectra, or the inadequacy of even perfect spectra to
distinguish between closely related structures.

Spectral matching has become a mature technique for spectral
interpretation and further improvements may be limited in scope. The
increasing use of fourier transform mass spectrometry and double
focusing instruments has led to the generation of high-resolution mass
spectra on a routine basis. Spectral matching methods using such data
have shown improved performance (15). The intelligent application of
prefilters, improvements in computing speeds, and advances in storage
media technology will continue to improve the performance of these
methods. Spectral matching has proved to be of great utility for the
analysis of the large amounts of spectra generated by such techniques as
GC/MS. However, a high degree of match does not necessarily prove the
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identity of the unknown. The spectral differences observed for closely
related compounds are often too small to be distinguished by spectral
matching. In addition, few spectral matching systems attempt any
interpretation of their results. It is the user who must evaluate the
match list, the significance of the match factors, and the relevance of the
corresponding structures. While spectral tnatehing methods are valuable
aids for limited domain problems involving known compounds, for true
unknowns (compounds whose spectra may not exist in any library), one
must often resort to indirect database or interpretive methods.

Indirect Database Methods

Indirect database or interpretive methods for structure elucidation
attempt to distill the information contained in a spectral database to a
more general form which can then be employed independently of the
database. These methods can be classified into three categories: pattern
recognition, artificial intelligence, and spectral simulation approaches (3).
The relative merits and disadvantages of each of these approaches are
discussed below along with appropriate examples of systems which
exploit them.

Pattern Recognition Approaches. Humans are naturally adept at
pattern recognition. It has been said that "To compete with the human’s
ability to recognize patterns in only two or three dimensions is a fairly
difficult task" (16). However, when dealing with very large quantities of
data or several dimensions of data, the human’'s ability to recognize
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patterns is poor. In the field of chemistry, automated data interpretation
techniques are necessitated by the large amount of multidimensional
data routinely generated by modern instrumentation. Thus, pattern
recognition techniques, and in particular, supervised learning techniques
have found a wide variety of applications in chemistry (17-19).
"Supervised learning refers to a suite of techniques in which a priort
knowledge (or assumptions) about the category membership of a set of
samples is used to develop a classification rule. The purpose of the rule
is usually to predict the category membership for new samples” (16).

Spectral matching systems can be classified as a rudimentary form
of pattern recognition. Zupan and coworkers have used hierarchically
organized databases or "trees" of mass spectra to achieve clustering of
spectra whose compounds contain similar structural features (20). This
method offers several advantages over conventional spectral matching
approaches. Average retrieval time is logarithmically proportional to the
number of objects in the tree. When an unknown passes through the
tree, substructural features can be predicted on the basis of the
properties of the nodes encountered.

Pattern recognition methods have been widely used for structure
elucidation.  Several papers have concentrated on using pattern
recognition techniques for molecular structure descriptions (17,21,22).
Pattern recognition approaches have been applied to mass spectral data
to identify specific compound classes (23-25). In an insightful paper,
Maclagan and Mitchell compared the capacity of four different pattern
recognition techniques for predicting 21 different structural features
from mass spectra of nucleosides (26). Recently, principal component
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analysis has been applied to MS/MS spectra to differentiate between
different alkylbenzene isomers (27).

The self-training interpretive and retrieval system (STIRS) is a
pattern recognition technique which deduces substructural information
in unknowns through the application of 26 different classes of mass
spectral data (9). These data classes correspond to combinations of
masses or mass differences which are known to have structural
significance, such as neutral losses, characteristic ions, and ion series.
STIRS extracts these data classes from an unknown mass spectrum and
matches them against the corresponding data classes from library
spectra. The structures of the best matching library spectra in each
class are then analyzed for common structural moieties. If a large
portion of these contain a specific substructure, then that substructure
is likely to be present in the unknown. In addition to predicting
substructures, STIRS also can predict molecular weight and chlorine and
bromine composition from isotopic ratio data. In tests of unknown
spectra, STIRS gave consistently better results than a k-nearest neighbor
approach (28), identified an average of 49% of the substructures present
in these unknowns at a reliability of 98% (29), and correctly identified
three substructures in each unknown along with perhaps one incorrect
prediction (30). The STIRS system is not restricted to analysis for a
standard set of substructures. Given the spectrum of an unknown,
STIRS will retrieve the most similar spectra, which can then be analyzed
for common substructural features to identify specific substructures.
This technique directly utilizes information from all available library
spectra without resorting to predefined spectrum/substructure
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correlations, hence the "self-training" appellation. Unfortunately, STIRS
has not found wide applicability in the real world and lacks a structure
generator to assemble complete structures.

Analytical instrumentation can now provide several dimensions of
information. GC/IR/MS, for example, provides five dimensions of data:
retention times, infrared frequencies and absorption values, m/z values,
and peak intensities. Data interpretation is the bottleneck for many
techniques. Pattern recognition methods will be increasingly employed
to derive the most useful information from large quantities of data.
However, most pattern recognition approaches are capable of only binary
decisions (e.g., the sample is or is not in class A). Obviously, a structure
elucidation scheme utilizing pattern recognition would require many
such decisions. Most pattern recognition classification systems do not
assign any measure of reliability to their predictions. In addition,
pattern recognition systems, unlike artificial intelligence based

approaches, cannot justify their conclusions.

Artificial Intelligence Approaches. Artificial intelligence has been
defined as "the scientific discipline which attempts to endow computers
and computer-controlled machinery with the ability for actions which, if
carried out by a human being, would be thought to require intelligence"
(31). Artificial intelligence research currently comprises several different
areas, including cognitive science, natural language processing,
automated learning, robotics, and expert systems (32).

Expert systems, also referred to as knowledge-based systems, are
finding a broad range of applications in chemistry (33-36). To become an



10

expert in a particular domain requires years of experience and the
capability to deal with many problems over a narrow range. Expert
systems draw upon the collective knowledge of humans to solve
problems which would normally require human intelligence. Expert
systems usually consist of three parts: a knowledge base, an inference
engine, and a user interface. The knowledge base is a collection of
heuristics, or "rules-of-thumb", which are usually in the form of rules.
An inference engine is used to apply the rules to reach intelligent
conclusions.

There are substantial differences between conventional programs
and knowledge-based systems. Conventional programs reach decisions
using data and prescribed algorithms in a manner which is opaque.
Modifying these programs is often difficult and tedious because the
knowledge for solving the problem is scattered throughout the code.
Expert systems make judgements based on rules and knowledge. They
can justify their conclusions and thus their reasoning is transparent.
The performance of an expert system can be extended and otherwise
modified by changing the rules or adding new rules. Expert systems can
work with uncertain and incomplete data and can contemplate multiple
competing hypotheses. Many can interact with humans using natural
language. Although LISP and Prolog are the preferred languages for
expert system development, expert systems .can be written in more
conventional languages, such as FORTRAN and C.

One of the most famous applications of artificial intelligence is the
DENDRAL project (37-39), which began at Stanford University in 1965.
This project represents the culmination of many man years of work and
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the collective knowledge of many mass spectroscopists. DENDRAL is a
classical approach to a solution of a problem with a large state space. It
employs three stages: plan, generate, and test. The plan stage (Heuristic
DENDRAL) derives constraints on the unknown structure. Empirically
derived fragmentation rules are used to determine the molecular
fragments which are present or absent in the unknown. These
fragmentation rules are automatically inferred from the mass spectra of
known compounds by Meta-DENDRAL (38). The generate stage (GENOA)
generates all possible structures consistent with the constraints (40).
The test stage ranks the resulting list of structures by simulating their
mass spectra and comparing them to the unknown spectrum. This
process is depicted schematically in Figure 1.2.

DENDRAL has been applied to several problems and its
performance has been said to equal or exceed the performance of a
human expert in structure elucidation. DENDRAL'’s power is not derived
from "knowing" more than any human expert, but from effective
application of constraints and a systematic search through the "state
space" of all possible structures. However, in many cases, mass spectral
data alone were insufficient to determine the complete structure of an
unknown. In these cases, DENDRAL required additional substructural
constraints derived from i.r. and n.m.r. data (41).

An increasing number of applications of knowledge-based systems for
structure elucidation are being reported in the literature. Most of these
systems utilize spectral feature/substructure relationships in the form of
rules. The simplest and often the most effective systems exploit spectral
correlation charts (42). The CHEMICS system developed by Sasaki and
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Figure 1.2 Schematic of DENDRAL’s approach to structure
elucidation using plan, generate, and test
stages.
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coworkers is one of the more well-known rule-based systems for
structure elucidation, and utilizes data from i.r., mass, proton n.m.r.,
and 13C n.m.r. spectroscopy correlation charts (43-46). Combining data
from different spectroscopic techniques can often yield complementary
information and confirmatory evidence. It is also possible to tailor such
expert systems for specific structure elucidation applications.

Expert systems can solve problems which are often impossible to
solve via conventional programming. They can perform as well as or
better than human experts. Expert systems convert the private or
sometimes inactive knowledge of experts into an active, inspectable form.
They are useful for training young experts since they can reveal the
reasoning behind their conclusions. However, expert systems have been
somewhat "overhyped" in recent years and it is important to understand
their limitations. Construction of a knowledge base is laborious and
often requires a knowledge engineer. Expert systems exhibit unstable
behavior near the limit of their knowledge. The explanations for the
conclusions drawn are stereotyped. More importantly, the expertise of
such systems are confined to a narrow range. While expert systems have
yet to find broad applicability in the real world, they hold much promise
for the future. In summary, the current status of computer-assisted
structure elucidation systems is best described by Hippe: "the actual
performance of program systems for structure elucidation by artificial
intelligence at the present time is generally at the level of performance of
a post-doctoral spectroscopist. Their performance is good, not because
they use know more than an experienced spectroscopist, but because

they use most of the rules applied by a spectroscopist to solve structure
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problems, because they apply the same set of rules to every problem, and
because they apply systematically the whole set of rules each time,
without mistakes or loss of memory” (47).

Spectral Simulation Approaches. Spectral simulation is often used
to determine which of a set of candidate structures is most likely the
unknown, and thus represents only a part of any structure elucidation
technique. DENDRAL uses mass spectral simulation to rank a set of
candidate structures. In this approach, the mass spectra of candidate
structures are simulated using empirically derived fragmentation rules
(38). The simulated spectra are then matched against the unknown
spectrum and ranked on the basis of their similarity to indicate the most
likely candidate structure. Jurs used pattern recognition techniques to
correlate individual fragment masses to structural, geometrical, and
topological features; these correlations were then used to generate an
artificial spectrum for a given structure (22). Quasi-equilibrium theory,
which can provide data on the relative abundance of specific ions with
respect to energy, can be used to calculate the mass spectra of simple
molecules. Accurate spectral simulation requires either a large database
of fragmentation rules (in the case of DENDRAL) or enormous amounts
of mass spectral data (in the case of pattern recognition based
techniques). Spectral simulation is an excellent means of "closing the
loop" for any interpretive method to verify the candidate structure(s).
However, a complete and accurate simulation of mass spectra for all
molecules under various experimental operating conditions is currently

unobtainable.



15

Utility of MS/MS Data for Structure Elucidation

There are many reasons for the prominence of mass spectrometry
among techniques for structure elucidation. It is an extremely sensitive
technique; mass spectra can be obtained from nanomole quantities or
less. Common fragment ions and neutral losses (which are postulated
from the mass difference between two peaks) from mass spectra have
been recognized as fairly specific indicators for certain structural
features. These have been tabulated and are widely used in spectral
interpretation (48,49). Over the last three decades, a tremendous
amount of research has been invested into developing automated
techniques for structure elucidation from MS data.

A major difficulty in the interpretation of conventional mass
spectra is that the products of all the fragmentation processes are
overlapped in a mass spectrum. Electron impact (EI) ionization imparts
ions with excess energy. These ions then undergo fragmentation within
the ifon source, and the subsequent ion-molecule reactions (which
depend on the source pressure) and decompositions can give a wide
variety of products. Rearrangements further complicate interpretation.
Mass spectra indicate only the presence of ions and give no certain
information on which ions are precursors of other specific ions or which
ions are formed from fragmentation of other specific ions.

MS/MS, as its name suggests, provides another dimension of mass
spectrometry to conventional MS. In a typical MS/MS instrument, the

sample is ionized and ions selected by the first mass analyzer enter a
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collision chamber filled with an inert gas where they may undergo
further fragmentation. This process is referred to as collision-induced
dissociation (CID) or collisionally-activated dissociation (CAD). The
products of such fragmentation processes may then be analyzed using a
second stage of mass spectrometry.

Figure 1.3 shows a partial MS/MS spectrum or three-dimensional
fragmentation map for n-heptane. Individual MS/MS spectra may be
either daughter, parent, or neutral loss spectra. Examples of daughter
and parent spectra are shown in this figure. The daughter spectrum
represents the fragmentation products formed from collisional activation
and subsequent dissociation of the parent ion (m/z 85). The parent
spectrum represents the precursor ions which fragment to form a
specific daughter ion (m/z 71). A neutral loss spectrum, which is not
shown in this figure, represents the parent ions which undergo a defined
neutral loss. A complete MS/MS spectrum or fragmentation map would
contain a daughter spectrum for each ion appearing in the conventional
mass spectrum of a compound. 4

MS/MS has several advantages over conventional MS for structure
elucidation, the most obvious of which is the second dimension of
information. Neutral losses and parent-daughter relationships can be
determined directly, rather than inferred as in conventional MS. From
Figure 1.3 it is obvious that a tremendous amount of information can be
obtained from even small molecules using MS/MS. Due to the increased
data dimensionality, MS/MS spectral features are generally more specific
and selective than MS features. The identity of specific fragment ions
can often be deduced from their characteristic daughter spectra. Thus,
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Figure 1.3 Three-dimensional fragmentation map of n-heptane.
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MS/MS data can often be used to differentiate between structural
isomers which are not distinguishable using MS data alone. Also,
MS/MS spectra have a lower background ion current than MS spectra.
The noise reduction resulting from the second dimension of mass
spectrometry in MS/MS makes the absence of specific peaks significant.
Instrumental parameters such as collision energy and collision gas
pressure provide additional dimensions of information in an MS/MS
experiment.

The use of MS/MS as a principal technique for structure
elucidation was proposed in 1978 (50). In this insightful paper, Beynon
and coauthors demonstrated the following advantages of MS/MS for
structure elucidation using data from a mass-analyzed ion kinetic energy
spectroscopy (MIKES) instrument:

1) molecular formulae can be deduced without resorting to
high-resolution mass spectrometry,

2) substructures can be identified from their characteristic
daughter spectra,

3) identification of multiple occurrences of substructures in a
given structure is possible, and

4) molecular structures which differ in a minor structural
feature can be differentiated.

These advantages have some very important implications for
structure elucidation. The utility of daughter spectra for identifying

substructural features has been demonstrated on several occasions
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(50,51). A database of daughter spectra can be used to identify the
presence of substructures in an unknown regardless of whether its
MS/MS spectra have ever been taken before. Whereas the number of
possible organic compounds is far greater than the number of mass
spectra which can included in a library, a relatively small library of
daughter spectra can aid in the structure elucidation of a virtually
unlimited number of compounds. Furthermore, substructure
information obtained from daughter spectra constrains the number of
possible molecular structures consistent with a known molecular
formula and thus greatly aids the structure elucidation process. If
sufficient substructural information is obtained, the complete structure
of an unknown can often be "pieced together". Thus, structure
elucidation from MS/MS data can be achieved through substructure
identification.

This paper proposed some exciting, novel ideas for structure
elucidation (50). For various reasons, very little follow-up work has been
done since it was published. Since then, MS/MS has developed
significantly; MIKES has been supplemented and in many ways eclipsed
by other tandem mass spectrometric techniques such as tandem
quadrupole mass spectrometry (TQMS). TQMS as opposed to MIKES can
provide unit or better mass resolution in both mass analyzers, has better
transmission characteristics, and represents a significant improvement
in MS/MS instrumentation for structure elucidation (51).

The first TQMS instrument was developed in our labs in the late
1970’s by Rick Yost and Dr. Enke (51-53). Later, this instrument was
completely computerized wusing a Newcome-Enke 8085-based
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microcomputer (54,55). Instrument control software developed in the
FORTH language by Carl Myerholtz allowed the operator to flexbly and
conveniently control the TQMS instrument’s five scan modes and 30
parameters (56-58). Recently, a multimicroprocessor control system and
a control system based on the Novix NC4000 Forth processor (59,60)
were implemented to improve the efficiency of data collection for the
TQMS instrument (61). A substantial amount of software has been
developed in our labs for managing mass spectral data, including a
multidimensional database for MS and MS/MS spectra (62,63), software
for MS and MS/MS spectral matching (64,65), and software for
extracting several planes of data from such a database (63). Thus, it can
be seen that Dr. Enke's group has played a large role in not only
developing the TQMS instrument itself, but in developing TQMS control
systems and software for management of mass spectral data. The next
logical step to this research was the development of the full capabilities
of MS/MS for structure elucidation.

Currently, no integrated, Iinterpretive systems for structure
elucidation using MS/MS data exist outside this laboratory. Our
approach to structure elucidation from MS/MS data has continually
evolved over the course of several years and sundry graduate students.
Later on in this chapter, this evolution is traced to show two distinct
interpretive systems for structure elucidation which have been
developed. Both are based on the identification of substructures in
unknowns. The first approach achieves this using a direct database or
spectral matching method (66). The second approach achieves this
through the use of empirically derived substructure rules (67). Each of
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these systems require a structure generator, specifically GENOA, which
is described next.

The Structure Generator (GENOA)

A crucial part of any interpretive structure elucidation system is a
structure generator to assemble the various pieces of information about
the unknown into a structure or set of structures. Arguably one of the
best is GENOA, a constrained structure generator developed during the
course of the Stanford DENDRAL project (40). This program generates
molecular structures based on substructural constraints provided by the
user. These constraints usually take the form of a substructure and a
range of occurrence (i.e., "octyl at least one”). nGENOA accepts
overlapping substructures as constraints, and thus each substructural
constraint does not have to encompass a unique portion of a molecule.
In addition, the presence of alternate substructures (i.e., either
substructure A or substructure B) can also be specified, and thus even
ambiguous substructure information can be used. Negative information
(substructures known to be absent) can also be utilized to constrain the
structure generation. These substructural constraints may be derived
from any source. In elucidating the structure of several compounds,
GENOA users have derived constraints from MS, i.r., and n.m.r. data
(41). For the purposes of this research, the substructural constraints are
derived from MS and MS/MS data only.

An additional and essential piece of information required by
GENOA is the molecular formula of the unknown. Given this along with
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substructural constraints, GENOA exhaustively generates all plausible
candidate structures. This capability eliminates the possibility that a
human chemist might overlook any possible structure. Most
importantly, the structure of the unknown will always be contained
within the set of structures produced by GENOA using correctly
identified substructures as constraints.

The commercial GENOA software package also includes a routine
called STRCHK which performs substructure searching. Given the
structure of a compound and a library of predefined substructures, this
procedure provides a list of substructures contained in the compound.
These data are used by our structure elucidation system for developing
spectral feature/substructure correlations and its use is described in
Chapter 3.

The original version of GENOA was written in the BCPL
programming language. A portion of this code which had been
translated to the C language has been obtained by this research group.
This code is undergoing several modifications in-house to better suit the

purposes of our structure elucidation system.

Original System for Structure Elucidation using MS/MS Data

The original system developed by this research group for structure
elucidation from MS/MS data was completed in 1985. This system is
based on correspondence of daughter spectra and substructures. Later,
we realized that this concept was unnecessarily limited. Over the last
few years, Kevin Hart, Adrian Wade, and I have developed more
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sophisticated and powerful software tools for structure elucidation which
have addressed many of the limitations of the original system. Thus, this
original system has since been abandoned. A .discussion of this system
is worthwhile for understanding the evolution of our approach to
structure elucidation from MS/MS data.

The original system utilizes several software tools and databases
which represent the work of various individuals (66). A multidimensional
database, designed and developed by Hugh Gregg, is used to hold
immediate experimental data from the Extrel TQMS instrument (62,63).
A reference spectra database, designed and implemented by Phil
Hoffman, is used to archive MS and MS/MS spectra (65,68). A
structure/substructure database, designed and developed by Carl
Beckner and Kevin Cross, is used for storage of both molecular
structures and substructures (65). These last two databases include
logical links to provide for correlations between daughter spectra and
substructures. Spectral matching software (the MATCH program),
developed by Kevin Cross, can be used to match either MS or MS/MS
spectra (64,65). A molecular formula generator (MFG) developed by this
author is used to obtain molecular formulae from unit resolution MS and
MS/MS data (69). The STRCHK routine of GENOA is used for
substructure searching and GENOA itself is used for structure
generation (40). My contributions to this system also include studies on
the effects of various instrumental parameters on daughter spectra,
development of a set of criteria for collecting a database of such spectra,

collection of daughter spectra for the reference database, and extensive
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studies for identification and confirmation of daughter
spectra/substructure relationships.

This structure elucidation system requires two separate modes to
exploit MS/MS data from known and unknown compounds. A TQMS
instrument is used to collect MS and MS/MS data for known and
unknown compounds. In the learning mode, experimental daughter
spectra and structures from known compounds are used to develop
daughter spectrum/substructure correlations. In the identification
mode, these correlations are used along with other databases and
software tools to aid in the structure elucidation of unknown
compounds. Both of these modes of operation will now be described.

The learning mode of this structure elucidation system is shown in
Figure 1.4. MS/MS data from known compounds are collected,
comprising daughter spectra for every major ion appearing in their
conventional mass spectra. These daughter spectra are stored in the
experimenter's database and may be archived in the reference database.
Individual daughter spectra can be matched against spectra from other
reference compounds by the spectral matching program. High match
factors indicate that the test spectrum and the matching spectra share
an identical or closely related ion structure. Next, the molecular
structures of compounds producing similar daughter spectra are
compared using the substructure searching capabilities of GENOA (the
STRCHK routine) to identify the substructural features they have in
common. The common substructures are then identified as likely
precursors of the common ion. Additional compounds with common

substructures are studied until clear daughter spectrum/substructure
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correlations are produced. Once these correlations are made, the
daughter spectra are archived in the reference spectra database, the
associated substructures are stored in the structure/substructure
database, and the appropriate daughter spectra and substructures are
logically linked.

The identification mode of i:hls structure elucidation system is
shown in Figure 1.5. Daughter spectra for every major ion appearing in
the conventional mass spectrum of an unknown are collected and stored
in the multidimensional database. The spectral matching program then
compares these daughter spectra against those in the reference
database. High match factors suggest the presence of the corresponding
substructure in the unknown. The best matches from the match lists
produced by this program are then used to extract the corresponding
substructures from the structure/substructure database. By acquiring
a daughter spectrum for every major ion in the conventional mass
spectrum of the unknown, many of the substructures present in the
unknown may be identified. This process may produce redundant and
overlapping substructures, which may serve as confirmatory evidence.
The MFG program is then invoked to generate molecular formulae from
the molecular weight and elemental composition constraints. Once given
a molecular formula and substructural constraints, GENOA then
exhaustively generates all candidate structures.

An example of the use of the identification mode of this system is
demonstrated here using 1,2-benzene-dicarboxylic acid, di-n-octyl ester
(structure I in Figure 1.6) as a test compound. Daughter spectra were

acquired for every ion whose abundance was greater than 1% of the base
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Figure 1.6 Structures of 1,2-benzene-dicarboxylic acid, di-
n-octyl-ester (I), the benzoyl substructure
(II), and the phthalate substructure (III).
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peak in the conventional mass spectrum of this compound (Figure 1.7).
These daughter spectra were then matched against daughter spectra of
the same parent mass from the reference database. The results of some
of these matches are described below. The various match factors
calculated by the MATCH program are described in Table 1.1 (64-66).
The overall match factor (PT) combines information from both forward
and reverse search techniques. The pattern correspondence match
factor (PC) takes into account the differences in intensities between the
sample and reference spectra for peaks in common to both spectra. NC,
NS, and NR give an indication on the number of matching peaks between
spectra. IS and IR indicate the magnitude of intensity that is unmatched
in the forward and reverse directions.

The match of the daughter spectrum of m/z 105 from the test
compound to m/z 105 daughter spectra in the reference database is
presented in Table 1.2. The top four matching spectra correspond to the
benzoyl substructure (structure II in Figure 1.6). Note that the top four
matching spectra are very similar; all contain the same peaks, only the
intensity patterns are different. There also is a large difference in match
factors for daughter spectra representing the correct substructure and
the next best match.

The results of the match of the m/z 149 daughter spectrum of the
test compound against m/z 149 daughter spectra from other compounds
in the reference library are given in Table 1.3. The top four spectra all
correspond to the phthalate substructure (structure III in Figure 1.6). It
is important that the daughter spectra are correctly grouped by MATCH
program and that there is a substantial difference between the overall
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Table 1.1 Match factor definitions.

PT

PC

NC

NR

NR

IS

IR

An overall match factor that indicates how well the
intensities of all the peaks between the two spectra
match.

PT = 100 * (Z ¥Yg + £ Yy - 2 * (Yp - ¥Yg)) / (£ ¥Yg + S Y,
where Y; = logy (Intensity/Total Ion Count) and Yg and
Y, correspond to the adjusted abundances at each mass
in the sample and reference spectra respectively

A pattern correspondence factor that indicates how well
the intensity of the peaks in common match.

PC = 100 * (L Yg - (Yp - Yg)) / (I Yg)

The number of peaks common to both the candidate and
unknown spectrum.

The number of peaks remaining unmatched in the unknown
spectrum.

The number of peaks remaining unmatched in the
reference spectrum.

The percent total ion current of the unknown spectrum
that was unmatched in the comparison due to NS.

The percent total ion current of the reference spectrum
that was unmatched in the comparison due to NR.
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Table 1.2 Match of m/z 105 daughter spectra of 1,2-benzene-
dicarboxylic acid, di-n-octyl ester to m/z 105
daughter spectra from the reference database.

PT PC NC NS NR IS IR COMPOUND

100 100 2 0 0 0 0 DI-N-OCTYLPHTHALATE

99 99 2 0 0 0 0 DI-N-PENTYLPHTHALATE

98 98 2 0 0 0 0 DI-N-BUTYLPHTHALATE

98 98 2 0 0 0 0 DI-ETHYLPHTHALATE

66 93 2 0 2 0 31 4-N-BUTYL-1, 2-BENZENEDIOL
60 85 2 2 0 2 20 2-N-BUTYL-4-METHYLPHENOL
38 50 1 1 3 2 29 P-T-BUTYLBENZYL ALCOHOL

1 1 3 2

52 2-T-BUTYL-6-METHYLPHENOL

oo

Téble 1.3 Match of m/z 149 daughter spectra of 1,2-benzene-
dicarboxylic acid, di-n-octyl ester to m/z 149
daughter spectra from the reference database.

PT PC NC NS NR IS IR COMPOUND

0 DI-N-OCTYLPHTHALATE

0 DI-N-BUTYLPHTHALATE

0 DI-N-PENTYLPHTHALATE

0 DI-ETHYLPHTHALATE
2-N-BUTYL-4-METHYLPHENOL
15 P-T-BUTYLBENZYL ALCOHOL
29 P-T-AMYL-~PHENOL

26 2-T-BUTYL-6-METHYLPHENOL
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match factors for compounds containing the correct substructure and
those corresponding to unrelated substructures. Once again, this is
demonstrated in the match results where only the relative intensities
differ between the top matching spectra.

Due to the limited number of the daughter spectra in the reference
database, only two substructures were identified: the benzoyl and
phthalate substructures. At the time this analysis was done, the
reference database did not contain any daughter spectrum/substructure
correlations for alkyl groups. Thus, we were forced to resort to manual
methods of spectral interpretation to elucidate the remaining portion of
the structure. This involved analysis of the neutral losses leading to the
formation of the m/z 149 ion from the test compound. The parent
spectrum of this ion, shown in Figure 1.8, has four major nonisotopic
peaks at m/z 167, 261, 279, and 391. These ions correspond to neutral
losses of 18 (167-149), 112 (261-149), 130 (279-149), and 242 (391-149).
The neutral losses may be tentatively identified as Hg (neutral loss of 18),
CgH1e (neutral loss of 112), CgH170H (neutral loss of 130), and
CgH170CgH]17 (neutral loss of 242), and suggest the presence of an
alkyl chain in the molecule. The low mass ion series in the conventional
mass spectrum of the test compound (Figure 1.7) also suggests the
presence of an alkyl chain which is most likely unbranched.

The molecular formula is required by GENOA for structure
generation. Information from isotopic daughter spectra is very useful for
determining molecular formulae from unit resolution MS/MS data.
Chemical ionization (CI) mass spectra of the test compound identified its
molecular weight to be 390 u. The daughter spectrum of the 13C-
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containing protonated molecular ion, shown in Figure 1.9, shows peak
pairs at adjacent masses which represent the loss or retention of the 13C
atom in the fragment ions formed. The relative intensities of these peak
pairs depend on the ratio of carbon atoms lost to carbon atoms retained
in forming that ion. The ratio of intensities of m/z 149 to 150 in Figure
1.9 was two to one. This indicates that the 13C-containing molecular ion
is twice as likely to lose a 13C atom than retain it when fragmenting to
form the m/z 149 ion. The m/z 149 ion was identified as the phthalate
anhydride ion which contains 8 carbon atoms. Thus, it follows that the
compound must contain 24 carbons. When this information is supplied
to the MFG program along with the substructural constraints identified
above, only one formula results: Co4H3804.

Given the phthalate and benzoyl substructures identified by the
matching software, the two n-octyl substructures whose presence was
inferred manually, and the molecular formula identified by the MFG
program, GENOA was then used to generate all possible structures.
Only one structure results: the correct structure of 1,2-benzene-
dicarboxylic acid, di-n-octyl ester.

It is obvious that there are several disadvantages associated with
this original structure elucidation system. The process of identifying the
daughter spectrum/substructure correlations was found to be time
consuming and operator intensive. It required a mass spectroscopist to
invoke several software tools including the matching software to identify
similar daughter spectra from different compounds, the STRCHK routine
of GENOA to identify common substructures in the structures of these
compounds, and additional software to logically link the daughter
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spectra and substructures. Most importantly, it required the mass
spectroscopist to have some knowledge of the ionic structure(s)
represented by the parent ions of daughter spectra to confirm the
reliability of the daughter spectrum/substructure relationships. At the
time this approach was abandoned, the reference database had few
daughter spectrum/substructure correlations. Thus, only a limited
number of substructures could be identified in unknowns. The example
above certainly proves this point, as complete structure elucidation
hinged on the identification of not one but two n-octyl substructures.
Identification of these substructures was achieved manually through
standard methods of spectral interpretation. Another inherent
disadvantage to this system involved the use of traditional MS spectral
matching algorithms for matching daughter spectra. Normal spectral
matching routines weigh intensities rather heavily in the calculation of
an overall match factor. However, intensities from daughter spectra are
dependent on a large number of instrumental parameters and are
certainly not as important as the presence or absence of a particular
spectral feature for identifying a substructure. Perhaps the most serious
drawback to correlating substructures with daughter spectra is that it
does not take full advantage of the extra dimension of information that
MS/MS affords. It uses the patterns in only one of the several types of
data available from MS/MS spectra or three-dimensional fragmentation
maps.

The "next generation" of this structure elucidation system had to
address these deficiencies to achieve superior performance. A crucial

need for this next generation system was some methodology for using all
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the information available from MS/MS data for deducing spectral
feature/substructure correlations. It must be emphasized that
information characteristic of a given substructure is not limited to only
the daughter spectrum of its closely related lonic structure, but can also
appear as neutral losses and daughter ions in daughter spectra of other
lonic structures which may contain part or all of that substructure. In
addition, a goal of the next generation structure elucidation system was
to include some methodology whereby spectral feature/substructure
relationships (as opposed to daughter spectrum/substructure
relationships) could be automatically deduced and verified. Also, the
number of spectral feature/substructure correlations had to be

expanded to cover a wider variety of substructures.

An Automated Chemical Structure Elucidation System
using MS/MS Data

The next generation of this structure elucidation came to be known
as ACES (Automated Chemical structure Elucidation System). It
addresses many of the deficiencies in the original system. The individual
components and data pathways of ACES are shown in Figure 1.10 (67).
A TQMS instrument is used as the source of MS and MS/MS data.
Several software tools are utilized by this system, including MAPS
(Method for Analyzing Patterns in Spectra), the MFG program, and
GENOA. ACES also requires two databases, the MS and MS/MS
database and the rule base. Dr. Adrian Wade was responsible for the
development of the original version of the MAPS code. Kevin Hart has
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been involved in modifying the source code to GENOA to better suit the
purposes of this structure elucidation system (70). My contributions to
this system include the database of MS and MS/MS spectra from which
the MAPS rules were derived, and the MFG program and other software
for molecular formula determination from unit resolution MS and
MS/MS data. I have made substantial modifications to the MAPS code to
predict the absence as well as the presence of substructures. I have also
made many additional modifications which have greatly improved the
predictive capabilities of the rules.

The "heart" of ACES is the MAPS software. As shown in Figure
1.10, this software operates in two different modes: the learning mode
(dashed line) and the identification mode (solid line). In the learning
mode, MAPS uses data from known compounds to identify the
relationships between substructures and their characteristic MS and
MS/MS spectral features (71). These features originally included neutral
losses, parent ions, daughter ions, and parent-to-daughter transitions.
The relationships discovered are stored in the form of rules, which relate
each substructure to its distinctive MS/MS spectral features. In the
identification mode, these rules are applied to MS and MS/MS spectra
from an unknown to predict the presence and absence of substructures.
MAPS is an indirect database or interpretive method for substructure
identification. It is a totally empirical scheme which assumes no
knowledge about the fragmentation process, ifon structures or
rearrangements. MAPS uses heuristics to remove false correlations from
the rules and improve their predictive capabilities. As opposed to the
original structure elucidation system, MAPS automatically derives
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spectral feature/substructure relationships and uses all of the information
available from MS/MS data for substructure identification.

In the application of the ACES tools to an unknown, the MAPS
rules are applied to the unknown's MS and MS/MS data to identify the
presence and absence of as many substructures as possible. The MFG
program is then invoked to generate all possible formulae consistent with
the molecular weight and elemental compositioh constraints derived from
MS data, MS/MS data, and the substructures identifled as present and
absent. These formulae and substructural constraints are then supplied
as input to GENOA which generates all possible structures.

The original MAPS code as developed by Dr. Wade is discussed in
Chapter 3. The modifications that I have incorporated into this code are
discussed in Chapter 4. An approach for reliable substructure
identification which involves the use of specific combinations of MS and
MS/MS spectral features is described in Chapter 5. The methodology for
molecular formula determination from unit resolution MS and MS/MS
data, the MFG program, and additional software tools for assisting in
this process are described in Chapter 6. The utility of ACES and the
interaction of these software tools for structure elucidation of several test
compounds is demonstrated in Chapter 7. Chapter 8 contains
suggestions for future work for improving the capabilities of ACES for
structure elucidation.

Up to this writing, MS/MS has been mainly used for identification
of target compounds in complex mixtures and has not been fully
exploited for structure elucidation. ACES has addressed a substantial
deficiency in this area of research, combining techniques of pattern
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recogniion and artificial intelligence with the power of MS/MS for
structure elucidation. The potential utility of ACES, and in particular,
the MAPS and MFG programs for structure elucidation will be
demonstrated in this dissertation.
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CHAPTER 2
MS/MS SPECTRAL LIBRARY ACQUISITION

MS Libraries

The prominence of computer-controlled instrumentation has
greatly enhanced the wuse of spectral matching methods for
interpretation. Of the three main techniques currently used for structure
elucidation, mass spectrometry, infrared spectroscopy, and nuclear
magnetic resonance spectroscopy, the development of spectral databases
and search algorithms has occurred most rapidly for mass spectrometry.
This can be attributed to the popularity of GC/MS for mixture analysis.
Given that several hundred mass spectra can be generated during a
single GC/MS run, automated techniques are essential to alleviate the
bottleneck in spectral interpretation. A substantial amount of research
has been invested in improving the performance of mass spectral
matching techniques over the last three decades. There are a variety of
systems for MS spectral matching. Some of these systems and their
concepts have been described in Chapter 1. This section provides a
description of the current status of MS databases along with their
advantages and limitations.

There are two types of libraries of mass spectra: small, specific
libraries and large, comprehensive libraries. Small libraries usually

47
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consist of up to a few thousand spectra and are usually tailored for
specific compound classes or applications. Large libraries represent
collections of mass spectra of arbitrary compounds obtained from a
variety of sources. There are two large libraries of mass spectra
currently in use: the Wiley and NBS databases. The Wiley database
contains more than 123,000 spectra of 108,000 different compounds (1).
This database is available on a single CD-ROM disk which includes
McLafferty’s PBM/STIRS search and retrieval software (2). The NBS
database, developed at the National Bureau of Standards in conjunction
with the Environmental Protection Agency (EPA) and the National
Institutes of Health (NIH), contains more than 80,000 nonredundant
mass spectra (3,4). This database is part of the Mass Spectral Search
System (MSSS) and can be accessed through the Chemical Information
System (5).

Large databases are usually created from several smaller
databases. Generally, these smaller databases differ in quality, resulting
in a larger database which is non-homogeneous. Shelley states that
"Although many spectral databases have been created, few are of high
quality and many are useless" (6). The larger mass spectral databases
are being employed in a variety of applications in industry and academia
and are certainly useful. It is obvious that the results obtained from
spectral matching methods depend on the quality of the reference
spectra. However, the quality of spectra in these databases is often
questionable. Possible problems include unnecessarily low or

inconsistent lower mass limits of spectra, truncated intensities, poor
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dynamic range, and contamination. Henneberg has demonstrated the
effects of these problems on mass spectra in a recent review article (7).

Several methodologies have been developed to address this
problem of low quality mass spectra. McLafferty’s group has developed
an algorithm for calculating a quality index which may be used to
identify dubious spectra or select the best spectrum from a set of
duplicate spectra (8). This quality index is calculated from seven factors
which include the source of the spectrum, ionization conditions used,
high molecular weight impurities, illogical neutral losses, isotopic
abundance accuracy, number of peaks, and the lower mass limit. Milne
and coworkers have combined this quality index with procedures for
ensuring sample purity and stringent control of instrumental parameters
for generating high quality mass spectra (10,11). This modified quality
index has been applied to the spectra in the NBS database and duplicate,
lower quality spectra have been removed (11). Heller cautions that a
quality index "is not really an indicator that a spectrum is a good one.
Rather it is an indication of problems with a spectrum" (12). Dillard and
coworkers have reported some of the criteria for obtaining high quality
mass spectra. These criteria include the operating conditions of the MS
instrument, the parameters to be included along with the spectra, and
the factors required for evaluation of spectra (13). This report concludes
that although class III spectra (analytical reference spectra) and class II
spectra (research reference spectra) can be obtained using current
instrumentation and methodologies, class I spectra, which are
independent of instrumentation, are not yet attainable.
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A serious shortcoming of many mass spectral databases is that
they do not include representations of each compound’'s chemical
structure. The representation of a chemical structure is the only way to
uniquely identify a compound. Structure representations are required
for retrieving similar structures and searching for specific substructures
in a database. They also allow spectrum/structure or
spectrum/substructure correlations to be made. These correlations are
often of great utility for structure elucidation. There are several different
methodologies for representation of chemical structure, most of which
can be classified as linear or connectivity table notations (14). Linear
notations, which represent structures using alphanumeric strings, are
more efficient in terms of storage space. Wiswesser line notation (WLN),
which is used in the Wiley database for structure representation, is one
of the more well-known linear notation systems (15). Unfortunately,
WLN is not a canonical notation scheme for chemical structures; that is,
a given WLN may give rise to more than one structure. Other linear
notation schemes for unique, nonambiguous representation of chemical
structures have been developed (16). Linear notation schemes are often
very difficult to manipulate for performing substructure searching. Gray
notes that "Linear notations were developed for information retrieval, not
computer-based structure analysis" (14). Connectivity tables are
generally more suitable for structure manipulations although they
require more storage space. These represent structures by describing
the connections between each atom using a unique, nonambiguous
notation scheme. The more complex connectivity table notation methods

can represent configurational and stereochemical isomers (17).



51

Connectivity tables are used in GENOA for structure and substructure
representation. The NBS database includes the Chemical Abstracts
Service registry number and the associated connectivity table for each
compound.

In the past, many databases were abbreviated and did not use all
the spectral data due to the high cost of storage media. With inexpensive
mass storage devices currently available, this should no longer be a
problem. A serious shortcoming of many databases is the lack of
structural diversity, which can lead to erroneous spectrum/substructure
correlations.  Although redundant spectra in databases are often
considered to be a drawback, McLafferty and Stauffer have noted that
the reliability of spectral matching results is improved when multiple
spectra are included in the database (18). The present status of MS
databases and their associated problems is best described by Shelley,
who stated that "The spectral databases that have been created have
been plagued with problems. It is hoped that future database developers
will pay more attention to quality than quantity” (6).

MS/MS Libraries

The utility of a database of collisionally activated dissociation
(CAD) mass spectra for structure elucidation was first proposed by
Beynon's group in 1978 (19). A database of such spectra could be used
for comparison with unknown CAD spectra in a manner analogous to the
use of EI mass spectral libraries. Furthermore, a CAD spectral database
could be used to identify substructures and/or the ionic structures of
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fragment ions from unknown CAD spectra. Although several groups
have recently created or proposed the creation of databases of reference
CAD mass spectra (20,21), there are no applications of these databases
in the literature. Our research group proposed collecting a database of
such spectra at the ASMS meeting in 1983 (22).

Shelley has noted that "The lack of good databases ... will, at the
least, slow the development of expert systems for computer-assisted
structure elucidation" (6). This statement certainly applies to MS/MS,
where the development of automated structure elucidation techniques
has been hampered by the lack of databases of MS/MS spectra. There
are several reasons for this. MS/MS is still a relatively new technique
and the development of CAD spectral databases is in its infancy. The few
databases that do exist are special purpose, proprietary, or not generally
available. In addition, these databases are relatively small compared to
the number of CAD spectra reported in the literature. Maintenance,
certification, and expansion of spectral databases is extremely time-
consuming and expensive work. Most importantly, CAD spectra are
strongly dependent on target gas thickness, parent ion energy, a variety of
additional instrumental parameters, and the instrument itself (23).
Currently, the mass spectrometry community has still not reached an
agreement on a set of practical, standard conditions for collecting CAD
spectra (24). The effects of these instrumental parameters on CAD
spectra are described next.
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Instrumental Parameter Effects on Daughter Spectra

In Dawson's interlaboratory evaluation of the effects of operating
conditions on CAD spectra, widely varying results were obtained from
different TQMS instruments following a standardized procedure for
collecting daughter spectra of specific parent ions (25). These results
demonstrated that even standardized operating conditions do not
adequately control the dynamics of the CAD process between different
instruments.

Martinez has extensively studied the effects of the various kinetic
and instrumental parameters which influence CAD spectra with the
eventual goal of identifying the criteria for collecting a database of
instrument-independent CAD spectra (24,26,27). The key instrumental
parameters which cause the relative intensities of various daughter ions

to differ significantly between different TQMS instruments include:

1) the type of ionization technique used;

2) the type of collision or "target" gas used;

3) the number of collisions undergone by a parent ion within
the collision chamber, a parameter usually characterized in
terms of "target thickness", which is equivalent to the
effective number density of the target gas multiplied by the
actual path length traversed by the parent ion through the

collision chamber;
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4) the interaction time between a parent ion and the target gas,
which is determined by the collision energy (the potential
difference between the ion source and the quad 2 offset);

5) the potential difference between the ion source and quad 1,
which determines the energy distribution of ions entering the
collision chamber and affects the resolution of quad 1;

6) the potential difference between the offsets of quads 2 and 3
(the quad 3 drawout), which determines which daughter ions
enter quad 3 since daughter ions have a range of
translational energies;

7) the RF voltage and field radius of quad 2; and

8) the type of detector used.

Martinez has recently identified several prerequisites for generating
instrument-independent CAD spectra (26,27). He notes that unless the
reaction dynamics of the CAD process are taken into account, CAD
spectra will be highly instrument dependent even if reproducible
instrumental operating conditions are maintained. The kinetics of CAD
processes are an intrinsic property and thus can be used to determine
the criteria for obtaining instrument-independent CAD spectra. He
states that "the successful development of a generic, instrument-
independent CAD spectral database for QQQ‘ instruments necessitates
that it be based on the measurement of absolute cross sections for the
CAD of known ionic substructures" (28). In addition, single collision
conditions must be used, since multiple collisions can lead to

instrument-dependent CAD spectra (27). He also suggests that the
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charge exchange reaction of argon be used to calibrate target gas
thickness determinations and to verify that TQMS instruments are
"kinetically well-behaved" (26,27). He proposes that a generic database
of CAD spectra should consist of the target thickness and the identities
of the &égmentatlon products for CAD of known ionic substructures.

Prior to my development of a CAD spectral database, little work
had been published on the prerequisites for obtaining instrument-
independent MS/MS spectra. Part of my work involved ascertaining the
conditions necessary to obtain reproducible MS/MS spectra using an
Extrel TOQMS instrument in our laboratories. @A diagram of this
instrument is shown in Figure 2.1. A listing of the 25 instrumental
parameters along with their logical device names, typical values, and
scan limits is shown in Table 2.1. All of these parameters can be
changed by the user and thus may have some effect on the data
collected. The parameters which directly influence the ion path include
the repeller, CI volume, EI volume, extractor lens, lens 1, lens 2, lens 3,
quadrupole 1 offset, lens 4, quadrupole 2 offset, lens 5, quadrupole 3
offset, and the electron multiplier voltage. Other parameters which
influence the quality of data include quadrupole operating parameters
(DM1, DM3, RS1, RS3), and variables for the peak-finding algorithm,
which include minimum and maximum peak widths (MWD and PWD),
intensity threshold (THR) and rate of data acquisition. The effects of
each of these parameters on daughter spectra were evaluated with the
eventual goal of achieving reproducible MS/MS spectra on this
instrument.
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Table 2.1 Logical device names, typical values, and scan
limits on the Extrel TQMS instrument.

Extranuclear, Inc. 12:20 9/3/85
# 2 MS/MS TUNE MODE: EI
# DEV CURRENT START END
0 EV 70.0 0.0 100.0
1 REP 20.0 -100.0 35.0
2 CIV 18.8 -100.0 35.0
3 EIV 18.6 -100.0 35.0
4 EXT -67.6 -200.0 200.0
5 L1 17.4 -200.0 200.0
6 L2 0.0 0.0 0.0
7 L3 -26.9 -200.0 200.0
8 Q1 4.9 -100.0 100.0
9 L4 -20.0 -100.0 100.0
10 Q2 3.0 -100.0 100.0
11 LS -20.7 -100.0 100.0
12 Q3 0.0 -100.0 100.0
13 MHV 1900.0 0.0 3000.0
14 M1 77.0 10.0 280.0
15 M2 47.7 0.0 0.0
16 M3 94.0 10.0 110.0
17 DM1 -13.1 -100.0 100.0
18 DM3 -3.7 -100.0 100.0
19 RS1 6.3 -100.0 100.0
20 RS3 -2.4 -100.0 100.0
21 P2 452 0 0
22 THR 340 0 0
23 PWD 4 0 0
24 MWD 26 0 0
25 RTE 4 0 0
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In my studies of the effects of the various instrumental parameters
on daughter spectra, I found that collision energy and collision gas
pressure had the most significant effect on daughter spectra. These
parameters not only affected intensities, but the set of daughter ions
produced. To establish standard collision energy and collision gas
pressure ranges, their effects on the daughter spectra of the phthalate
anhydride ion and several alkyl ions were studied. The results of these
studies are presented below. In these studies, argon was used as the
collision gas, collision gas pressure was measured using an ion gauge
calibrated for argon connected to quad 2, and collision energy was

calculated as the potential difference between the EI volume and quad 2.

Effects of Collision Gas Pressure and Collision Energy on Daughter
Spectra of the Phthalate Anhydride Ion. The effects of collision gas
pressure and collision energy on the daughter spectrum of the phthalate
anhydride ion (m/z 149) from di-n-octyl phthalate, shown in Figure 2.2,
were extensively studied on two different TQMS instruments: an Extrel
model in our laboratories and a home-built TQMS instrument at
Lawrence Livermore National Labs (LLNL) (29). In comparing results
between these two instruments, one must keep in mind that they are
constructed differently. For example, the LLNL instrument has an einzel
lens set (a set of three lenses) between each quadrupole whereas the
Extrel instrument has only one lens between each quadrupole. These
instrumental variations certainly affect comparisons of data between
these two instruments. In collecting data on these two instruments, it

was not possible to rigorously standardize conditions between them.
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Figure 2.2 Structure of the phthalate anhydride ion.
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Where possible, I have tried to hold independent variables constant when
comparing results between these two instruments. Unless otherwise
stated, the data which follow in this section are from the Extrel
instrument.

Daughter spectra of the m/z 149 ion at three different collision gas
pressures are shown in Figure 2.3, using a constant collision energy of
23.7 V. At a relatively low pressure of 0.052 mtorr, daughter ion
intensities are all less than one percent of the base peak. At a pressure
of 5.75 mtorr, the parent ion intensity is no longer the base peak and
many different daughter ions are seen. Figure 2.4 shows daughter
spectra of the same ion at three different collision energies using a
collision gas pressure of 0.510 mtorr. From these spectra, it is evident
that increasing the collision energy improves the efficiency of the
fragmentation process. It is obvious that the standardization of collision
gas pressure and energy is absolutely necessary to achieve consistent
fragmentation.

Figures 2.5 and 2.6 are log-log plots of relative intensity versus
collision gas pressure for the major daughter ions of the phthalate
anhydride ion on the Extrel and LLNL instruments, respectively. The
slope of such a log-log plot for a specific daughter ion is indicative of the
reaction order, or the average number of collisions required to produce
this ion. The reaction orders for formation of several daughter ions on
these two instruments are shown in Table 2.2 below. These values were
calculated using linear regression on the data points from Figures 2.5

and 2.6 at pressures between 0.1 and 1 mtorr.
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Table 2.2 Reaction orders for the production of selected
daughter ions from the phthalate anhydride ion on
two different TQMS instruments.

Daughter Extrel LLNL
Ion Instrument Instrument
121 0.90 0.51
93 1.0 0.67
65 1.0 0.84
39 0.80 1.1

Note that the slopes of these daughter ions are approximately one
or less than one. This indicates that they are produced by either first
order processes (slope = 1) or mixed metastable decompositions and first
order processes (slope < 1). As the pressure increases, the slope of the
m/z 121, 93 and 65 ions decreases, indicating that these ions are
themselves undergoing further fragmentation. At high pressures, the
slope of the m/z 39 ion increases, becoming equal to 1.4 at pressures
above 1 mtorr on the LLNL instrument, indicating that it is being
produced by both first and second order processes.

The general appearances of the plots for the individual daughter
ions compare well between the two instruments. However, the relative
intensities of the daughter ions is generally much greater at low
pressures on the LLNL instrument as seen from Figures 2.5 and 2.6.
This may be due to non-equivalent collision gas pressure readings
between these instruments. It also may be attributed to the effects of
different instrumental parameters between these two instruments, or to
the different physical dimensions and designs of instruments themselves.
It appears that the LLNL instrument has either better ion optics, higher
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collection efficiencies at the exit of the collision chamber, higher
fragmentation efficiencies, or some combination of these and other
factors.

Figure 2.7 and 2.8 show the effects of collision energy on daughter
spectra of the m/z 149 ion on the Extrel and LLNL instruments,
respectively. From these spectra, it is apparent that higher collision
energies provide higher daughter ion intensities. As collision energy is
increased, more axial energy is imparted to the parent ion, increasing the
efficiency of fragmentation and producing more daughter ions. This
trend is seen on both instruments. Again, relative intensities of
individual daughter ions do not compare favorably between the two
instruments for the reasons mentioned above.

Collision gas pressure and energy affect the sensitivity of daughter
spectra. Figure 2.9 plots the total ion count versus collision gas
pressure for daughter spectra of m/z 149 at several collision energies. At
higher pressures, scattering of ions in the collision chamber reduces the
total ion count. Figure 2.10 is a plot of the daughter ion count versus
the collision gas pressure for daughter spectra of m/z 149 at several
collision energies. As pressure increases, more daughter ions are formed
due to the increased fragmentation efficiency, and daughter ion count
increases substantially. As the collision energy increases, ion
abundances increase in both Figures 2.9 and 2.10. This is most likely
due to the higher collection efficiency of ions at the entrance of quad 2
achieved at higher collision energies.
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Effects of Collision Gas Pressure and Collision Energy on Daughter
Spectra of Alkyl Ions. Figures 2.11, 2.12, and 2.13 are log-log plots of
relative intensity versus collision gas pressure for the major daughter
fons of the m/z 71, 57, and 43 ions of n-heptane, respectively. At
pressures of less than 1 mtorr, the slopes of these plots for individual
daughter ions are between O and 1, indicating that these ions are
produced by metastable and/or first order fragmentations. At pressures
greater than 1 mtorr, second order fragmentations occur, as shown in

Table 2.3.

Table 2.3 Reaction orders for the production of selected
daughter ions from the m/z 71, 57, and 43 ions
from n-heptane.

Parent Daughter Reaction
Ion Ion Order
71 41 1.7
71 27 1.9
57 39 2.1
43 41 1.6
43 39 1.9
43 15 1.7

Figures 2.14, 2.15, and 2.16 show the effects of collision energy on
the daughter spectra of the m/z 71, 57, and 43 ions from n-heptane,
respectively. Unlike the corresponding collision energy versus intensity
plots for daughter ions from the phthalate anhydride ion shown in
Figures 2.7 and 2.8, the intensities of the daughter ions in these plots do
not all increase as a function of collision energy. The intensities of many

of the daughter fons shown in Figures 2.14, 2.15, and 2.16 decrease as a
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