
NO»300068 

Hf. I - NO- - J 7 I 

AUTOMATIC IDENTIFICATION 

OF / ^ * p ^ « * 

MASS SPECTRA 

PREPROCESSING, DISTANCE MEASURES 

AND CLASSIFICATION 

Finn Drabløs 

Department of Chemistry 

University of Bergen 

1992 



AUTOMATIC IDENTIFICATION 

OF 

MASS SPECTRA 

PREPROCESSING, DISTANCE MEASURES 

AND CLASSIFICATION 

Finn Drabløs 

Department of Chemistry 

University of Bergen 

1992 



ISBN 82-992641-0-3 



I 

Contents 

1. Abstract i 

2. Introduction 3 
2.1 Approaches to identification 3 
2.2 Interpretation 3 
2.3 Classification 4 

2.3.1 Design of classification systems 5 
2.3.2 Training of classificaiion systems 5 
2.3.3 Testing of classification systems 5 

3. Comparing mass spectra 7 
3.1 Test methods 7 
3.2 Data set 8 
3.3 Normalisations 9 
3.4 Distance measures 9 

4. Transforming mass spectra 10 

5. Classification of mass spectra 11 

6. Automatic structure generation 14 

7. A fast search system 15 

8. The MASS search system 16 

9. Conclusions 17 

10. Acknowledgements 19 



11. References 20 

APPENDIX 1 

Symmetric Distance Measures tor Mass Spectra 

Transformations for Mass Spectra 

Classification of Mass Spectra 

Automatic Generation of Descriptors for Chemical Structures 

A Fast Search System for Mass Spectra 

APPENDIX 2 

MASS User's Manual 



1. Abstract 

Several approaches to preprocessing and comparison of low resolution mass spectra 

have been evaluated by various test methods related to library search. It is shown that 

there is a clear correlation between the nature of any contamination of a spectrum, the 

basic principle of the transformation or distance measure, and the performance of the 

identification system. The identification of functionality from low resolution spectra has 

also been evaluated using several classification methods. It is shown that there is an 

upper limit to the success of this approach, but also that this can be improved 

significantly by using a very limited amount of additional information. 
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2. Introduction 

Mass spectrometry (MS) is a fast and very sensitive spectroscopic method for 

identification of compounds. It can be linked to efficient separation methods like gas 

chromatography (GC) or liquid chromatography (LC), and combined with the inherent 

high sensitivity this makes MS a very good method for identification of compounds that 

are available only in small amounts, or in mixture with other compounds. 

The high sensitivity is without doubt one of the most attractive features of MS as an 

analytical method. But it can also represent a challenge. If the compounds are 

available in very small amounts, the number of analytical methods that may be applied 

to the samples is limited. And in some cases MS may be the only spectroscopic 

method available. It is therefore important to be able to extract as much information 

as possible from the spectra, and to make this information as reliable as possible. 

2.1 Approaches to identification 

There are in principle two major approaches available for analyzing a mass spectrum, 

interpretation and classification. For some spectroscopic methods simulation may also 

be an alternative, where we try to reproduce the spectrum by doing computations on 

various structures. This can be used in for example infrared (IR) and nuclear magnetic 

resonance (NMR) spectroscopy. In most cases the fragmentation process in MS is too 

complex for modelling, although some work has been done on simulation of 

fragmentation of macromolecules in molecular dynamics simulations1. 

2.2 Interpretation 

Interpretation is what the spectroscopist is doing when he sits down with the spectrum, 

and by looking at fragmentation patterns tries to find out what the compound looks 

like. This is a manual process, but it can be simulated on a computer by using an 
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expert system. One of the most interesting examples of an expert system for structure 
elucidation is the DENDRAL project2. 

2.3 Classification 

Classification is a more automatic approach to identification. We compare the 
spectrum of the unknown compound to reference spectra of several known 
compounds, trying to find possible relationships. We may use either the spectra of the 
known compounds directly, or derived functions describing important properties of the 
reference spectra. 

A very simple approach to spectrum identification which is related to classification is 
the library search, where we compare the spectrum of the unknown to all spectra in 
a library, and list the spectra from the library that are most similar to the unknown. It 
is then up to the user to decide whether the most similar spectrum really represents 
the unknown compound, or maybe a similar one, or maybe even a very dissimilar one 
with just a similar fragmentation pattern. This is not a real classification, since in most 
cases we are assuming that the unknown compound is represented in the library. But 
it is very similar to Nearest Neighbours classification methods. 

A simple example which is closer to what we normally call classification is to use peak 
heights at specific mass numbers to distinguish between predefined classes of 
compounds. In this case we already must have shown that it is possible to assign all 
known spectra to correct classes on this criterium (or at least most of the spectra), and 
we also assume that this will be true for all additional spectra that we may want to 
classify with this system. 

The development of a classification system will in most cases be done in three distinct 
steps, design, training and testing. 
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2.3.1 Design of classification systems 

In the design of the system we have to decide on what kind of Information we need 
as output from the classification process. Some relevant examples may be 
functionality, compound class or quality. We also have to decide on what kind of 
classification function to use, how to preprocess data before they are used in the 
classification, and what data to use for training and testing. Normally we use the 
majority of the available data for training, but keep a small subset of the data out of 
the training process, and use this subset only for testing the final classification 
function. This subset should be selected at random from the full set of relevant 
spectra, and it is normally assumed that if the classification process can classify the 
test data set correctly, it will also classify correctly new spectra belonging to the same 
classes. 

2.3.2 Training of classification systems 

The training of the classification system is most often a rigorous statistical procedure 
for evaluation of a function with optimal discriminating power on the given data set. 
This function can for example define a set of planes in the multi-dimensional space, 
so that each plane will separate two classes of spectra. 

2.3.3 Testing of classification systems 

The final step, testing, should tell us something about the performance of the 
classification system, and also make it possible to compare the performance of this 
new classification system to other, existing systems. It is important to ensure that the 
classifications are statistically significant, that the new system is indeed an 
improvement over older systems, and to give the user an estimate of the quality of the 
classifications. That is, how sure can the user be that the properties suggested from 
the classification really are represented in the unknown compound. 
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The purpouse of this thesis has been to analyse and possibly improve all steps in this 
process, by looking at both preprocessing3, classification'1' ' and evaluation of 
classification results5. 
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3. Comparing mass spectra 

Low resolution mass spectra are well suited to statistical analysis. Tney consist of 

intensities a! integer mass values, there are normally no gaps in the data sets, and 

they have a well defined starting point. Therefore the definition of variables is easy. 

However, it is not equally easy to define the val'ies of the variables, in a glob~< sense. 

There is no absolute reference value for the intensities, and therefore we need a 

procedure for normalisation of the relative intensity values when we want to compare 

spectra from different runs. Common normalisation methods are scaling against base 

peak (most intense peak in spectrum) or against total sum of intensities in the 

spectrum. But several other normalisation methods are possible. 

There is also a similar problem with distance measure. Some distance measures have 

been used on mass spectra, but the number of possible distance measures is very 

large, and there is no reason (at least from a theoretical point of view) why one single 

distance measure should be optimal in all situations. Therefore we want to test a 

reasonable number of different normalisation methods and distance measures. 

In order to measure the performance we need a test method, and the test method 

should reflect several aspects of automatic spectrum identification, like noise, 

contamination and data structure. 

3.1 Test methods 

All four test methods used in ref. 3 and 4 are based on some kind of library search. 

Since a quite detailed description is given in ref. 3, only a brief summary will be given 

here. 

The CYCLE method is based on a standard linear library search, but with a little twist. 

At the end of the search, a list of the best candidates is generated. The top members 

of this list are used as a starting point for new searches, and the lists generated from 
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the new searches are merged with the first list. This can be repeated several times. 

In some cases the process will converge, at some point all spectra from new searches 

will be in the list already. In other cases the process will diverge. At least for 

classification purposes we will prefer to have converging searches, as this protøoly 

indicates that there is a well defined structure In the data set. 

The NOISE and MIX methods are also based on a standard linear library search, but 

with contaminated spectra. In NOISE random poise is added to all peak positions in 

the spectrum, simulating instrumental noise. In the MIX method spectra are 

contaminated with other spectra, simulating spectra of mixtures. 

The TREE method is based on uncontaminated spectra, but with a different 

organization of the data base. The spectra are stored as a binary search tree. This will 

reduce the number of spectra the unknown must be compared to in order to do an 

identification. It has been shown6 that it is possible to create an optimum search tree, 

that is a search tree that always will retrieve the correct spectrum, given identical 

spectra. But spectra are not always identical. And for test purpouses it is easier to 

generate search trees using the output from a standard hierarchical clustering method. 

The clustering method was chosen by comparing the output from several clustering 

methods, based on how well the output reproduced the multidimensional structure of 

the data set. The results are very similar to previous tests7 based on a very different 

kind of data. The results are interesting, because they show that the Group Average 

clustering method in most cases will give the best representation of the data set, and 

that the very popular Nearest Neighbour method is clearly inferior. 

3.2 Data set 

The data set used for testing was taken from the National Bi'reau of Standards (USA) 

collection of mass spectra. The spectra were chosen on the basis of functionality, 

using a substring-based matching algorithm8. The main data set consisted of 747 
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spectra, and two sublibraries with 373 and 159 spectra were made by random 
selection of spectra from the main data set. 

3.3 Normalisations 

In ref. 3 eight different normalisation methods are tested. The effect of the 
normalisation method seems to be small, although normalisation to unit vector length 
or standard measure may represent a slight improvement over the standard 
normalisation against base peak. 

3.4 Distance measures 

In ref. 3 ten different distance measures are tested. It is shown that no single distance 
measure is optimal in all situations. Distance measures involving some kind of squared 
difference, like the euclidean distance measure, will emphasize large differences 
between spectra. This can be an advantage if the spectra are contaminated with 
random noise, since this normally will create several small differences. Distance 
measures based on absolute value, like the city-block distance measure, will give 
more weight to a large number of small differences, compared to a few large 
differences. This can be an advantage if the spectrum of the unknown is contaminated 
with spectra from other compounds, but where experimental conditions are otherwise 
stable. 
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4. Transforming mass spectra 

In several spectroscopy based applications, especially with IR and NMR spectra, 

transformations like Fourier Transform (FT) or Maximum Entropy (ME) have been 

used as a part of the preprocessing. Such transformations are very different from 

normalisations. The purpouse is rather to transform the data Into a different 

representation, where the data (or parts of the data) may be more accessible to 

statistics. This may also be relevant to mass spectra, and in the second main paper 

(ref. 4) several transformations are tested. The same test methods as for distance 

measures are used, and the conclusions are also similar. Very few transformations 

actually improve the performance. And none of the transformations are optimal in all 

situations. Transformations like square root or logarithm may improve the performance 

slightly with contaminated spectra, whereas peak selection algorithms may improve 

the performance on noisy spectra. Again the important difference is in the weighting 

of large peaks relative to the general "fingerprinf-pattem of many small peaks in the 

spectrum. 
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5. Classification of mass spectra 

Given a spectrum library and a spectrum of an unidentified compound, the optimal 
situation obviously will be that this compound always is represented in the library, and 
that the spectrum of it will always be retrieved from the library as the best match to 
the query spectrum. 

For several reasons this will not necessarily be true. Spectra from the same compound 
are not always identical, and the compound will not always be represented in the 
library. 

The problem of how to compare spectra so that similar spec'ra (from the same 
compound) are identified as similar, has been the main topic of the first part of this 
discussion. 

The second problem, about the reliability of the identification when the unknown is not 
represented in the library, is a slightly different question. In this situation we can never 
retrieve the spectrum of the correct compound directly from the reference library. But 
we can retrieve a set of related spectra, and use the chemical information (like 
structure and functionality) from these compounds to identify the unknown structure, 
or at least tell to which class of compounds it probably belongs. The problem is 
obviously related to classification. 

For many identification systems based on classification there seems to be an intrinsic 
uncertanity in the results. It is very difficult to get 100 % correct identification of 
properties like functionality from indirect data like mass spectra. The purpouse of the 
third paper (ref. 5) has been to investigate the source of this error, by carrying out 
classifications using 4 different classification methods. Systematic mis-classifications 
have been identified, and explained in terms of fragmentation rules. 

The classification methods were k Nearest Neighbours Classification, Stepwise 
Discriminant Analysis, Probabilistic Classification and Centroid Classification. All 



12 
classifications were carried out using a 'leave-one-out" procedure. One spectrum was 
taken out of the data set. the classification function was trained on all the remaining 
spectra, and the single spectrum was classified using this classification function. This 
was repeated for all spectra In the data set. 

Because all compounds were mono-functional, they could be uniquely assigned to 
chemical classes based on functionality. This made it possible to define a matrix 
showing the correspondence between real class membership (from functionality) and 
assigned class membership (from the classification function) for all spectra. 

For all 4 classification methods the majority of cases (-75%) were assigned to correct 
class. However, 23% of the spectra showed a relatively systematic mis-classification, 
meaning that those spectra were classified to at most two different chemical classes, 
and classified by at least two of the methods to the same incorrect class. 

These spectra, and their corresponding compounds, were assigned a simplified 
spectroscopic and chemical description. Each spectrum was described as a "ion-
series" by summation in steps of 14 mass units. Each compound was described by 
several parameters representing properties believed to be important for the 
fragmentation process, like chain length, position of functional group and degree of 
branching. This made it possible to assign each sub-group of spectra average 
spectroscopic and functional descriptions. Those descriptions were related to each 
other using known fragmentation rules. 

The conclusion is that all systematic mis-classifications in fact can be given a 
reasonable explanation, in terms of fragmentation rules. Some compounds just happen 
to have fragmentation patterns more similar to compounds with a different 
functionality, rather than compounds normally regarded as 'most similar'. But we are 
probably not able to predict deviations in fragmentation patterns in all cases, at least 
not as a part of a classification system. Therefore this error should be regarded as a 
consequence of the limited amount (or type) of information in a mass spectrum, rather 
than a real deficiency in the classification process. 
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However, it should be mentioned that most mis-classified spectra are assigned to a 

few well defined alternative classes. Therefore a significant Increase in reliability may 

be achieved by combining the classification with some other suitable analytical 

method, if possible. 
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6. Automatic structure generation 

The papers mentioned above (ref. 3, 4 and 5) contain the most important scientific 
results from this research project. But they obviously do not represent all the work that 
has been carried out during this period. 

Some of the work, like moving the database of mass spectra from the IBM-type 
distribution tape to the Unisys computer, was very time consuming. The tape was 
written as unformated (binary) FORTRAN files, and a lot of computer code was 
needed in order to read the tape, translate text from EBCDIC to ASCII representation, 
and extend numbers from 32 to 36 bits representation. This part of the code obviously 
had to be very thoroughly tested and verified. But the details are of minor interest as 
soon as the problem has been solved. 

Other parts of the work, like design of an interactive workbench for manipulation of 
mass spectra, could probably be of some interest. But it turned out to be a conflict 
between the speed and memory requirements of the system and the capabilities of the 
rather old Unisys computer. So a more batch-oriented approach had to be chosen, 
and the workbench exists only as a large amount of half-finished computer code. 
However, several of the routines were reused in the batch programs. 

A few key parts of this work may be of more general interest. The two papers 
mentioned in this and the following section evaluate methods for data handling that 
are both interesting and to some degree novel. But they have so far not been fully 
implemented in a computer program. 

The automatic manipulation of chemical structure information8 was an important part 
of the work on analyzing classification results. It turned out to be difficult to do this as 
a fully automatic process for this particular problem, at least as a part of the project. 
But the principles are rather general, and the substring-based data extraction 
described in ref. 8 was very important for the initial generation of the data sets used 
in the main papers. 
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7. A fast search system 

One of the test methods used for testing normalizations, transformations and distance 

measures Is based on the data set being organized as a search tree. It was inspired 

by the tree approach to clustering of large data sets6, the main difference is that a 

standard hierachical clustering method is used for generation of the search tree. But 

the important point is the tree structure. It is an interesting method for data storage, 

because the search process is very fast, and an additional gain in speed can be 

achieved by implementing it on a multi-processor computer as described in the last 

paper9. 
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8. The MASS search system 

As a part of the project several routines for manipulation of mass spectra and 

spectrum libraries were written. It was quite easy to combine these routines into a 

simple search system10. The search system is not really a part of the research 

project, it does not incorporate any of the results from the study. (Apart from the fact 

that the study has shown that no transformations or data manipulations will improve 

the performance in all situations.) But it does make the data available for general use, 

which became of importance when it turned out to be difficult to extend the research 

project. The User's Guide for this search system is given in Appendix 2. 
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9. Conclusions 

There are three major conclusions that can be drawn from this study. 

1) The choice of method for preprocessing and computation of similarity for 
mass spectra should depend upon the nature of the dominating source 
of noise found in the spectra. 

This conclusion is based on the use of simulated noise only. It should probably 
be verified by using a dataset with several spectra of each compound, taken 
on various instruments and under different experimental conditions. However, 
the conclusion is reasonable, and should be paid attention to when designing 
new search systems. 

2) Identification of chemical properties by spectrum classification, and with 
the spectrum of the unknown not represented in the training set, can 
probably in most cases not achieve a 100% success rate. 

It should be noted that this study is based only on mono-functional compounds. 
But it is reasonable to believe that poly-functional compounds will be more 
difficult to classify, because the introduction of additional functionality will give 
the possibility of complex interactions between the functional groups during 
fragmentation. 

3) For mono-functional compounds, the addition of a small number of 
analytical tests, making it possible to differentiate between a small 
number of alternatives, should make it possible to achieve an almost 
100% success rate in identification of functionality. 

Again, this is demonstrated only for identification of functionality in a limited 
number of mono-functional compounds. However, the same is probably true for 
several other classification problems where the fragmentation pattern is 
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important for the classification result. 
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SYMMETRIC DISTANCE MEASURES FOR MASS SPECTRA 

FINN DRABLØS 
Department of Chemistry. University of Bergen, Allegt. 41, N-5007 Bergen (Norway) 
(Received 8th April 1987) 

SUMMARY 

Several symmetric distance measures are tested on complete mass spectra by four 
different test methods, based on linear and hierarchical library search. The euclidean 
distance measure is tested with several normalization procedures by the same methods. 
The results show that no single distance measure is optimal in all situations. In particular, 
different types of noise in the spectrum may require different distance measures for 
optimal identification. Normalization of the spectrum to unit vector length or standard 
measure can improve the results. 

Many methods for evaluating and identifying mass spectra make use of 
symmetric distance measures, where the distance between objects is inde
pendent of the direction of the distance computation. But different distance 
measures may give different results. Several papers [1—4] have appeared in 
which distance measures and normalizations have been examined, but the 
research has concentrated mainly on compressed mass spectra, especially 
binary-coded spectra. This has been the consequence of low-capacity external 
storage media, slow arithmetics, and search methods based on a linear search 
of the complete library file, which has favoured short data vectors and 
simple distance measures. 

New and improved media for external storage, as for example optical 
discs, have made it simple to store complete spectra. Besides, fast mini- and 
micro-computers with large central memories and dedicated arithmetic 
processors, together with efficient presearch algorithms limiting the main 
search to a small subset of the total library, have made the use of complete 
mass spectra more interesting. Data compression will, in most cases, lead to 
a loss of information and one should thus expect a more reliable identification 
when complete spectra are used. 

In this investigation, one accepted and three new test methods, CYCLE, 
TREE, NOISE and MIX, are applied to a well-defined set of data for testing 
several different distance measures and normalization procedures. 

0003-2670/87/$03.50 S 1987 Elsevier Science Publishers B.V. 
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TABLE 1 

Th« test data «t i A—C 

Group Group Numbtr of spectra 
number nunt . - — 

1 Alkanea 106 S3 22 
2 CyclotUunts 90 46 1» 
3 AUunn 146 73 31 
4 Ketones 66 28 12 
5 Amines 67 33 16 
6 Alcohol. 115 58 24 
7 Amides 36 18 8 
8 Esters 76 38 16 
9 Ethers 56 27 12 

Total 747 373 15» 

EXPERIMENTAL 

The data set 
From a collection of 40 000 mass spectra from the National Bureau of 

Standards (U.S.A.), a subset of 747 spectra of monofunctional compounds 
with M < 150 were chosen, separated into nine different groups on the basis 
of functionality, and sorted into ascending order of molecular weight within 
each group (Table 1). This data set (data set A) was used with the test 
programs CYCLE, NOISE and MIX. A subset of 373 spectra from A (data-
set B) was used by the TREE program. Another subset of 159 spectra from 
A (dataset C) was used for some preliminary tests. All spectra were initially 
normalized against the base peak. 

The small data set makes it possible to use all spectra in the set as test 
spectra. This will eliminate the objection that the subset for testing may not 
be representative of the total data set, although the objection will still be 
valid when comparing the data set to the complete library of spectra (or all 
possible mass spectra, for that matter). This may be circumvented to some 
degree by selecting a random data set from the library, but that would make 
it difficult to separate the data set into clearly defined groups. The main 
advantage of a simple data set with well-defined groups is that statistically 
useful information will be returned even when the search method fails to 
return the correct spectrum. 

Using the same spectra as reference and test spectra makes it possible to 
treat the concept of noise in the spectra as a separate problem, and the test 
method in CYCLE in fact assumes that test spectra are drawn from the 
reference library. 

Distance measures 
A structure S, with molecular weight M, is considered. This structure will 

give a mass spectrum which may be represented by the vector x, with 
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TABLES 

DUUnc» Minim (2, 4—8] 

Number Definition Nun* 

1 <*!/-[£ (*I»-*>»)'1 

2 du'\ £ \xtk-xlkI"I 

fc-l 

n 

<*!/ - I (1*1* - *ik 1/ l*i» + */» I) 
k - 1 

d(/-max \xlk-x,k\ 
h 

I t*w.-*/*-n-' I <*«-*yi)l > 
* - i r - i ) 

Æ n n "1 t'l 

Ji(«n.-5i)'4Ii(*»-S/),J 
* « - H ] £ H / ( Å * Å * I ] 

L»-i *-i \»-i / J 

&*<*(£*") "J,**''*(,,5,**) J/ 
[ it / n \<*> n / n V ' 1 ! 

tuclldMn 

Minkowekl 

city-block 

Canberra 

Chebychev 

variance 

correlation 

angular separation 

elements * f t where * • 1, 2, ..., ». The distance dt between spectra of 
structure S, and St can then be defined by using different distance measures 
(Table 2). 

Distance measures 9 and 10 are made by minimizing Eqn. 1 subject to 
constraint 2 (for 9) or constraint 3 (for 10): 
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a(l + b)'l (2) 

o I (*<» + bx»)1 - 1 (3) 

They may be regarded as symmetric versions of the scaled distance measures 
used by Dromey [9] and Atwater et a). [10]. 

Distance measure 6 is made by computing the variance of (xtk — jryk) 
over all A. 

Normalizations 
Normalization is used to convert each set of original scores to some standard 

scale [11]. Because of the experimental methods in mass spectrometry, no 
common scale exists for comparing different mass spectra. This makes the 
choice of normalization method difficult, but even more necessary. Some 
distance measures perform an implicit normalization, but in most cases an 
explicit normalization is necessary prior to the distance computation. Of the 
tested normalization methods (Table 3) method 5 is not really a normaliza
tion, but is included because it is a part of method 6. 

Test methods 
Four different test methods are used, based on identification of spectra by 

library search. AU spectra in the library are used as test spectra. The result of 

TABLE 3 

Normalizations (2, 4,11] 

Number Definition Number Definition 

(t-l 

• n « ( i | k ) " l 

J.-1 

[(n-l)-' £ <*,»-*,)'] ' 1 

k - 1 
Oand 

[,.- 1)-
n T l 

m + 13 
*(* - 1, 

m - 6 , ,20, 3 4 , 4 8 , . . 

I x,„ - 0 8 
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each search will be a spectrum, and the group to which the spectrum belong*. 
A notation related to Pascal [12] is used for an algorithmic description of 
each test method. 

Each of the m spectra in the library are stored as a vector of length n 
together with a unique spectrum identification and a group identification, 
as indicated in the first part of Table 4. 

The TREE procedure. This hierarchical method (Table 4) tests the ability 
to identify spectra by using prototypes representing groups of spectra. 
Hierarchical cluster analysis [13] is used to organize the spectra into a tree 
[14] (Fig. 1), and this tree is used as a search tree for identifying spectra by 
comparing test spectra with nodes in the tree. By using leaf nodes from the 
tree as test spectra, all spectra should be correctly identified in an optimal 
search tree. 

Different methods of hierarchical cluster analysis [15] may be tested 
for global fit to the data set by comparing object distance d and amalgamation 
distance a" by the cophenetic correlation coefficient r„ [16]: 

TABLE 4 

Storage of spectra and the algorithmic description of the TREE procedure 

var Lib: array[l . .m] of record 
Spec: array[l . .n] of real; 
Id, Group: integer 

end; 

procedure TREE(Lib); 
var Tree: array of record 

Spec: array(l . .n] of real; 
case Leaf: boolean of 

false: Left, Right: pointer: 
true: Id, Group: integer 

end 
end; 

begin 
normal (Lib.Spec) {Normalize all spectra in library.}; 
make tree(Lib,Tree) {Make search tree.}; 
mS:-mG.-0; 
for i:«l to ra do begin 

Test:-Lib[i].Spec; p:-Root; 
repeat {Compute distance to spectrum in each child.} 

if diit(Test,Tree(Tree(p].Left].Spec) < 
dis«Test,Tree[Tree[p).Right].Spec) then p:-Tree[p].Left 

elsep:-Tree[p].Right 
until Tree[p].Leaf; 
if Tree[p).Id-Lib[i].Id then mS:-mS+ 1; 
if Tree[p j.Group*Lib[i).Group then raG:«mG+1 

end; 
pS:»100»mS/m; pG:-100*mG/m 

end; 
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Fig. 1. A binary hierarchical torch tree with nine nodes. Node 1 U the root node, (2—4) 
•re non-terminal nodes, end (5—9) are tetf nodei. All leaf nodet are spectra. Each non* 
terminal or parent node may be viewed u a prototype representing all leaf nodes con
nected to this node (via its left or right child). This tree has skewneu (11 — 11+ 12— 11 + 
11 - II +• 13 - 21) - 2, or 100% X 2 X 2((B - 2X5 - 1)) - 33.3%. The identification of 
S0 is shown, and assuming that d„ < d9a and dM < d0„ 8t is used as a candidate for S.. 

1/2 

r< ' I" I ( id,, - S W - f i l / k W« -3)' I ( [di, -d') 2j (4) 

and by Jardine and Sibson's A, [17]: 

Å , - ( I {du-d'u\)/l d„ (5) 

Here du is the distance between object i and ;', d'u is the amalgamation 
distance for the step where object i and j appear together in the same cluster 
for the first time, and 3 and 3' are the means of dtl and d\, over i and j 
for;'<j. 

The global-fit measures only test how well the clustering method preserves 
the structure of the original data set, not how well this structure description 
may serve as a search tree. But it seems reasonable to assume that a good 
representation of the structure of the data set is a favourable quality of a 
search tree. 

A search tree should have a short mean search length; the tree should be 
balanced. Therefore, a measure of skewness is computed. For each non
terminal node p, the absolute difference between the number of leaf nodes 
in left and right subtree, lm L 0 > ) - m R ( p ) l , is computed and added up over all 
non-terminal nodes. For a completely balanced tree with m = 2* leaves, 
the total will be zero; the left and right subtrees are always of the same size. 
In the worst case, tb? total difference will be (m — 2){m — l)/2, where m 
is the number of leaf nodes (spectra) in the tree. The relative skewness s is 
then computed as 

s = 2X I l m L 0 , , - m R ( w l / [ ( m - 2 ) ( m - l ) ] (6) 
p 

The CYCLE procedure. The CYCLE method (Table 5) tests the propaga
tion of a linear library search, i.e., the ability to find related compounds 
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TABLES 

Algorithmic description of tb* CYCLE proctdiue 

procedure CYCLE(Lib); 
var New, T o t : steck; 

Included: srray[l . .m] of boolean; 
begin 

normal(Lib.Spec); mT:«mG:"0; 
for i : - l to m do begin 

Included!l. .m] :>false;empty(New);empty(Teit) {Reset «tick.}; 
push(i,New) {Place pointer to current record on stack.}; 
Included[i]:"true; 
for j ;» l to q do begin 

Test:-New; empty(New); 
while length(Test)> "{Number of items on stack.} do begin 

nn[2 . .mN+1] :-neigh(Lib[pop(Test)] .Spec.Lib.Spec) 
{Find mN nearest neighbours to test spectrum.}; 

fork: -2 to mN+1 do if not Included[nn[k] ] then begin 
Included[nn[k] ] :-true; push(nn[k),New); mT:-mT+1; 
if Lib[nn[k] ].Group-Lib[i].Group then mG:-mG+1 

end 
end 

end 
end; 
pC:-100»(l-(mT-m*mN)/(q»m*mN-m*mN));pG:-100»mG/mT 

end; 

when the spectrum of the unknown is not represented in the library. It is a 
slightly modified version of a test method described by Rasmussen and 
Isenhour [4]. If a linear library search is conducted with a test spectrum from 
the library, a sorted list of candidates will be made with the test spectrum as 
the first candidate on the list. The other candidates will be spectra with 
characteristics in common with this spectrum. New searches with spectra 
from this list will generate new lists of candidates. These candidates may be 
new spectra or spectra already found in the first list. New spectra can be 
used for new searches, and this operation can be repeated to any required 
depth, or until no new spectra are included. The process should converge 
arr' only a limited number of spectra from similar compounds should be 
in ..ded before the process stops, as this indicates that the search method is 
a'r to identify common characteristics in a satisfactory way. Figure 2 shows 
the propagation of a single search step, corresponding to one iteration of the 
outermost loop in CYCLE. 

In the optimal case, m N new spectra will be included for each test spec
trum, where m N + 1 is the total number of candidates in the sorted list. 
New searches from these candidates will include no new spectra. In the 
most divergent case, mN new spectra will be included in each search, and the 
total number of spectra will be 



1=1 

i=2 

j=3 

Fig. 2. The propagation of a single «earch step in CYCLE, starting from 2,3-dimethyI-2-
hexanol. Arrows from each structure point to the two nearest neighbours of this structure 
in the library file. 

«T=m £ ro* (7) 

where q is the maximum depth of the search. However, in most cases, the 
result will be closer to the optimal situation, and an empirical lower limit of 
convergence is therefore defined: 

Q 
»T=m £ m N or sT = qmmN (8) 

* - i 

If a total of mT new spectra is included when the library is searched to 
depth g, the degree of convergence will be 
p c = 100 X [1 - (mT - mmK)/(qmmN - mm^)] (9) 

The NOISE procedure. This method (Table 6) tests the ability to identify 
noise-distorted spectra, i.e., for noise sensitivity. Spectra recorded under 
different conditions will show some degree of variation, and in connection 
with a library search this variation can be regarded as noise. Noise is simulated 
in this test method by contaminating spectra with random noise before they 
are used as test spectra in a linear library search. Two kinds of noise are 
added; background noise 6 in per cent of the total intensity of the spectrum, 
and fluctuation f as per cent of the intensity of the current peak. Peak 
number k of spectrum i, xlk, is transformed by 

J4 = *,„ +( I X„W)&/100 + xlh[2f(i) -l]fll00 (10) 
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TABLE 6 

Algorithmic description of tht NOISE and MIX procedural 

procedure NOISEfLib); 
begin 

nomul(Lib.Spcc); mS:-mG:"0; 
for i:-l to m do begin 

Test :-normal(noiM(Llb[i].Spec)) {Add noise to t«t spectrum.}; 
nn:-neigh(Test,Lib.Spec); 
if Lib(nn].Id-Lib[i).Id then mS:-mS+l; 
if Lib[nn].Group"Lib[i].Group then mG:-mG+l 

end; 
pS:-100*mS/m; pG:»100*mG/m 

end; 

procedure MIX(Lib); 
begin 

if DoShuffle then shuffle(Lib) {Make random permutation of library.}; 
normal (Lib.Spec); mSS:-mSO:-mOS:-0; mGG:-mGO:-mOG:-0; 
for i:«l to m—1 do begin 

Teit :-norm»l(ium(Lib(i ] .Spec,Lib{i+l ] .Spec.Weight)) 
{Make a weighted sum of a spectrum and its neighbour.}; 

nn[1..2):-neigh(Test,Lib.Spec); 
case [Lib[nn[l]].Id,Lib[nn(2n.Id]-[Lib[i].Id.Lib[i+l].Id] of 

f]:mSS:-mSS+2; 
[Lib(nn[2]].Id]:mS0:-mS0+li 
ILib[nnil]].Idj:mOS:-mOS+l 

end; 
{Count group identifications the same way.}; 

end; 
pS:-100,(mSS+mS0+m0SVm;p'S:-100*(mSS+mS0)/m; 
pG:-100,(mGG+mG0+mOG)/m;p'G:-100*(mGG+mG0)/m 

end; 

where f(r) is a random number generator with uniform distribution between 
0.0 and 1.0. 

The MIX procedure. This method (Table 6) tests the ability to identify 
compounds in a mixture, as spectra will be contaminated when the sample 
under investigation is a mixture of several compounds; the spectrum is then 
a combination of spectra from each of the components. Ideally, it should 
be possible to identify ail compounds in the mixture. 

Spectra are combined in pairs in a given proportion, and the combined 
spectrum is used as a test spectrum in a linear library search, so that both 
components can be identified. Each search can give four different results, 
depending on whether both (SS), the first (SO), the second (OS) or none of 
the candidates are correct. This is used to compute both the total number of 
correct candidates and the number of correct candidates returned as the 
first (or first and second) alternative. Each spectrum is mixed with its succes
sor in the library. Either the sorted library or a random permutation of it 
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can be used. The random permutation is made by the shuffling algorithm of 
Moses and Oakford [18,19]. 

All test methods were programmed in ASCII FORTRAN (essentially 
FORTRAN 77 with some extensions) and run on a Unisys (Sperry) 1100/82 
under OS1100. 

RESULTS AND DISCUSSION 

A principal components plot [13] (Fig. 3) of data set C shows a large 
degree of overlap between different groups; although this can be explained 
in part by the reduction in variance, only 47.48% of the total variance is 
explained in the plot. A stepwise discriminant analysis of data set A, using 
the program P7M from the BMDP package [21], shows a total correct 
classification of 79.7%. This demonstrates that the data set is difficult to 
classify on the basis of functionality, which is reasonable from a spectro
scopic point of view. But the classification may be of potential interest for 
an end user. This data set is thus suitable for testing because it contains 
interesting information which is difficult to extract. Further research on the 
classification of this data set is in progress. 

Testing the global fit for different methods of hierarchical clustering 
shows (Table 7) that the group average algorithm gives the best results, 
followed by the simple average and furthest neighbour. This result is in 
agreement with the results of Cunningham and Ogilvie [22]. Group average 
means that, when two groups are joined, the new group centre is computed 
as the mean of the original group centres weighted by the number of objects 
in each group. As most of the groups combined during the clustering proctss 
are of comparable size, this produces a reasonably balanced tree (Fig. 4). 

Fig. 3. Data set C plotted against its two first principal components. Each group in the 
data set is described by its convex hull (20 J. 

Fig. 4. The result of hierarchical clustering of data set C using the group average algorithm. 
The horizontal scale is proportional to the amalgamation distance d'. 
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TABLE 7 

Goodness of fit (or different hierarchical cluttering algorithm! with the euclidcan distance 
measure and data tet C 

Method r- a. 

Nearest neiBhbour 0.64 0.41 
Furthest neighbour 0.76 0.42 
Centroid 0.59 0.B1 
Median 0.S9 0.46 
Group average 0.83 0.11 
Simple average 0.80 0.16 

On the basis of this result, the group average algorithm was used for 
building the search tree in TREE. CYCLE was used with depth q = 10 and 
ms = 2. NOISE results were the average of three different runs for each test, 
with different initial seeds for the random number generator, and with 10% 
background noise and 100% fluctuation. The differences between individual 
rims were small; the mean standard deviation for ps over all distance measures 
was 1.5. The deviation was also quite systematic, so that each run gave the 
same relative order of the distance measures. In MIX, each spectrum was 
contaminated to an extent of 50% (of the combined spectrum) by its succes
sor in the sorted file. The effect of combining spectra at random was also 
tested (Table 8), and the results were similar to those for the sorted file, 
although a lower number of correct identifications was found. The mixing 
of spectra from compounds that are closely related is a common situation in 
analytical problems (for example g.c./m.s.), therefore in all tests neighbours 
in the sorted file were combined. Vector length n = 150 was used in all tests. 

The test results (Table 9) show that for each test method the distance 
measures can be divided into groups with high and low scores. For TREE, 
the distance measures (1, 2, 6, 7, 8, 9, 10) produce mainly high pa scores, 
and distance measures (3, 4, 5) mainly low ps scores. The same grouping 
seems natural for the results from CYCLE. This seems reasonable, as both 
the clustering and search step in TREE and the search step in CYCLE 

TABLE 8 

Test scores from MIX by using a random permutation of data set A and normalization 2 

MIX Distance measure 

1 2 3 4 5 6 7 8 9 10 

Ps 27 15 49 53 4 27 28 28 23 28 
P's 19 10 45 62 3 20 21 20 17 20 
Pa 57 49 67 67 41 56 56 56 56 56 
PC 51 43 66 69 34 51 51 51 50 51 
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TABLE 9 

Test scores from TREE, CYCLE, NOISE and MIX for all distance measures, with normaii-
zation 2 

Distance measure 

1 2 3 4 5 6 7 8 9 10 

TREE 5 6.5 5.7 8.1 9.9 5.9 6.2 4.9 4.8 5.5 4.6 
Ps 83 84 68 0 72 87 85 86 81 85 
PG 92 92 80 13 82 94 93 94 88 93 

CYCLE Pc 65 67 54 48 56 65 66 65 66 65 
Pa 52 53 53 59 49 53 54 54 52 54 

NOISE Ps 28 31 22 0 33 26 37 29 12 29 
PG 64 68 55 16 74 66 73 64 48 64 

MIX PS 39 30 57 73 20 39 42 42 40 42 
PS 32 23 50 71 15 32 35 35 33 35 
PG 86 81 93 96 74 86 88 87 86 87 
PG 83 77 92 96 68 83 85 85 83 85 

depend on the identification of a limited number of closely related spectra. 
For the results from NOISE, a natural grouping may be (1, 2, 5, 6, 7, 8,10) 
with high p s scores and (3, 4, 9) with low ps scores. This is quite similar to 
the results from TRISE and CYCLE, except for distance measures 5 and 9. 
The high score for distance measure 5 in the NOISE test may be due to the 
fact that most noise distortions are small, and the maximum distance between 
the original spectrum and the noise-distorted spectrum will thus remain 
small. Mixing spectra, as in TREE and MIX, may introduce new peaks, with 
large maximum differences (and distances) as a result. For the results from 
MIX, a grouping into three groups seems natural, with distance measures 
(3, 4) with high ps scores (1, 6, 7, S, 9, 10) with medium scores and (2, 5) 
with low p s scores. This is very different from the other results, and the 
difference is most pronounced in distance measures 3 and 4. This is probably 
due to different methods for weighting the differences between vectors. 
Distance measure 1 will square each difference, thereby increasing the 
importance of large differences. Distance measure 3, in contrast, uses 
absolute values for differences, which means that many small differences may 
outweigh a few larger ones. This is still more marked in distance measure 4, 
for which the importance of variation in large data values is reduced by 
dividing the difference by the sum of the values. 

The noise added to each spectrum introduces many small shifts, especially 
as background noise. This has little influence on distance measure 1, but 
can lead to a large distance between the reference spectrum and the noise-
distorted spectrum when distance measure 3 is used. Distance measure 4 
will cause even larger distances between the spectra because data values 
different from zero (caused by background noise) will contribute maximally 
to the total distance. 



237 

Compared to noise distortion, mixing of two spectra will give more large 
differences, especially when the main fragments of the compounds are 
different in the combined spectra. This will lead to relatively large distances 
when distance measure 1 is used whereas distance measures 3 and 4 will 
give better results. 

As the proportions of the mixed spectra vary (Fig. 5a), the degree of 
correct identification decreases with increasing contamination for distance 
measure 1, but increases for distance measure 4. Distance measure 1 is 
seriously affected by the increasing intensity of the foreign peaks, whereas 
for distance measure 4 this increased intensity leads mainly to better identi
fication of the minor component in the mixture. If noise is added as 80% 
fluctuation to the mixed spectra (Fig. 5b), the degree of correct identifica
tion when distance measure 1 is used, is reduced by about 20 units, whereas 
the results for distance measure 4 show little difference. This is reasonable, 
as fluctuation creates few and relatively large differences (most spectra in the 
library have data values in only a few positions). If 5% background noise is 
also added, the additional shift in the results for distance measure 1 is small, 
whereas the results for distance measure 4 approach a level corresponding 
to random assignment of spectra. 

However, the noise used in these tests was artificial, and more knowledge 
about the exact nature of noise in mass spectra would be useful for additional 
tests. 

The pG scores in Table 9 are mainly similar to the p s scores. But the pa 

scores from CYCLE show an important difference for distance measures 
3 and 4. Whereas the p c scores are low, the corresponding pa scores are 
high. This indicates that although these distance measures allow for the 
inclusion of more spectra, the new spectra are mainly from the same group 

5 •/„ 20 35 50 5 % 20 35 50 
contamination contamination 

Fig. 5. Teat scores from MIX (identification of spectra) for distance measures 1 (o, • ), 
3 (a) and 4 (a, • ) . (a) With different levels of contamination; (b) for distance measures 
1 and 4 with 80% fluctuation noise ( ) and 5% background noise ( ) added to the 
combined spectra. 
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as the first spectrum, probably because these distance measures, by reducing 
the importance of large differences, allow a shift in the base peak position, 
as long as the general pattern of the mass spectrum remains the same. 

The distance measures 3 and 4, both with low p s scores, give skewed 
search trees compared to the other distance measures (Table 9). 

The effect of using different normalization procedures was tested by using 
the same test methods and distance measure 1. The results (Table 10) 
obtained with normalizat'on 6 seems to be best, especially from the NOISE 
score. But the method ignores the absolute zero of mass spectra, and zeros 
in the raw spectrum will be nonzero in the normalized spectrum. This makes 
compact storage of spectra difficult. Normalization 8 may therefore be an 
interesting alternative. 

Conclusions 
The tests show that although the differences in most cases are small, no 

single distance measure seems to be optimal in all situations. Most of the 
distance measures tested in this paper can be grouped into two different 
groups. Distance measures of type 1 (1, 2, 6, 7, 8, 10) tend to emphasize 
large differences between spectra. Distance measures of type 2 (3, 4) tend 
to reduce the importance of large differences between spectra. Distance 
measures 5 and 9 seem to be different from the other distance measures with 
respect to this grouping. 

In a presearch of a library of mass spectra, based on prototypes for groups 
of spectra, the distance measure should be of type 1. In a search of a library 
for spectra of related compounds, distance measures of type 1 will limit the 
number of retrievals, but distance measures of type 2 may return additional 
useful information. 

TABLE 10 

Test scores from TREE, CYCLE, NOISE and MIX for normalization procedures, using 
distance measure 1 (for test scores for normalization 2, see Table 9) 

Normalization 
l 3 4 5 6 7 8 

s 6.7 7.9 4.8 6.2 4.9 8.7 4. 
Ps 77 77 87 87 86 84 88 
Pa as 88 96 94 95 94 95 
Pc 59 63 65 65 66 47 65 
Pa 50 55 54 53 54 40 54 
Ps 29 28 29 28 37 0 29 
PB 64 63 64 67 73 19 64 
Ps 38 39 42 39 42 31 42 
P's 31 33 35 32 35 24 35 
Pa 87 87 88 86 88 74 87 
Pa 85 85 85 S3 85 69 85 
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If noise is a problem in the spectra, the choice of distance measure 
depends on the nature of the noise. If the samples are pure, but background 
noise and instrumental differences introduce variation in the spectra, the 
distance measure should be of type 1. However, if .nstrumental and experi
mental conditions are stable, both for reference and query spectra, but the 
query spectra are contaminated by other compounds, the distance measure 
should be of type 2. 

The effect of choosing different normalization procedures seems to be 
small, but normalization procedures 6 and 8 may give some improvement 
over the basepeak normalization often encountered in mass spectrometry. 

The author is indebted to the Norwegian Council for Scientific and 
Industrial Research (NTNF) for financial support. 
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The effect of thirteen different transformations of individual mass spectra on the performance of a computerized 
identification of the corresponding compounds was tested by four different test methods. The results showed that the 
choice of transformation should depend on the dominant source of noise in the spectra. For spectra with random 
noise, the transformation should reduce the importance of small peaks. For speci;a with contamination from other 
compounds, the transformation should include, and probably increase the importance of, small peaks. 
Keywords: Mass spectrometry; Computerized identification; Transformations 

When spectra are used in a computerized 
identification system, it is common to transform 
the spectra prior to the analysis [I]. The purpose 
of the transformation may be data compression, 
noise surpression or enhancement of interesting 
features in the spectra. For mass spectra, several 
transformations have been proposed for each of 
these tasks, many of them have been tested and 
compared by various methods [2-5] and a few are 
used in spectral libraries and search systems [6], 

In a previous investigation [7], several new test 
methods were used to examine the influence of 
different distance measures and normalizations 
on the success of computerized identification. 
These test methods were mainly modifications of 
search methods for the identification of spectra 
by library search. It was shown that the choice of 
an optimum distance measure will depend on the 
type of noise in the spectrum. The identification 
of spectra from mixtures and of spectra with 
random noise may require different distance 
measuics for an optimum result. This is also true 
for normalization methods, although the effect is 
less pronounced. 

1 Present address: MR-Ccnter. SINTEF UN1MED. N-7034 
Trondheim. Norway. 

With this background, it was of great interest 
to compare different transformations using the 
same test methods. This also offered the possibil
ity of comparing some transformations that had 
not been tested in a satisfactory way in previous 
investigations. 

Thirteen transformations were selected for 
testing. The transformations either change the 
relative intensity of individual peaks, remove in
significant peaks or change the appearance of the 
spectrum completely, thereby enhancing new fea
tures of the spectrum. 

The tests showed that the transformations im
proved the success of the identification only in a 
very few instances. In almost all instances the 
result was influenced by the type of noise in the 
spectrum. Transformations improving the identi
fication of mixtures will have an adverse effect on 
the identification of spectra with random noise, 
and vice versa. 

EXPERIMENTAL 

The data set 
The data set was described previously [7]. It 

consists of 747 spectra of monofunctional com-

0003-3670/92/505.00 id 1992 - Elsevier Science Publishers B.V. All rights reserved 
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pounds wiih M < ISO. selected from a collection 
of 40000 mass spectra from the US National 
Bureau of Standards. The data set was separated 
into nine different groups on the basis of func
tionality, and sorted into ascending order of 
molecular weight within each group (Table 1). 
This data set (A) was used with the test programs 
CYCLE. NOISE and MIX. A subset of 373 spec
tra from A (data set B) was used by the TREE 
program. A discussion of the choice of data set is 
given in [7J. 

Transformations 
Only transformations of individual spectra were 

considered, as these transformations will be in
variant to variations in the size and quality of the 
library. 

An algorithmic description of all transforma
tions is given in Table 2. Transformations 1-3 
change the relative intensity of individual peaks, 
mainly in order to increase the intensity of small, 
but possibly important, peaks. 

Transformations 4-9 remove peaks from the 
spectra. This may be done for data compression 
in order to reduce the amount of space needed 
for storage. The problem is to remove only the 
insignificant information, with the added con
straint in this case that only individual spectra are 
considered. This excludes variance and c rrela-
tion [12] as criteria for the significance of a vari
able. 

Transformations 10-13 change the appearance 
of the spectra completely. This is done mainly in 
order to enhance features that are not immedi
ately appearent in the original spectra. 

Test methods 
Four different test methods were used, real

ized in the test programs TREE. CYCLE, NOISE 
and MIX. A detailed description of the test 
methods has already been given [7], so only a 
short summary is presented here. 

In the TREE method the spectra are arranged 
as a hierarchical search tree using a hierarchical 
clustering algorithm. The tree is used for spec
trum identification by searching with spectra from 
the library. 

In the CYCLE method a linear library search 
is used to find the k nearest neighbours to a 
spectrum from the library. These neighbours are 
then used for new searches, finding the k nearest 
neighbours to each of these spectra. This process 
is continued for the required number of itera
tions, and the result is given by the size and 
composition of the set of spectra selected from 
the library during the iterative process. 

Both the NOISE and the MIX methods use a 
linear library search for direct identification of 
spectra. These spectra are taken from the library, 
but distorted before the identification. In NOISE, 
random background noise is added to the spec
trum, and random fluctuation is appended to 
each peak in the spectrum. In MIX, each spec
trum is mixed with some other spectnim from the 
library, and the library search tries to identify 
both compounds in the mixture. 

From TREE, NOISE and MIX the percentage 
of correct spectrum identifications ( p s ) and group 
identifications ( p 0 ) is returned. From CYCLE 
the degree of convergence (pc) is returned in 
addition to pG. A high degree of convergence 
means that the set of included spectra is small, 
which indicates a good ability to identify closely 
related spectra. From MIX, both the percentage 
of correct identifications among the two first can
didates (ps and p c ) and the percentage of cor
rect identifications in only the first or both the 
first and the second candidate (p's and p'c) is 
returned. 

TABLE 1 
Tesl dala seis A and B 

Group No. of spectra 
name A B 

Alkancs 106 53 
Cyclaalkanes M 45 
Alkenes 146 73 
Ketones 56 28 
Amines 67 33 
Alcohols IIS 58 
Amides 36 18 
Eslers 76 38 
Elhcre 55 27 
Total 747 373 
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TABLE 2 

Algorithmic description of transformations (2 -5 .8 -10 ] ' 

Transformation 

var. n. an: integer; z, x: array[l../i] of real; 
0 (No transformation.} 

f o r i - I t o n do x[k]-z[k\\ 
1 (Weighting intensity against m/z.) 

for k - I to n do x[k\- k • z[k); 
2 (Square root of all intensities.} 

for it - I to /i do *(A]:-sqrt< ;[*)); 
3 (Logarithm of all intensities. It is assumed that U.O < z[k] K 1.0.) 

for k ~ 1 to n do x[k]-- log(1.0 + :[Jk|-9W9.0)/4.0; 
4 (Select I peak in intervals of 7 mass units.) 

for k -«• 4 to n step 7 do 
for h •• it to it + 6 do 

if z[H] -Max( z[k..k +6]) then x[h)-z[h\ 
(Compare with peak with maximum intensity in subvector.); 

5 (Select 2 peaks in intervals of 14 mass units.) 
var y: array(l„14| of real; 
for k •- 7 ta n step 14 do begin 

SortDescending<z[£..Jt + 13], y) 
(Sort subvector from z into descending order.); 
for h :- * to k + 13 do 

if z l f t}>«y[2}ihen x[h]---z[h] 
end; 

6 (Select peaks from 1 odd and 1 even mass in intervals of 14 mass units.) 
for k ••" 7 to n step 14 do 

for h — k to k + 13 do 
if (Even(A) and * [ / i ] - MaxEveniz[k..k + 13])) 
or iOddihi and z[h\ = MaxOdd(z[A..A + 13])) 
then x[h]-~z[h); 

7 (Select 12 peaks from entire spectrum.) 
var y: arravfj../j] of real; 
SoriDescending (z, y); 
for k :- I i o n do 

if ; H > - y( 12] then x[h] =- z[h)\ 
H (Select significant peaks with intensity larger than average of lower and higher homologuc.} 

var y: arrayf. - 13..n + 14] of real; 
for k •* 1 to n do y[k]-->z[k]\ 
for k « 1 to n do 

if yU]><y[*-14] + ylA+ !4|>/2 
then x[k\~y[k\; 

** (Code intensities as binary values, threshold 5CÆ of base peak.) 
for k -- 1 to n do 

if z[k]> MaxU)/2I)ihen 4 * 1 ' - 1.0: 
U) (Make spectrum of fragments.) 

var mw: integer 
(Molecular weight of compound.}; 
for k =- 1 to mw- 1 do x[k\--z[mw - k\\ 

11 (Make spectrum of ion series.) 
for k •- 1 to 14 do 

for / i= -6 + * to n step 14 do x[k\-~x[k] +z[h]; 
tin ••- 1 4 ; 
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TABLE 2 (continued) 

Transformation 

No. 

12 {Make autocorrelation spectrum.) 
for k » 1 to n - I do begin 

for h ••- k * 1 tofl do x{k\-x[k\ + z[h\* z[h - k}; 
x[k)mx[k]/in-k) 
end: 

nn : « n - 1: 
13 {Make Fourier transformed spectrum.} 

var >•: array! -n..n\ of real: 
c: array[l..n + I] of complex; 

for k : - I to n do 
begin y [ A ] - ; { * ] ; y [ - * } ~ z f A J e n d 
{Make symmetric array of intensities.}: 

RealFourier (y, c): 
for k ••- 1 to n do x[*] - Real <c[& + 1]) 
(Ignore scaling factor, use only real part.}: 

a A Pascal-like (M] notation is used, describing the transformation of data in the array z of length n into a new data set in the 
array x of length nn. Temporary arrays y and c are used when necessary. Initially all elements of x. y and c are zero, and nn is 
equal to n. The algorithmic descriptions are written for easy comprehension of each method, and they are therefore not always 
identical to the actual implementation. 

All tests were run using the same parameters ages of three runs with different random seeds, 
as for distance measure testing [7], In TREE, the all with background noise of at most 10% of the 
group average algorithm was used for building total intensity of the spectrum, and fluctuation of 
the search tree. In CYCLE, the two nearest at most 100% of the intensity of each peak. In 
neighbours to each spectrum were found, with at MIX, each spectrum was contaminated to 50% by 
most ten iterations. NOISE results are the aver- its neighbour in the sorted library. 

TABLE 3 

Test resulls for transformations 0 to 13 from test methods TREE. CYCLE. NOISE and MIX. using the Euclidean distance 
measure J 

Method Parameter Transfonnati ion Parameter 

0 1 2 3 4 5 6 7 8 9 10 11 12 13 

TREE s 4.8 9.1 5.5 7.8 4.2 4.9 4.3 5.3 4.4 7.S 4.4 3.6 5.7 4.5 

Ps 88 85 85 80 88 82 87 86 87 71 83 78 73 82 

Pc 95 92 92 89 94 91 93 94 95 84 92 92 83 91 
CYCLE Pc 65 64 62 45 69 63 69 62 67 21 69 47 48 64 

Pc 54 57 59 54 55 54 53 55 51 34 47 65 45 53 
NOISE Ps 39 20 1 0 18 32 25 37 24 0 37 1 0 32 

Pc 64 55 23 15 52 68 56 74 62 15 66 18 5 70 
M I X Pi 42 42 59 63 28 38 35 40 34 42 44 20 34 40 

Pi 35 35 53 61 22 31 28 34 27 35 36 15 28 33 

Pa 87 88 96 93 74 83 82 87 81 85 77 88 81 85 

Pis 85 86 95 93 69 80 78 84 78 83 75 85 79 82 

a Skewness (s), percentage of correct spectrum and group identifications ( p s , pG), and percentage of convergence ( p c ) arc shown. 
For additional explanation, see the text and [7]. 
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TABLE 4 
Test rusula us described in Table 2 but using the city-block distance measure 

Method Parameter Transformation Parameter 

0 1 2 3 4 5 6 7 8 9 10 11 12 13 

TREE s 5.5 6.6 5.9 5.1 4.7 4.8 4.6 4.8 6.0 9.1 3.5 3.8 8.2 5.0 

Pi 77 80 73 65 78 75 74 71 73 42 77 75 73 80 

Pa 89 89 84 80 88 87 88 87 83 66 88 88 85 89 
CYCLE Cc 57 62 49 49 63 50 59 58 62 21 72 44 41 63 

Co 59 56 52 59 51 55 53 56 52 34 51 65 45 55 
NOISE Cs 27 17 1 0 20 32 28 39 27 0 40 0 0 31 

Pa 62 48 20 15 57 69 63 75 65 15 69 14 8 69 
MIX Ps 59 62 72 7] 35 48 45 50 47 42 58 24 41 39 

Cs 52 58 68 70 29 41 37 42 40 36 51 17 35 33 
Cc 94 95 98 96 78 89 86 90 87 85 88 89 86 85 
Pa 93 94 98 96 73 87 83 89 85 83 86 86 85 83 

All spectra were stored as intensity values in 
arrays with ISO elements, with individual ele
ments corresponding to integer mass units from 1 
to 150 mu. The spectra were normalized against 
vector length (normalization 8 in [7]) before any 
transformation. The spectra were not renormal-
ized after transformation. 

Ail transformations and test methods were 
programmed in ASCII FORTRAN (essentially 
FORTRAN 77 with some extensions) and run on 
an Unisys 1100/82 under OS1100. For the 
Fourier transform in transformation 13 the 
FFTRC routine from the IMSL library [13] was 
used. 

RESULTS AND DISCUSSION 

The test results are shown in Tables 3 and 4, 
for tests using Euclidean and city-block distance 
measures, respectively. The number of active 
variables after each transformation is shown in 
Table 5. 

A visualization of the transformations is given 
in Fig. 1, showing the spectrum of heptane after 
each transformation. The relative reduction in 
intensity of large peaks is striking in the logarith
mic transformation 3. The spectrum from the 
autocorrelation transformation 12 is dominated 
by the effect of homologous fragments, as the 

TABLES 
Number of variables in the transformed data set (n), number of variables needed to represent 95% and 99% of the total variance in 
the data set (nv) and the average number of variables needed to represent 95% and 99% of the total intensity in each sptnrum 
<n,) 

Parameter Transformation 
0 1 2 3 4 5 6 7 8 9 10 11 12 13 

n 150 150 150 150 150 150 150 150 150 150 150 14 149 ISO 
nv<95%) 30 36 55 91 27 29 28 29 29 54 36 5 40 98 
nv(99%) 49 50 82 III 42 45 44 47 47 70 51 8 64 120 
n, (9SM 19.5 19.8 39.8 46.6 5.8 9.0 8.5 10.2 10.9 13.8 18.8 5.3 35.3 100.3 
n,(99%> 33.0 33.5 49.3 51 1 8.8 11.7 11.5 12.1 17.1 13.9 31.S 7.8 53.2 125.4 



large peaks at 14 and 28 mass units probably 
correspond to CHT and C,H; , respectively. The 
increased number of active variables in transfor
mation 2. 3. 12 and 13 is also appearent. 

The test results in Tables 3 and 4 show that 
very few transformations actually improve the 
results. This is especially true in TREE, where 
none of the transformations improve the perfor
mance. In CYCLE the results are contradictory, 
as transformations improving pc will not neces
sarily improve p0, and vice versa. This seems to 
indicate that the inclusion of more spectra during 
the search does not necessarily mean that the 
method fails, as the relative proportion of spectra 
from the correct group generally is increased. 
Looking at group identifications ( p a ) only, trans
formation 11 improves the score for both distance 
measures. In NOISE, transformations 5 and 7 
both improve the result and reduce the space 

requirement. Transformations 10 and 13 also im
prove the results, but the transformed spectra 
may need more space for storage. In MIX, trans
formation 2 generally improves the results. This is 
also true for transformation 3, but with a very 
large increase in space requirement. Transforma
tion 14 improves the identification of groups, and 
the degree of compression is good. 

This shows that the choice of transformation 
should depend on the type of noise dominating 
the analysis, as random noise and contamination 
generally require different transformations. This 
may be explained by the different natures of 
these noise types. Random background noise will 
generally produce several small peaks and small 
variations in peak intensities. The small peaks are 
removed by transformations such as 5 and 7, 
whereas transformations 2 and 3 will increase the 
importance of these random peaks. Contamina-
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Fig. I. Effect of transformations 0-13 shown on Ihe spectrum of heptane. Ail spectra were normalized against the hase peak het'ore 
plotting. 



TRANSFORMATIONS FOR MASS SPECTRA 

tion. on the other hand, may introduce a few very 
large variations, especially if the base peak differs 
for the spectra in question. This means that a 
correct identification may depend to a large ex
tent on the overall appearance of the spectrum, 
and especially the small peaks. Therefore, trans
formations 2 and 3 should improve the search 
performance, provided that the spectrum is not 
contaminated by random noise. 

Conclusions 
The main conclusion seems to parallell that for 

distance measures [7]. For spectra with random 
noise the transformation should reduce the im
portance of small peaks (as transformations 5 and 
7). For spectra with contamination from other 
compounds the transformation should include, 
and probably increase the importance of, the 
small peaks (as transformations 2 and 3). 

For data compression the peak selection meth
ods seem to give good results. The use of signifi
cant peaks (transformation 8) or both odd and 
even peaks (transformation 6) does not seem to 
give any improved performance over the simpler 
peak selection algorithms. If the main purpose is 
identification of groups, the ion series transfor
mation (11) seems to offer very good data com
pression with little loss of information. 
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CLASSIFICATION OF MASS SPECTRA 

FINN DRABLØS' 
Department of Chemistry, University of Bergen, Atlégl. 41, N-S007 Bergen, Norway 

SUMMARY 

In order to investigate correlations between the functionality of compounds and the classification of their 
mass spectra, low-resolution spectra of monofunctional compounds have been classified by four 
supervised classification methods. The new classes are characterized by structural features and the 
correlation between functionality and classification is explained by fragmentation rules. Systematic 
misclassifications show that low-resolution mass spectra alone are not suitable for reliable identification 
of functionality. 

KEY WORDS Mass spectra Classification Structure description Fragmentation 
Ion series 

INTRODUCTION 

Mass spectrometry is a powerful method for the characterization and identification of 
compounds. The spectra are easy to transfer to a computer and several computer programs 
for the analysis of mass spectra have emerged.' ~4 The main method for identification is library 
search, where a library of mass spectra is searched for a spectrum similar to that of the 
compound to be identified.5 For spectra not represented in any spectrum library, the computer 
analysis may involve classification of the spectrum6 for the identification of structure type, 7 " l 0 

possible substructures""" or compound classes." Classification can also be used for 
separation of multicomponent spectra. "•" The classification may be an extension of the 
library search (e.g. a ^-nearest-neighbours algorithm) or an independent classification 
procedure. We then assume that similar structures will give similar spectra. The problem is to 
define similarity so that structure classes which are meaningful to the chemist are represented 
as separable classes of spectra in the classification procedure. Often the classification of 
structures and spectra differs for some compounds (Figure 1). Most evaluations of 
classification methods have looked upon the optimalization of correct identifications (see e.g. 
references cited by Varmuza)6 and on the fragmentation information found in the 
classification function.' 6" 2 2 For a thorough understanding of the classification process a 
detailed analysis of the relationship between structure, spectrum and classification is necessary, 
both for correct and incorrect classifications. 

In the current investigation monofunctional compounds are classified into structure classes 
by functionality. Their mass spectra are reclassified by four different supervised classification 
methods into corresponding spectrum classes. The logical combination of structure and 

* Present address: MR-Center, SINTEF UNIMED, N-7034 Trondheim, Norway. 
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STRUCTURE f r a g m e p t a t i ° " SPECTRUM 

Figure I. A compound with known structure may be analyzed with a mass spectrometer, giving a mass 
spectrum. The generation of the spectrum can be described by fragmentation rules. It may be classined 
to a spectrum class by a classification function. The structure may be classified to a structure class 
according to a priori information. In the logical combination of the classes, only subclass (b) will 
represent correct classifications. Spectra from structures in subclass (a) are classified to an incorrect 
spectrum class, while spectra in subclass (c) are from a different structure class. The chemical significance 
of the classification may be evaluated as the correlation between the classification function and 
characteristic fragments in the spectrum18"22 or, preferably, as the correlation between structure, 

spectrum and classification. 

spectrum classes returns a set of subclasses containing both correct and incorrect 
classifications. For all subclasses average structure descriptions and spectra are computed and 
the correlations between structures, spectra and classifications are discussed using 
fragmentation rules. 

It is shown that all classifications may be given a reasonable explanation. Misclassifications 
are due to alternative fragmentation ways leading to similar mass patterns rather than to real 
deficiencies in the classification methods. Since the misclassifications are difncult to predict, it 
is not possible to get reliable identification of functionality using mass spectra only. 

THEORY 

A data set Js] is introduced consisting of pattern vectors s>, / = 1 m, with vector elements 
Sn,k= 1 /I, corresponding to individual features (variables) of the pattern. This data set 
is of known classification into c possible classes in u. The notation u(j),j= 1, . . . ,c, is used to 
denote class number j in u consisting of all pattern vectors in u belonging to this class, whereas 
a,,i= \,...,m, is the classification of individual pattern vectors s, in a. The set |s) is used as 
a 'training set' for the computation of a classification function. There is also introduced a 
pattern vector z of unknown classification which is to be classified by the set of c classification 
functions |d(z) | computed on the given training set. The vector z is classified to class u<o if 

rf,(z) = max|rf,(z)|, y = l c (1) 
j 

Several methods exist for the construction of classification functions. In this investigation 
four very different approaches are used, denoted as k nearest neighbours, stepwise 
discriminant analysis, probabilistic classification and centroid classification. These approaches 
will now be described. 
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* nearest neighbours 
The classification function may be defined to classify z to the class of its nearest neighbour in 
the training set, 

dj(z)= max|l/£>(z,s,)) (2) 

where D is any distance measure definable over the pattern space. 2 3 This scheme, which is 
known as the 1-NN classification rule, can easily be extended to a more general Ar-NN 
classification rule, where the classification is determined from the k nearest neighbours to z by 
a modification of the classification function, e.g. by using a voting scheme. 

The *-NN classification rule may be compared to a library search, which is a common 
method for the identification of spectra. However, in the £-NN classification we assume that 
the unknown is not represented in the data set. 

Stepwise discriminant analysis 

A linear classification function, called24 a 'group classification function', can be defined: 

</,(z) = b/z + aj (3) 

The constants in this function can be chosen so that the function dj which has the largest value 
at z corresponds to the class with the largest posterior probability24 given z. For each pair of 
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Figure 2. The Tour classification methods A-NN, (stepwise) discriminant analysis, probabilistic 
classification and centroid classification illustrated on a small data set with two variables. The data set 

consists of two classes ( ' and * ) and an unknown object ( x) 



122 F. DRABLØS 

classes u><i) and co(y, the difference 

d,j = d, - dj (4) 

defines a hyperplane which separates class aj<i> from class &)(;> (see Figure 2). 
In a stepwise training of the classification functions individual features are entered or 

removed until a feature subset with maximum discriminating power is used by the classification 
functions. 

Probabilistic classification 

Using Bayes' formula, the probability of u(y> given z can be written a s 2 3 

p ( U ( j ) | z ) - W) ( 5 ) 

where p(a><./)) and /?(z) are the overall probabilities of a»(;> and z respectively and p(z | wo>) 
is the probability of z given wu>. Since l/p(z) is a common factor in the evaluation of p(u> | z), 
the expression can be rewritten as a classification function 

dj(z) = p(uu))p(z\ulii) (6) 

If the multivariate probability distribution of the classes is known, a parametric estimation of 
the probabilities can be used; otherwise p can be approximated as the product of individual 
feature probabilities. The features should be uncorrected to return a true probability, but 
correlated features may also give a useful classification function. 

Centroid classification 

Each class w<j) can be represented by a mean vector c defined as the average of all vectors s< 
belonging to anjy. 

E Stk 

cjk = — . k=\ n (7) 

This can be used in the classification function 

flr><z)=K7rr; <8> 0<z,c,) 

where D is any distance measure definable over the pattern space. 

EXPERIMENTAL 

The data set 

From a collection of 40 000 mass spectra from the National Bureau of Standards (U.S.A.), a 
subset of 747 spectra of monofunctional compounds with M < 150 were chosen, separated 
into nine different structure classes u<» on the basis of functionality (Table 1). It seems 
reasonable to assume that the influence of the functionality on the fragmentation pattern 2 5 

may make it possible to classify the mass spectra according to the functionality of the 
corresponding compound. All spectra were normalized against the base peak. The data set was 



CLASSIFICATION OF MASS SPECTRA 123 

Table 1. Mass spectra used for classification 

Class number Class name Number of spectra 

1 Alkancs 106 
2 Cycloalkanes 90 
3 Ailcenes 146 
4 Ketones 56 
5 Amines 67 
6 Alcohols 115 
7 Amides 36 
8 Esters 76 
9 Ethers 55 

Total 747 

stored as pattern vectors (spectra) x,, i'=l 747, with pattern features (relative intensity 
values) Xik,k— I ISO. Each pattern vector x( was identified by class membership (w,) and 
an identification number (ID,) connecting it to the corresponding record in the NBS spectrum 
library. 

The first two principal components of the data set were computed on the covariance matrix 
without factor rotation using the program P4M (factor analysis) from the BMDP package.M 

The probability distribution of the data set was analyzed using the programs PIS (multipass 
transformations) and P2D (detailed data description) from the same package. In the PIS 
program user-specified FORTRAN transformations were included for removal of variables 
with less than ten non-missing data values, as described under preliminary work. 

A randomized data set, used for testing the significance of the classifications, was made by 
shuffling the class membership vector a according to the algorithm o' Moses and Oakford. 2 7- 2 8 

This ensured that the new classes were of the same size as the original classes but with pattern 
vectors chosen at random. 

Classification 

All classifications were tested by a 'leave-one-out' procedure. The pattern vector x* was used 
as the vector z to be classified, using the rest of the data set |x,),i X h, as the training set |s). 
By repeating this for h = I,. . . , 747, all spectra were reclassified into new spectrum classes G(,> 
This can be represented by a classification matrix, where element /,y contains the number of 
objects from class ua> classified to class !)<;). 

The modification of the classification function for the Ar-NN algorithm with k > 1 consisted 
of a simple voting scheme used on a list of the k nearest neighbours to z from (s|. Here z was 
classified to the class receiving a plurality vote. In the case of a draw the class with the smallest 
average distance from z, computed over the fc-NN list, was selected. 

For the stepwise discriminant analysis the program P7M (stepwise discriminant analysis) 
from the BMDP package was used with default values. 

The probability p(z| <•)<;)) for the probabilistic classification was approximated by the 
product of the individual feature probabilities: 

P(z|"(y>) = II Pt(z* I <«o>) (9) 
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The individual probabilities were computed by partitioning the intensity range into ten 
intervals of equal length. The discrete probabilities were used directly, without smoothing or 
function approximation. This means that a single rare feature in z could give an erroneous 
class rejection because it would return a zero probability. To reduce this problem, the set of 
probabilities p* computed for each class was sorted into descending order. By computing the 
total probability p in a stepwise manner, the computation could be halted if all class 
probabilities became numerically zero, and probabilities for the last-but-one step used for 
classification. This also reduced the problem of numerical underflow in the computations. 

For all distance computations the Euclidian distance measure was used. 
Computer programs for K-NN, probabilistic and centroid classifications were written in 

ASCII FORTRAN (essentially FORTRAN 77 with some extensions). The BMDP programs 
were the April 1985 versions. All programs were run on an Unisys 1100/82 computer under 
the OS1100 operating system. 

RESULTS AND DISCUSSION 

Preliminary work 

The complete data sei is plotted against its first two principal components (Figure 3) as 
computed by the P4M program. Some of the variables {m/e 3,4,6,7,8,10,11,146,147,148,149) 

f 
b 

> " ' s 

"f 7 8 

n 

'•A ' 

£" 9 
Figure 3. Each of the nine classes of the data set plotted against the first two principal components 
computed on the complete data set. Of the total variance in the data set 21 -8470 is explained by the first 
component and a total of 35-86Vo by both components. Name and quality index 2 9 for objects a-n: a, 
ethane (0); b. propane (416); c, cyclopentane (727); d, IJ-dimethylethylcycIohexane (339); e, ethane 
(491); f, 1-decene (657); g, 2-meihyM-butanamine (207); h, 6-methyI-2-heptanamine (521); i, hexyl 
methanoate (556); j , heptyl meihanoate (597); k, pentyl meihanoate (727); 1, l-(l-methy!ethoxy)butane 

(659); m, l-bmoxypentane (434); n, I-propoxybutane (442) 
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Table 2. *-NN classification. Number of correct classifications using the *-NN 
algorithm with different values for k 

A l 2 3 4 5 6 7 8 9 10 
589 589 588 584 558 566 549 548 542 538 

were removed after a trial run since they were rejected by the program because of too little 
variance. Some objects marked in Figure 3 are different from other spectra within the same 
group. In most cases these spectra are different because they come from very small molecules 
(e.g. a, b and e), very large molecules (f and m) or molecules capable of non-characteristic 
fragmentation patterns (i, j and k) or because of low spectrum quality29 (d and g). They may 
be regarded as outliers but are included in the present investigation because spectra of this type 
are found in most spectrum libraries. The plot should be interpreted with caution since only 
35-86% of the total variance in the data set is explained. However, it seems reasonable to 
assume some overlap between classes 1-4-8, 2-3, 5-7 and 6-9. 

Testing the t-NN classification with different values for * (Table 2) shows a small but 
systematic decrease in performance when k is increased. All classifications were therefore done 
with k=\. 

For the estimation of individual feature probabilities either a parametric estimation, where 
some known probability distribution (e.g. normal or Poisson) is fitted to the data set, or a non-
parametric estimation, where the numbers of data values occurring in discrete intervals are 
counted, can be used. To test whether a normal distribution could be fitted to the data set, 
the alkane spectra (class 1) were used. All variables were replaced by their z-score (unit 
variance and zero mean) and combined into one single variable. The skewness, kurtosis and 
Shapiro-Wilk tv-statistic30 were then computed. The variables definitely did not show normal 
distribution: w as 0-6490 and the kurtosis was 35-55 (they should be close to 1-0 and 0 0 
respectively). Since different conventions may have been used when coding spectra for the 
library, the effect of treating all zero values as missing data and removing variables with less 
than ten non-missing data values was tested. This improved the results (w 0-8439, kurtosis 
8-58), and taking the logarithm of all data values improved the results even more (w 0-9678, 
kurtosis -0-55). However, the variables still failed to give normal distribution (the 
significance of the m-statistic is 0-0000 according to the P2D program). This was confirmed 
by testing the individual variables in the same way: out of 87 variables with at least ten non-
missing data values, only 16 were accepted as having normal distribution at a 10% significance 
level. Normalizing spectra against the sum of the intensities instead of the base peak did not 
improve the result. Therefore it seems appropriate to use a non-parametric estimation of 
probabilities on the full data set as described in the Experimental section. 

Classification 

The classification results for all four classification methods are shown in Table 3. The stepwise 
discriminant analysis was complete after 45 steps using 43 variables (Table 4), and 33 of the 
43 variables have m\e < 100, showing that most of the information is associated with low 
masses. This is in agreement with previous results.31 

The classifications were repeated on the data set with randomized group membership. 
Initially, no variables could be included as significant by the P7M program, therefore the 
program was forced to use the same set of variables as listed in Table 4. The programs returned 



Table 3. Classification matrix. The reclassification of spectra with a priori classification u into new 
classes 17 is shown. The classification 'methods are *-NN (upper left), stepwise discriminant analysis (upper 
right), probabilistic (lower left) and centroid classification (lower right), used in a leave-one-out 
procedure. The sums of all correct classifications are 589, 577, 546 and 475 respectively. The order of 
the classification methods in the table is the same as for Figure 2. The table also includes corresponding 
values of w and 6, the relative shifts in the molecular mass from the mass of the corresponding alkene 
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Table 4. Variables used for discriminant classification. Variables used by the 
classification function in the stepwise discriminant analysis. The variables are 
listed in order of inclusion, together with the maximum of all within-group 

averages of the intensity as a percentage of the base peak (/mm») 
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between 93 and 96 correct classifications compared to between 47S and 589 correct 
classifications for the original data set. This shows that the classification functions trained on 
random classes definitely return lower numbers of 'correct* classifications than corresponding 
functions trained on structure classes, even though the number of objects for some classes is 
very low compared to the numbr of variables. The classification matrix shows much overlap 
between only a limited number of classes. The overlap is not symmetric: many objects are 
reclassified as alkanes but very few alkanes are misclassified. This is reasonable, since all 
structures contain alkane fragments. 

However, the really interesting question is why the overlap is restricted to those classes 
shown in Table 3. It should be remembered that we are looking at average patterns generated 
from a large number of structures. Within the same classes these structures differ mainly in 
the number of CJrh units. It is therefore reasonable to describe each class by Dromey's 
A -value,1 2 which is the positive displacement of the ion series from its associated alkene series 
(i.e. 41,55,69,83,...), where 0 < A < 14. For example, an ideal alkane spectrum with masses 
at 43,57,71,85,... will have A. = 2. The A-value corresponding to a known m/«-value may be 
computed by the Pascal statement delta: = (me + I) mod 14. However, it is difficult to predict 
what will be the main ion series in a spectrum since this will depend on the fragmentation of 
the structure. Therefore a parameter å is used which is related to the structure only and defined 
as the positive displacement of the integral molecular weight from the weight of its associated 
alkene. Simple fragmentations, retaining the complete functionality in the charged fragment, 
will then give ion series with A = 6 (although the unfragmented parent ion will have A = & + |) . 
A rearrangement of the classification matrix by increasing i-values (Table 3) shows that 
overlap between classes is mainly a consequence of identical {-values (Figure 4). However, 
some overlap also occurs between classes with different ^-values, corresponding to more 
complex fragmentations. 

• • 

Figure 4. The classification matrix sorted according to 6, the relative shift in molecular mass. The area 
of each square is proportional to the average number of classifications in the original classification matrix 

(Table 3) 
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The robust classification matrix 

To get a more reliable data set for structure-classification correlations, the classification of 
individual objects in all four classification methods was examined and a 'robust' classification 
matrix was created (Table 5) consisting of (a) spectra always classified to the correct structure 
class and (b) spectra classified to at most two different structure classes and classified by at least 
two of the methods to the same incorrect class. 

Tables. Robust classification matrix. This matrix contains only 
spectra with a relatively consistent classification when different 
classification methods are used, as described in the text. The entries 
are sorted according to the relative shifts 6 of the molecular mass 

ft 

J u 2 3 1 4 5 7 6 9 8 

0 2 62 20 
3 16 79 9 

2 1 59 5 1 
4 12 23 

3 5 I 51 5 1 
7 1 17 6 3 

4 6 2 7 II 33 27 1 
9 4 1 11 13 
8 4 1 5 5 24 

Description of spectra 

The robust classification matrix (Table 5) contains 22 entries with at least five spectra and each 
entry can be regarded as a subgroup of closely related spectra. These subgroups may be 
described by computing the total ion intensity for each A-value over all spectra in the subgroup 
and normalizing the sum against the maximum sum of intensities (Table 6). This is a variant 
of the 'ion series' method for the description of mass spectra. 3 3 - 3 7 

Description of structures 

In order to correlate spectra and chemical structures, it is necessary to find some simplified 
average description of the structures included in a subgroup. Several methods for providing 
a numerical description of structural properties have been published (see e.g. Reference 38). 
In most cases, however, these descriptors are relatively simple and are used to correlate the 
structure with a single physical quantity, as for example retention time in gas chromatography. 
In the present case the interactions between structural features within the molecule are 
probably complex and a more complete and relevant description of the molecule is needed. 

The chosen description consists of eight parameters describing structural features such as 
chain length, position of functionality and degree of branching (Figure 5). To simplify the 
description, alkanes and cycloalkanes are ignored, so that all structures are non-cyclic and 
contain one functional group. In this context functional groups are C=C (alkene), C = 0 
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Table 6. Normalized sum of intensities. Intensities for all A-valucs of spectra in subclasses with at least 
live spectra (see Table 5) 

2 2 100 33 18 1 
2 3 

2 
3 
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100 
100 
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72 
31 
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35 
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27 

28 
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6 3 100 73 61 5 19 2 
6 1 55 33 100 6 13 1 
6 6 100 27 73 12 88 6 I 
6 9 41 15 39 8 100 5 I 
9 6 34 28 38 3 100 6 3 
9 9 27 13 44 3 100 4 2 
8 6 100 85 94 5 57 6 4 
8 9 42 43 63 5 100 8 4 

36 53 
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1 1 9 4 
1 1 6 2 
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1 1 1 12 5 
1 L 7 3 
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5 2 

1 2 2 18 8 
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1 1 11 5 

U) na Pf ns nt n 2 "3 n« fy 
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9 7 2 2 L 1 o 1 2 

Figure 5. Examples illustrating description of features in structures from classes 3-9 . For each class the 
functional group is indicated by a frame. In each structure atoms representing a key feature are marked 
by numbers or black dots and the numerical value of the corresponding descriptor is underlined in the 

table 
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(ketone), N (amine), C - O H (alcohol), 0 = C - N (amide), 0 = C - 0 - C (ester) and C - O - C 
(ether). The chain length (n.) is the number of atoms in the longest chain containing the 
functional group. The = 0 in ketones, esters and amides and the —OH in alcohols should be 
ignored in determining chain length. The position of the functional group (pi) is the position 
of the first atom of the functional group in the chain, starting from the chain end which will 
give the lowest value of Pi. In esters and amides the chain connected to the carbonyl carbon 
should be used (see Figure 5). The number of substituents (n,) is the number of non-hydrogen 
substituents on the functional group. The number of terminal nodes (n,) is counted on the 
hydrogen-depleted graph of the structure and is related to the degree of branching in the 
structure. A more detailed description of the branching is contained in the number of carbons 
outside the functional group connected to two, three and four carbons (/12, flj.na). The 
position of the nearest branching point (pi,t) is the position of the relevant atom counted from 
the first atom not included in the functional group. 

Spectrum-structure-classification correlations 

In most cases the A-value with the maximum intensity (Table 6) corresponds to the 6-value of 
the compound. Exceptions are found in alkenes (3), alcohols (6) and esters (8). However, also 
in other subclasses there are significant intensity differences between groups of spectra with 
different classifications. 

A comparison of fragmentations and structure descriptions (Table 7) gives some explanation 
of most classifications in the robust classification matrix. The classes are presented in the order 
suggested by the robust classification matrix (Table 5). 

For the cycloalkanes (2) the A-value of the main fragments is zero (hereafter written as A 0 ). 
This corresponds to the loss of a substituent from the ring. The cycloalkanes misclassifted as 

Table 7. Average structure descriptions. The descriptors are explained in 
the text and in Figure S. Structures belonging to subclasses with at least 
five spectra (see Table 5) are used, excluding alkanes and cycloalkanes 

<1) Q n. Pi n. ", ni «i n. Pi.* 

3 2 6-7 2-5 2-4 4-1 2-0 0-5 0-4 1-3 
3 3 5-9 1-7 1-9 2-9 2-1 0-4 01 1-5 
3 1 6-2 1-3 1-8 4-3 1-8 0-6 0-7 1-9 
4 ! 5-9 2-9 20 4-5 1-8 0-7 0-4 11 
4 4 7-0 2-6 2-0 3-7 3-3 0-7 0-0 2-1 
5 5 5-8 1-8 16 31 2-7 0-7 0-1 1-3 
5 7 7-0 3-2 2-2 2-8 3-8 0-4 0-0 1-0 
7 5 5-4 1-9 2-1 3-6 1-6 0-5 00 1-4 
7 7 5-2 3-2 1'7 3-2 1-5 0-2 00 3-0 
6 3 7-0 1-4 1-1 2-7 4-3 0-7 00 4-8 
6 1 5-3 10 10 4-1 2-2 10 0-5 1-3 
6 6 6-6 30 2-2 4-1 2-8 0-8 00 1-5 
6 9 5-6 2-1 2-4 3-9 2-1 0-4 00 1-5 
9 6 6-5 1-6 2-5 2-9 1-9 0'1 00 10 
9 9 5-7 1-5 2-7 3-8 0-9 0-3 01 0-4 
8 6 6-0 10 1-6 2-6 20 00 00 — 
8 9 4-6 1-4 1-8 3-2 0-4 00 0-2 1-0 
8 8 7-2 4'5 1-5 3-7 2-0 0-7 0-0 1-7 
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Table 8. Classification of cycloalkanes. Number of 
compounds of each ring size for all cycloalkanes and 
average number of atoms in largest side chain for 

cyclopentanes 

n 
Ring size 

til n 5 6 7 8 Atoms 

2 
2 

2 
3 

19 
14 

38 
4 

1 
1 

4 
1 

2-8 
1-2 

alkenes (3) show additional A, peaks, probably due to ring opening before fragmentation. 
Table 8 shows that most six-, seven- and eight-ring cycioalkanes are correctly classified. This 
is reasonable since these ring sizes are known to be stable to skeletal isomerization prior to 
dissociation.*5 A significant number of the five-ring cycloalkanes are classified as alkenes. They 
all have very small substituents. Fragmentation by the loss of the substituent is thus less 
probable. 

Most alkenes (3) show the expected A0 fragmentation corresponding to a-cleavage. 
Exceptions are alkenes misclassified as alkanes (I), which show a strong Aj fragmentation. 
They have mainly terminal double bonds, with a quarternary carbon /3 to the double bond. 
This may stabilize an inductive cleavage of the molecule, explaining the A2 fragmentation. The 
alkenes misclassified as cycloalkanes (2) show a somewhat lower A i-value than other alkenes. 
The A1 fragments probably result from hydrogen rearrangement prior to fragmentation.25 The 
misclassified alkenes have more substituents at the double bond and more branching close to 
the double bond than the correctly classified alkei.es. This will tend to stabilize the radical, 
thereby reducing the probability of hydrogen rearrangement. 

All alkanes (1) show the expected Az fragments corresponding to simple o-bond cleavage. 
All ketones (4) also show Az fragments corresponding to a-cleavage. Ketones misclassified 

as alkanes (1) show a lower A3 fragmentation. These fragments probably involve a hydrogen 
shift ('McLafferty' rearrangement). The misclassified ketones have short chains with carbonyl 
near the center of the chain. Since the hydrogen shift involves at least three carbons outside 
the functional groups,2 5 the short chain length obviously reduces the probability of a 
rearrangement. 

All amines (5) show the expected Aj fragmentation caused by a-cleavage. The difference 
between amines classified as amines (5) and amides (7) is small, but the misclassified amines 
show a slightly higher proportion of hydrocarbon-type fragments (Ao, A, and A3), probably 
as a result of the increased chain length.2 5 

All amides (7) also show the expected A3 fragmentation, in most cases probably caused by 
a-cleavage at nitrogen or carbonyl. Amides misclassified as amines (5) show low A 2 and A 4 

fragmentation compared to the correctly classified amides. The A 2 fragments can be the result 
of a-cleavage at carbonyl with loss of the nitrogen-bearing moiety. The A„ fragmentation can 
be explained by a hydrogen shift to carbonyl followed by a-cleavage. In both cases a large 
substituent at the carbonyl is required, a feature lacking in the misclassified amides. 

For the alcohols (6), only those misclassified as ethers (9) show the expected A» 
fragmentation as the main fragmentation. In the other cases Ao and A 2 are the dominating 
fragmentations. Alcohols misclassified as alkenes (3) show a typical alkene fragmentation 
pattern with A3, Ai and Az fragments. They are long-chained and mainly primary alcohols 

http://alkei.es
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with little branching, which will favour hydrogen rearrangement followed by an inductive loss 
of H2O as the main fragmentation.3' The alcohols misclassified as alkanes (I) show strong A 2 

fragmentation; in fact, the fragmentation pattern is quite similar to the fragmentation pattern 
for alkenes classified as alkanes. The compounds are primary alcohols with a strong degree of 
branching close to the functional group. Since this is similar to the corresponding alkene, it 
is reasonable also to assume a similar fragmentation mechanism, with an inductive loss of the 
functional group. For the alcohols which are classified correctly the main fragmentation is Ao, 
again probably caused by a loss of H2O. However, compared to the alcohols misclassified as 
alkenes, they show an additional strong A 4 fragmentation corresponding to «-cleavage. This 
is reasonable since these alcohols are secondary and therefore capable of losing one side chain. 
For the alcohols misclassified as ethers (9) the A 4 fragmentation is now dominating and the 
loss of H 2 0 is of only minor importance. This may be related to the absence of long side chains 
or the presence of a tertiary alcohol function. 

All ethers (9) show the expected A 4 fragmentation corresponding to a-cleavage. The ethers 
misclassified as alcohols (6) show some increase in An and Ai fragments, probably caused by 
a hydrogen shift followed by loss of alcohol. This is less pronounced in the correctly classified 
ethers, perhaps because the slightly shorter average chain length makes the hydrogen 
rearrangement less probable. 

Only esters (8) misclassified as ethers (9) show the expected A 4 fragmentation as their major 
fragmentation. Since these compounds are mainly methanoate esters, these fragments 
probably originate from a-cleavage at the alcohol oxygen followed by loss of CO. Esters 
misclassified as alcohols (6) show alkene-type fragmentation with Ao and A, fragments, 
presumably caused by hydrogen rearrangement followed by an inductive loss of the carboxylic 
acid. However, the spectra are classified as alcohols rather than alkenes because of the A 4 

fragmentation. The esters classified correctly show A 2 fragmentation caused by a-cleavage at 
carbonyl with loss of alcohol, and As fragmentation, caused by hydrogen rearrangement at 
carbonyl followed by a-cleavage. This is reasonable since these compounds are mainly methyl 
esters with a long carbon chain at the carbonyl end. 

CONCLUSIONS 

Pattern recognition methods and ion series are valuable tools in the exploratory data analysis 
of mass spectra. They by no means replace traditional methods of spectrum interpretation, but 
they aid the interpreter in the search for fragmentations that are characteristic of selected 
groups of compounds. 

All classifications in the robust classification matrix, including the misclassifications, can be 
explained by fragmentation rules. The misclassifications are the result of variation in the 
environment of the functional group causing shifts in the relative importance of alternative 
fragmentation ways. As these shifts are difficult to predict; mass spectra alone will generally 
not give reliable identification of functionality. However, most misclassifications occur only to 
a limited number of alternative classes, at least for monofunctional compounds. The extra 
information needed for a significant improvement in the reliability of the identification may 
therefore be small. Results from this investigation may be of great value in the design of an 
identification system capable of giving maximum reliability from a minimum amount of 
information. 
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ABSTRACT 

In many situations it may be of interest to convert standard chemical names into 
structures with correct connectivity. This is especially true for the generation of 
parameters for statistical analysis, for example in structure - activity correlations. In 
this paper the various steps in this process are discussed, including translation of 
chemical names into formal representations, alternative computer-based 
representations, verification and data extraction. It is shown that although no 
complete system for translation of chemical names is generally available today, all 
of the tools necessary for building such systems are either available, or have been 
described in the literature. 

A 
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INTRODUCTION 

Often when a scientist uses a spectroscopic method for the identification of a 
compound, this compound is not represented in any spectrum library that might be 
available to him. Then the identification of the compound very often has to be 
based on the interpretation of the spectroscopic data. 

We have in principle two different approaches for interpretation of the data. In the 
ab initio approach we use the spectroscopic theory to predict the correlation 
between spectroscopic properties and structural features. In the empirical approach 
we correlate spectra of known compounds with structural properties, trying to 
identify significant correlations. In both cases we use the correlations to identify 
possible structural features. 

In practice there will be considerable overlap between those two approaches. The 
spectroscopic process is often too complicated for a full ab initio approach, but still 
theoretical knowledge about the spectroscopic method is a prerequisite both for the 
initial formulation of the problem, and for understanding the significance of the 
correlations. 

Most approaches to spectrum interpretation should thus be regarded as semi-
empirical. 

For the empirical part of the process an automatic and unbiased correlation 
between structure and spectrum will be an advantage. For this purpose we need 
(in most cases) to be able to generate numerical descriptors of the structure, and 
this should be done automatically from the internal representation of the structure. 

Very often this also means that we have to generate an internal representation of 
the structure, for example from the chemical name of the compound, and we may 
also want to verify this representation. In what follows each of these steps will be 
discussed. 
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TRANSLATION 

In most spectroscopic databases the structural information is little more than the 
name of the compound, and in a few cases a Wiswesser Line Notation1 (WLN) 
representation of the structure. As we are going to look for correlations between 
structure and spectroscopic information, we may want a more suitable 
representation of the structure. This can be achieved by explicit entery of all the 
relevant structural information. But for a large spectroscopic database, like a 
database of mass spectra with maybe more than 40 000 compounds, this job will 
be very time-consuming. 

Over the last few years there has been a dramatic increase in the accessibility of 
various chemical data bases, and some of the databases contain structural 
information2. Therefore it may in some cases be possible to link the spectroscopic 
database to a general database, and this will give access to the relevant structural 
information. 

But in other cases it may be better to translate the existing representation (name or 
WLN) into a more flexible representation. 

One very simple approach is to scan the chemical names of the compounds for 
substrings characteristic of structural features. This has been done by the author 
for the National Bureau of Standards (NBS) "NIH/EPA Mass Spectral Database"*, 
in order to test the usefulness of this approach. 

In the first step the official Chemical Abstracts Services3 (CAS) name of each 
compound was split into substrings at all characters outside the range A..Z and 
a..z. All substrings longer than 1 character were counted, and the 554 substrings 
that occurred most frequently were listed. An excerpt of this listing is shown in fig. 1. 

Copyright 1983 by the U.S. Secretary of Commerce on behalf of the United 
States. 
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count string 
47630 ci 
10473 methyl 42 cyclobuta 
7509 acid 42 adenosine 
7147 alpha 42 cyclohexanecarboxylic 
6760 ester 42 aziridine 
5402 beta 42 phenylamino 
3 932 dimethyl 42 oxazole 
3218 one 42 imidazol 
2774 bis 41 Inositol 
2484 phenyl 41 ethanol 

41 carotene 

Fig. 1 Listing of substrings from chemical names. 

It can be seen from this listing that several substrings (i.e. ci, alpha, beta, one and 

bis) are of minor interest, while others consist of several substrings (i.e. dimethyl 

and cyclohexanecarboxylic). It was attempted to make a more complete list by 

looking for common sub-substrings within the substrings, but this led to too many 

non-relevant two-letter substrings. 

Therefore the final screening of the list was done manually. However, this step too 

can probably be done with a computer program, if some more effort can be put into 

the design of the computer code. The final list was sorted into one list of mainly 

structural features, with 35 entries in 28 groups, and one list of functional features, 

with 96 entries in 31 groups. This means that many of the essential functional and 

structural features of a compound can be represented in the computer as bit 

patterns in two 32 tøt computer words. This is a very compact representation. 

This information has typically been used for extraction of well defined subsets from 

the data base. These subsets can then be used for statistical analysis. 

But we also have to realize that this representation is very limited. It is not possible 

to ask important questions like the relative position of different functional groups or 

possible conjugation between groups. It may be done with t' •. WLN representation, 

but it is not trivial. Therefore we may want to translate the available information into 
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a complete internal representation of the structure. 

As the WLN representation is a rather formalized description of the structure, this is 
also the easiest starting point for a translation. It is a potential problem that the 
WLN representation is not canonical, it will not always produce a unique structure 
from a given representation4. But it has been shown that it is possible to translate 
a Wiswesser notation into a connectivity matrix5. 

If the name of the compound is a systematic one, like IUPAC or CAS notation, then 
for a large number of compounds this name will be a unique representation of it's 
structure. The notation used in chemical names has evolved over a long period of 
time, and it has been designed mainly for chemists. Therefore it may not be 
optimal for parsing by a computer program. There have been attempts to use 
mathematical linguistics in the design of a grammar for chemical names6, but so 
far it has not had any impact on the accepted nomenclature. But it has been shown 
tl-p? it is possible to translate standard IUPAC names into a connectivity matrix 
representation7. 

So although the problem definitely is non-trivial, it seems to be possible to translate 
the existing representation of the compounds in spectroscopic databases into a full 
representation of the structure in a very large number of cases. 
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INTERNAL REPRESENTATION 

The purpose of the translation process is to translate the name of the compound 
into an alternative representation, which is more suitable for computer processing. 

A very common representation is to store the connectivity information as a table or 

atom element bonded(order) 
Cl(3) H'4) 1 C 2(2.0) 3(1.0) 5(1.0) 
\ / 2 C 1(2.0) 4(1.0) 6(1.0) 
C(l) = C(2) 3 CI 1(1.0) 
/ \ 4 H 2(1.0) 

H(5) CK6) 5 H 1(1.0) 
6 CI 2(1.0) 

Fig. 2 Connectivity representation of trans-1,2-Dichloroethylene. 

a matrix, as shown in fig. P. This type of representation is used in several computer 
programs, for example in the molecular mechanics program Discover8. The main 
problem with this representation is that it is difficult to store information about the 
stereochemistry of the compound. 

A more complete representation may be achieved by using atomic coordinates, 
either cartesian or internal coordinates. The coordinates can be used alone, as it is 
done in the Brookhaven data files 9 , 1 0, or in combination with connectivity 
information, as it is done for example in the MOPAC program11. 
Such representations are very accessible for various computations. The problem is 
that in cases where we are using artificial coordinates to represent the 
stereochemistry (because She real coordinates are not known), we may introduce 
misleading information into the data base. We give the impression that the data 
base contains more information about the structure than it in fact does. And it may 
be a waste of space. Therefore we want to find a more general representation of 
the structure. 

In order to simplify verification and data extraction the representation should fulfil 
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some requirements. 

* It must be possible to store connectivity, atomic types, 
stereochemistry and geometry. But the geometry should be 
represented only if it is known. 

It must be portable. 

* It should be compact. 

* It must be unique, unambiguous and canonical. Different structures 
must always give different representations, and one representation 
must never translate into more than one possible structure. 

* It must be parsable, so that a computer program can translate the 
general representation into alternative specialized representations. 

The most obvious approach will be to use a linear character-based representation. 
This representation may be based on either individual atoms or fragments. A 
typical fragment-based representation is the Wiswesser notation, which is not 
canonical. The SEFLIN12 notation is based on the WLN system, but with more 
features added to it. Come et a/.13 have designed a simple, unambiguous atom-

formula/compound linear form 
CH2=CH-C (CH3)2-COOH CH2//CH/C(CH3)2/CO/OH 

Thiophene C(#l)/C//C/S/C//1 

Fig. 3 Examples of a linear chemical notation. 

based notation which is easy to use, although it is not canonical. An example of 
this representation is given in fig. 3. A similar approach is used in the YACLIF14 

(Yet Another Chemical Line Formula) notation, where some additional flexibility is 
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introduced by formal definition of comments, subformulas and macros. This makes 
it possible to use a very compact representation of structural classes with a 
common backbone. 

One interesting approach to the problem of storing structural information can be to 
look upon the representation as a programming language. The atoms may be 
variables or data structures, atom types can be variable declarations, connectivity 
and stereochemical constraints are operations performed upon the variables, 
atomic parameters like charge and position are values of the atomic data structure, 
and the translation into an alternative representation is analogous to a compilation. 
It is then possible to use tools and principles from general computer languages and 
compiler design for implementation of the formal representation of chemical 
structures. 

; C=C-C-C-C-C=C = C=C-C-X (HCHO) X-C-C=C 
; DITHIANE COUPLING OF ALLYLIC XGROUPS 
; REF: H.O. HOUSE, 'MODERN SYNTH. RXNS' (1972), P.732 
; REAGENT: (1) DITHIANE ANION; (2) BASE; (3) RANI 
DIT-COUPLING 
OLEFIN OLEFIN PATH 5 SYMMETRICAL PRIORITY 50 
CHARACTER BRFAKS CHAIN 

IF ATOM 3 IS RING ATOM THEN KILL 
IF ATOM i IS NOT SECONDARY THEN KILL 
IF ATOMS ARE ALPHA TO ATOM 3 ONPATH (1) 
IF BOND 2 IS UNSATURATED THEN KILL 
IF BOND 3 IS UNSATURATED THEN KILL 
IF (1) IS QUATERNARY THEN KILL 
IF (1) IS BRIDGEHEAD ATOM THEN KILL 
IF WGROUP IS ALPHA TO (1) OFFPATH THEN KILL 
IF (1) IS SECONDARY THEN ADD 20 FOR EACH 
CONDITIONS STRONGLY BASIC AND SLIGHTLY ELECTROPHILIC 
CONDITIONS SLIGHTLY HYDROGENATING 
DELETE ATOM 3 
ADD X TO ATOM 2 
ADD X TO ATOM 4 
IF ATOM 2 IS STEREOCENTER THEN INVERT ATOM 2 
IF ATOM 4 IS STEREOCENTER THEN INVERT ATOM 4 
END 

; NAME: DIT-COUPLING 

Fig. 4 An ALCHEM description of the dithiane coupling reaction. 
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One example of a programming-language-like description of chemical information is 
ALCHEM. This is the programming language used in the chemical reactions data 
base in SECS15, a computer program for SimuMion and Evaluation of Chemical 
Synthesis. An example of an ALCHEM entry is shown in fig. 4. The language is 
quite general, and it has been used for the description of organic synthetic 
reactions and extended to describe biochemical reactions16, thereby turning 
SECS into a tool for the investigation of biochemical pathways. It will also be 
possible to describe for example the fragmentation process in mass spectrometry 
with ALCHEM. 

The ALCHEM language is mainly developed for the purpose of describing chemical 
reactions. For the development of a more general language for description of 
connectivity, conformation and reactions it may be interesting to combine the 
programming language flexibility of ALCHEM with the simplicity of the linear 
chemical notation shown in fig. 3, into a combined powerful language. This 
representation must also include stereochemistry where this is relevant. 
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VERIFICATION AND VISUALIZATION 

After the generation of an internal representation we must verify the data. This will 
mainly be a verification of the first step, translation from standard chemical notation 
to formal representation. But as the formal representation will not necessarily be 
easy to read, this means that the formal description must be translated (compiled) 
into an alternative representation which is easy to compare to the initial chemical 
notation. 

One approach is of course to translate it back into the initial representation. This 
will at least show to what degree the description of the notation is unique. 

But it will be more reassuring to be able to compare two different representations, 
for example a (standard) line drawing and the chemical name of the compound. 
And this may also be of more general interest, since we may want to make a 
drawing of the structure as a part of the interpretation process. In order to do this 
we need to be able to draw reasonable 2D plots based on connectivity information. 

One possible solution may be to use an expert system approach, where a 
computer program will analyze the internal representation and generate a set of 
drawing commands17,18. This is very similar to the way in which a chemist 
would draw a chemical structure. 

The translation from internal representation to a set of drawing commands is 
complex, but can be simplified slightly by using an intermediate step based on 
graphical objects relevant to chemical structures (like rings and various bond 
types), ratlier than basic drawing commands. A frontend to the graphical system 
can translate the objects into basic commands. Two examples of graphical 
languages for chemistry are the CHEM frontend19 to the PIC graphical 
language20, and the MOLLY language21. MOLLY has been implemented in 
PIC, but it was designed on a more general basis. An example of a CHEM 
description is given in fig. 5. Another example of a graphical language is 
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RI ring4 pointing 45 put N at 2 
doublebond -135 from R1.V3 
backbond up from R1.V1 ; H ; 0 
frontbond -45 from Ri.V4 ; 
H above N 
bond left from N ; C 
doublebond up ; 0 

N 

bond length .1 left from C 
bond length .1 left 
benzene pointing left 

; CH2 

R2: flatring5 put S at 1 \ put N at 4 with .V5 at 
bond 20 from R2.V2 ; CH3 
bond 90 from R2.V2 ; CH3 
bond 90 from R2.V3 ; H 

R1.V1 

backbond 170 from R2.V3 ; COOH 
Fig. 5 CHEM description of Penicillin G. 

MolDraw22, a set of Logo 2 3 , 2 4 routines for drawing graphical objects relevant 
for chemical structures. 

An alternative method for generation of 2D plots is to use a distance geometry 
approach to compute approximate atom positions. One can make a connectivity 
(adjacency) matrix from the formal representation, transform this matrix into a bond 
count matrix and use this as a distance matrix for a transformation with principal 
coordinates analysis into a set of coordinates. This will give approximate 
coordinates for a 2D representation of the molecule. 

The method is similar to the one described by Crippen and Havel25, and it is 
used in Distance Geometry26 methods for structure determination. 

The approach has been verified by the author using the ALLCOSTS27 algorithm 
for generation of the bond count matrix, and a principal coordinates28 

transformation using the method of simultaneous iteration29 for extraction of 
eigenvectors. The iteration scheme is based on a modified Gram-Schmidt ortho-
normalization30 and the Jacobi algorithm31 for extraction of eigenvectors and 
eigenvalues. 



15 
The bond count matrix is transformed into a better approximation to the distance 
matrix by an empirical transformation. For several compounds with known x-ray 
structures the bond count distance (BCD) between individual atoms was compared 
to the normalized euclidean distance (NED), where the distance was normalized 
against the expected bond length for a single-bond. The standard deviation (SD) of 
the average euclidean distance increases with increasing bond count distance, as 
one would expect. A typical value is SD = 0.86 for BCD = 8. But the average NED 
can be fitted to the function 

NED = BCD * 0.68 + 0.38 

with r2 = 0.997. 

Fig. 6 Plot of Y-Cadinene on the basis of a 
bond count matrix. 

The output from the program (fig. 6) is admittedly rather crude, but given the 
simplicity of the method it is a reasonable starting point for a visual verification of 
me input. 
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DATA EXTRACTION 

It is possible to use the internal representation as a basis for questions about 
structural features. Several methods can be relevant for this, but especially 
information theory and graph theory have proven to be very useful. 

The use of information theoretic indices has been reviewed by Bonchev32. They 
have for example been used for classification, studies on reaction specificity and 
correlation between structural features and chemical properties. 

Graph theory has been used to investigate similarity between 
molecules 3 3 , 3 4 , 3 5, to identify principal resonance structures36, and in 
structure-activity correlations37. Especially the concept of self-avoiding 
paths 3 8 , 3 9 has been very much used. The use of molecular connectivity 
indexes has recently been reviewed40. 
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It has been shown that it is both possible and relevant to translate the chemical 
names of compounds in standard spectroscopic data bases into a true structure 
representation, and to use this representation as a starting point for automatic 
correlation between structural features and spectroscopic properties. The process 
is not trivial, but most of the necessary pieces are already available. 

It should be emphasized that generation of structural information may also be 
relevant for other classes of databases, where structure can be an important 
parameter for classification. Relevant examples are pharmaceutical databases for 
structure-activity studies and search systems for substructure-based identification of 
compounds. 
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APPENDIX 

Substrings of chemical names from the NBS collection of mass spectra. The 
notation .methyl, is used to indicate the start and end of the significant string. Thus 
.one . indicates that only one at the end of a word (like Pentanone) was 
considered. 

Alkane substituents have been grouped as functionality, rather than structure. This 
has been done in order to emphasize that structure mainly has been related to 
various types of ring systems. 

The count is not the real count of occurrences in the data base, but rather an 
accumulated count from the original substrings. Therefore the real count may be 
slightly higher. 

FUNCTIONALITY 

String Count 
.methan. 661 
.methyl. 25378 
.ethan. 1034 
.ethyl. 4869 
.propan. 1316 
.propyl. 1378 
.butan. 765 
.butyl. 898 
.pentan. 524 
.pentyl. 237 
.hexan. 744 
.hexyl. 378 
.heptan. 371 
.heptyl. -
.octan. 298 
.octyl. 103 
.nonan. 47 
.nonyl. -
.decan. 460 
.decyl. 47 
.ethen. 591 
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7 .propen. 809 

.buten. 512 
8 .penten. 386 

.hexen. 593 
9 .hepten. 68 

.octen. 60 

.nonen. 44 

.decen. 158 
10 .dehydro 214 

.ene. 1596 

.en. 1226 

.yne. 109 

.yn. 
11 .dien. 286 
12 .hydroxy. 3370 

.ol . 3305 
13 .oxy. 2561 

.oxa. 182 

.acetal. 95 

.dioxolan. 144 
14 .epoxy. 276 
15 .methoxy. 3634 

.ethoxy. 428 

.butoxy. 57 
16 .carbonyl. 412 

.one. 5983 

.oxo. 1500 
17 .acetyl. 1550 

.benzoyl. 78 
18 .aldehyd. 273 
19 .acid. 7509 

.oic. 2586 

.carboxy. 1088 
20 .ester. 6760 

.lacton. 123 

.anhydrid. 43 
21 .amid. 713 

.imid. 259 

.urea. 186 
22 .acetic. 570 

.acetat. 1112 

.benzoat. 53 

.carbamic. 152 

.butyric. 42 

.carbonic. 79 

.formyl. 64 
23 .amin. 2641 

.aza. 161 
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24 .cyano. 

.nitril. 

.azido. 

.imin. 

.hydraz. 

.diazen. 
25 .oxim. 
26 .thio. 

.thia. 

.mercapto. 

.sulfid. 

.su If on. 
27 .silyl. 

.silan. 

.siloxy. 
28 .chloro. 

.bromo. 

.iodo. 

.fluoro. 
29 xhlorid. 

.bromid. 

.iodid. 

.fluorid. 

.oxid. 

.salt. 
30 .nitro. 
31 .phosph. 

STRUCTURE 

1 .cycle 
.cyclic. 

2 .spiro. 
3 .hydro. 
4 .phenyl. 

.pheno. 

.benz. 
5 .tolyl. 
6 .naphtalen. 

.naphto. 
7 .inden. 
8 .anthracen. 
9 .phenanthren. 

10 .pyridin. 
.pyrido. 

11 .quinolin. 
12 .indol. 

89 
190 
53 
155 
343 
65 
463 
924 
209 
66 
51 
307 
2457 
770 
129 

2814 
902 
109 
1593 
302 
49 
48 
60 
576 
222 
900 
477 

2859 
264 
232 
2404 
6696 
636 
4858 
48 
555 
181 
287 
100 
141 
626 
132 
196 
521 
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13 .pyrimidin. 444 
14 .pyrazin. 64 
15 .triazin. 153 
16 .pteridin. 48 
17 .purin. 115 
18 .pyrrol. 194 
19 .azol. 898 
20 .azin. 45 
21 .thiophen. 226 
22 .furan. 557 
23 .pyran. 855 
24 .piperidin. 158 
25 .pyrrolidin. 186 
26 .azstidin. 46 

.aziridin. 42 
27 .oxiran. 68 
28 .morpholin. 46 

.dioxan. 71 
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ABSTRACT 
By storing a library of mass spectra as a hierarchical search tree, it is possible to 
reduce the number of comparisons that are needed in order to identify an unknown 
spectrum. The data structure can be searched in parallel by several processes 
running on a multiprocessor computer, and this will allow for a very fast (real-time) 
identification of spectra from a continuous data stream. 
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INTRODUCTION 

Mass Spectroscopy (MS) is a common method for identification of compounds in 
small amounts. Relevant examples are identification of hydrocarbons in coal and 
rock samples1 and screening for anabolic steroids2 . In many applications the 
spectra (and thereby the compounds) are identified using an automatic, computer 
based system. A set of reference spectra is used as a library, and spectra from the 
MS instrument are compared to the reference spectra in a linear fashion. The 
unknown spectrum is identified as the spectrum from the reference set with the 
highest similarity to the unknown. 

The main problem with this method of identification is that a library search can be 
slow compared to the output speed from a MS instrument coupled to an automatic 
separation technique like Gas Chromatography (GC) or Liquid Chromatography 
(LC), especially if the library is large. 

The process will be faster if we can avoid comparing each test spectrum to all 
reference spectra. One approach to this is to use some kind of classification. By 
identifying subgroups of spectra to which the test spectrum is definitely not similar, 
we know that it is not necessary to compare the test spectrum to those spectra. 

The process will also be faster if we can do more than one comparison 
simultaneously. By distributing the work over several processors in the computer, it 
is possible either to reduce the total time needed for an identification (by comparing 
one spectrum to several parts of the data base simultaneously), or to reduce the 
time between two successive identifications (by comparing several spectra to the 
database simultaneously). 

This paper describes a very fast search system, based on a combined use of both 
techniques. By creating a hierarchical search tree for the data set we reduce the 
number of spectrum comparisons necessary for an identification, and this data 
structure is also well suited for implementation on a multi-processor computer. 
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THEORY 

A free is a very common data structure consisting of a set of nodes that are related 
to each other in a recursive manner3 (fig. 1). A node is an item of information plus 
pointers to those nodes to which it is directly related, it's children. If each parent 
node has a maximum of two children then the search tree is said to be binary. 
Nodes without children are terminal nodes. The first parent in the tree is also called 
the root. The recursive nature of a tree is evident from this termini gy. A child can 
itself be a parent with children, and is referenced to as a subtree. The position of a 
node in a tree is also characterized by it's level. The root is at level 1. If a parent is 
at level n, then it's children are at level /?+1. The depth of a tree is the maximum 
level of any node in the tree. In a balanced tree the depth of the tree is as small as 
possible. 

One important application of this data structure is as a search tree. In it's standard 
form only terminal nodes contain real data items. The parent contains a computed 
data item which is representative for data from both of it's children, for example an 
average value. This is repeated for all parents. A data item is searched for in the 
tree by comparing the item to pairs of children, starting from the root. The search is 
continued from the most similar child (which now becomes a parent), and this is 
repeated until we reach a terminal node. It is possible to compute a search tree 
where all data items represented in terminal nodes can be retrieved, even for very 
large data sets4. 

The main virtue of a search tree is that any item can be retrieved in a maximum of 
2(n-1) comparisons, where n is the depth of the tree. As a tree of level n can have 
a maximum of 2*""1* terminal nodes, we see that this implementation is very 
efficient, especially for large data sets. 

Another important aspect is that we need to do only two comparisons at each step, 
and that the comparison at level n is independent of the comparison at level n+'\ 
(apart from defining the new parent). Therefore it is easy to divide the work over 
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several parallel processes, one for each level in the search tree. 

An algorithmic description of a possible implementation is given in table 1, and it is 
based on the data structure and the hypothetical 7 processor computer system 
shown in fig. 2. In this implementation the processors are connected in a linear 
chain, and each processor can access data corresponding to one level in the 
search tree. The first processor is used for preprocessing of the data. The last 
processor is used for presentation of the search result. The remaining processors 
are used for pairwise comparisons of spectra, with two comparisons at each step. 

If we assume that comparison of spectra is the time limiting step in this chain, and 
that it takes time T to compare the spectrum of an unknown to two data items, 
decide which one is most similar, and pass this information on to the next 
processor, then we will be able to carry out an identification at each time step 7, 
with a time lag of (n-1)7compared to the data stream from the instrument. This will 
allow for real time identification of spectra even from a very fast analytical 
instrument. 
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DISCUSSION 

It has been shown that by storing spectra in a binary search tree implemented on a 
multiprocessor system, it is possible to identify a spectrum in approximately the 
time needed for comparing it to two reference spectra. This is very fast. But there 
are a few possible problems with this method. 

One problem is that there is a large increase in the space requirements for storing 
the complete data base, as we have to store all the non-terminal nodes, in addition 
to the real data. However, the capacity of storage media has grown very rapidly 
over the last few years. And with the introduction of very compact optical storage 
media, this problem should be easy to solve. 

Another potential problem is the reliability of the system. As already mentioned it 
has been shown that it is possible to generate a search tree where all data can be 
retrieved4. But in order to assert the reliability of the system, we also need to know 
how well it performs on real data, where instrumental noise, contamination of 
samples or variation in experimental conditions are common problems. This has 
been discussed briefly by Zupan et al., and the ability to find similar spectra has 
been shown 5 , 6 , 7. But a real verification of the performance of the system still 
needs to be done. 

The last problem is the cost of creating a search tree. This can be executed by 
either a direct approach8 (using a standard clustering method), an iterative 
approach4,9, or a combination. The direct approach is fast, but it is restricted to 
small data sets, and it will normally not generate a search tree with a 100% 
success rate. The iterative approach is slow, but it can be used on very large data 
sets, and it can be trained to achieve a 100% success rate for all data in the data 
set. But the method can be sensitive to which spectra are used for generating the 
initial tree. An interesting approach can be to use the direct approach on a 
representative subset of the database, and use this as a robust starting point for 
generation of the real search tree by the iterative approach. And in any case the 
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iterative process should be used when new spectra must be added to the 

searchtree, as it too expensive to reconstruct the whole tree from scratch. 
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CONCLUSION 

It is possible to make a real time identification system for mass spectra from a 
GC/MS system (or a similar source of data) by using a hierarchical search tree 
implemented on a simple parallel computer. 
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TABLES 

Table 1 

Formal description of a computer program for spectrum identification based on a 
search tree implemented on a parallel computer. Variables are shown in italics, 
pointer->node means that it is a pointer to a data structure of the node type. 
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structure { 
variable spectrum : spectrum; /* Real or average spectrum. */ 
variable p1, p2: pointer->node; 

} node; 
variable root: pointer->node; I* Pointer to root of search tree. 7 

process 1 { /* Do preprocessing, start search. */ 
variable unknown : spectrum; /* The spectrum to be identified. 7 
variable found: boolean; /* True when we reach a terminal node. 7 
get unknown from input; 
preprocess{i/n/oiow/7); 
found = false; 
send unknown, root, found to process 2; 

} 

process 2..n [ I* Compare spectra. 7 
variable unknown: spectrum; 
variable current: pointer->node; 
variable found: boolean; 
get unknown, current, found'from process M ; 
if (not found) { /* Find most similar spectrum. 7 

if (distance(unto7own, current->p1->spectrum) < 
d\stance(unknown, current->p2->spectrum) { 
current = p1; 

} else { 
current = p2, 

} 
If (current->p1 = nil) found = true; /* This is a terminal node. 7 

} 
send unknown, current, found to process /+1; 

} 

process n+1 { /* Show the result. 7 
variable unknown: spectrum; 
variable final: pointer->node; 
variable found: boolean; 
get unknown, final, found Irom process n; 
st\ow(flnat); 

) 
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FIGURES 

Figure 1 

A simple tree of level 4. showing the most important elements of the notation used 

for describing tree-like data structures. 

Figure 2 

The correspondence between a search tree of level 6, and a 7 process computer 

implementation of the search process, including pre- and postprocessing. All 

terminal nodes are shown as filled circles. 
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1. Introduction 

This User's Guide describes the MASS system for search and retrieval of mass 
spectra from a library. 

The programs used for this system were developed as part of a research project, 
where the main goal was to investigate preprocessing, classification and library-
based identification of mass spectra. Some of the programs developed during the 
project were quite general in their design, and with only small modifications they 
could be combined into a simple search and retrieval system. 

The search system does not pretend to be an optimal or user-friendly database 
system. The intention has been to make the library used in the research project 
available to scientists at the University of Bergen. The current version is based on 
the National Bureau of Standards (NBS) "NIH/EPA Mass Spectral Database"*, a 
library of 40 000 mass spectra. 

The MASS system has been implemented on the Unisys 1100 mainframe computer 
at the University of Bergen, running the operating system OS 1100. A detailed 
description of how it can be accessed in this particular environment is given on 
page 15. But most of the system is written in standard FORTRAN 77, and can be 
ported to other systems with only minor modifications. Some of the technical details 
are given on page 19. 

I&> 

' Copyright 1983 by the U.S. Secretary of Commerce on behalf of the United 
States. 
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2. A MASS overview 

The programs FIND and BATCH are the two central programs in MASS. FIND is 
an interactive program, whereas BATCH only can be used in batch mode, meaning 
that it will be running in the "background* on the computer while you are (probably) 
doing something else. 

With FIND you can select individual spectra from the library based on their 
registration number from Chemical Abstracts Services (CAS). All the spectra that 
you select are combined into a small library, a subset of the real library, and this 
subset can be printed or plotted. This is useful if you need spectra of known 
compounds. 

If you have a mass spectrum of an unknown compound you may try to use 
BATCH. This program will compare your spectrum to all spectra in the library, and 
print a sorted list of compounds in the library with similar spectra. You can then use 
FIND to extract the relevant spectra from the library. 

Section 5 can be consulted for a more detailed description of the interaction 
between different modules in MASS. 
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3. Running the programs 

This section describes how the individual programs in MASS can be used, and the 
meaning of their output. A detailed description of how to access the computer can 
be found on page 15. 

The MASS system consists of several interlinked programs. You communicate with 
the programs in an indirect way, by using prewritten command scripts. In OS 1100 a 
command script is started by typing 

>@ADD file.name<return> 

You must type inn everything written in bold, and finish the line by pressing the 
<return> key. 

3.1 Interactive use of the library 

Operations like retrieval of individual spectra from the library, printing and plotting 
are reasonably fast, and can therefore be done interactively. 

3.1.1 START - Start an interactive session 

The first step is to connect all necessary files to your program. This is done with 
the command script 

>@ADD MASS.START<return> 
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3.1.2 FIND - Find spectra from CAS numbers 

We are now ready to start the first program, FIND. Type 

>®ADD MASS.FIND<retum> 

Now you will be asked for a CAS number. This is a unique number assigned to all 
compounds in Chemical Abstracts, and it is written on the form [xxxx-xx-x]. Before 
you start FIND you should find the CAS number for all the compounds that you 
want to retrieve, for example from Chemical Abstracts or from BATCH (see page 
10). Enter the number without any parentheses or hyphens. For Benzene, with 
CAS number [71-43-2] you would write 

>71432<return> 

You will get one of 3 different responses from the system. In this case FIND will 
print out a number. 

>372 

This means that the spectrum for Benzene is in the library, and that it has serial 
number 372. The only significance of the serial number for the average user is that 
it verifies the presence of the compound in the library. 

If the compound is not represented in the library, no serial number will be printed, 
and you will just be asked for the next CAS number. 

The program may also tell you that you have entered an invalid CAS number. In 
that case you have probably made a typing error. 

When you have entered CAS numbers for all compounds that you want to extract 
from the library, you must finish FIND by typing 
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>OEOF<return> 

The program has now created a file with serial numbers of all spectra in the library 
that were identified by FIND. 

3.1.3 PICK - Create library subsets 

PICK will read the output from FIND, extract the relevant spectra from the library, 
and rewrite them as a small sub-library, containing only those spectra identified by 
FIND. Run the program by typing 

>@ADD MASS.PICK<return> 

3.1.4 SHORT and LONG - Print spectra 

You are now ready to print or plot all spectra in your new subset library. You have 
two options for printing, SHORT or LONG. 

SHORT (Fig. 1) will give you a list of serial number, CAS number, name and in 

8189 83329 Acenaphthylene, 1,2-dihydro- (9CI) 
372 71432 Benzene (8CI9CI) 

Fig. 1 Output from SHORT, with listing of serial number, CAS number and 
name. 

which Collective Index (CI) of Chemical Abstracts the name was used for each 
compound selected from the library. 

>@ADD MASS.SHORT<return> 
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This can be useful for keeping a record of plotted spectra. If the name of the 
compound is too long to fit on one line, the name will be truncated and ended with 
a period. 

If you need a more comprehensive listing you should use LONG (Fig. 2). 

• •(. in. 

s ' l ^ t i a l rJumlmr : 172 CAS Number : 71432 
M<ilr.,:ulur Weight: 78 Qua l i t y Index: 721 
r i l lutmn. 
rev i i c i. lo 
( 25, 100) ( 26 6001 27, 700) 29 100) 37 600) 
( 38. 1 100) ! ') 2900) 40, 100) 41 200) 42 1001 
( 4.1. .1001 ( 49 500) 50,3200) 51 3400) 52 3500) 
( 53, 200) i 55 100) 56, 100) 57, 1001 61, 100) 
( 62, 100) ( 63 400) 73, 200) 74, 500) 75, 200) 
( 76, 7001 ( 77 1800) 78,9999) 79, 700) 

Fig. 2 Output from LONG. The listing starts with formula and name. Any 
special significance of the compound is listed after serial and CAS 
numbeis, m.w. and quality index. The spectrum is listed as pairs of 
mass number and intensity. 

>@ADD MASS.LONG<return> 

This listing will also give you formula, complete spectrum and Quality Index1. This 
index is an empirical number between 0 and 1000. A high value will in most cases 
indicate a good spectrum. 

3.1.5 DRAW, INK and LASER - Plot spectra 

You will very often prefer to have a graphical presentation of 'he mass spectrum. 
This can be done with DRAW, INK and LASER. The first step is to generate the 
plot data. This is done with DRAW. 
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•©ADD MASS.DRAW<retum> 

This step Involves many computations. Therefore it may take some time. You can 
send the output from DRAW to a printer or plotter with the commands LASER or 
INK. 

>©ADD MASS.LASER<return> 
><retum> 

>©ADD MASS.INK<return> 
><return> 

You must press the <retum> key for each spectrum, until you are told that the plot 
file is finished and sent to the printer or plotter. The output will be similar in both 

NO 9S68 CAS S4-H-S HU 162 QUAL 64S 
P y r i d u » . S-( 4-in»u>uL-£-ptrrol.i.dinut.t-, <S)- (9CI1 

(OO.O- SI 

50.0. 

| « S l 

_ j 42 161 

c. 

0.0 i 1,1 S l . 6S. 
il JfaU JJ i l 

K J " 1 * t "1 1 1 i 
i "i T I T I i r i i i i i i i i r i i T l l T i 1 i i i l 1 T 1 l l l l l l 

0 «i/« 100 200 

Fig. 3 Output from DRAW and INK. 
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cases (Fig. 3), LASER will send the output to a laser printer, whereas INK will use 
an ink plotter. The information in a plot is similar to a LONG listing. The maximum 
peak in intervals of 14 mass units is labelled with mass number. The relevant peak 
will be the first peak to the right of the last digit. If there is a peak with mass 
number equal to the molecular weight, this peak will be marked with an M. The first 
vertical line in the M will be above the peak. 

3.1.6 STOP • Ending an interactive session 

When you are finished with MASS you should use STOP. 

>©ADD MASS.STOP<return> 

This will release files used by MASS, which is especially important if you are going 
to run other programs before you log off the system. 

3.2 Similarity searches 

If you want to identify the spectrum of an unknown compound, you can try to use 
the BATCH program. This will compare the unknown spectrum to all spectra in the 
library, and return a list of similar spectra. This can be quite time consuming, and 
therefore the job can only be run in batch mode. 

3.2.1 BATCH - Search for similar spectra 

First we start the BATCH program, which will help you to prepare the input for the 
real search program. 
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>OADD MASS.BATCH<return> 

It is not necessary to run START first, unless you also plan to use FIND. Now you 
will be asked for text Input. Type some information about the spectrum you want to 
identify, and finish this part of the input with OEOF. 

>Unknown compound after reduction with LAH.<return> 
>See lab. notebook p. 153,13. January 1968.<return> 
>©EOF<return> 

Now you are asked for mass number and intensity. Enter one pair of numbers 
(integers) on each line, and finish input with ©EOF. You are free to use any 
intensity unit, the program will normalise the spectrum for you. 

>14 24<return> 
>15 130<return> 
>28 63<return> 
>29 640<return> 
>30 38<retum> 
>31 1000<return> 
>32 660<retum> 
>@EOF<retum> 

Now you are asked for more text input, and you can enter a new spectrum for 
searching. You can search with several spectra at the same time. When you have 
entered all your unknown spectra you terminate input by typing ©EOF without any 
text input. 

>@EOF<return> 

This will finish BATCH and start your batch job on the computer. 
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n-Butylbenzene 
McLaffercy: Interpretatior of mass spectra, p. 67 
NO DIST CAS MW NAME 
1 270.41 104518 134 Eenzene, butyl- (8CI9CI) 
2 1953.86 538932 134 Benzene, (2-methylpropyl)- (9CI) 
3 3370.07 52097855 92 Cyclobut ene, 2-propenylidene- (9CI) 
4 3385.89 588670 164 Benzene, (butoxymethyl)- (9CI) 
5 3408.72 544252 92 1,3,5-Cycloheptatriene (8CI9CI) 
6 3603.75 538681 148 Benzene, pentyl (8CI9CI) 
7 3608.69 937611 150 Benzene, (propoxymethyl)- (9CI) 
8 3747.49 108883 92 Benzene, methyl- (9CI) 
9 3822.93 60128 122 Benzeneethanol (9CI) 
10 3868.97 
1 > 
2 
3 
4 
5 
6 

1462379 214 Benzene, (2-bromoethoxy)methyl-

-> 
(9CI 

-> -> 

7 
8 
9 
10 
( 15, 29) ( 26, 119) 27,1099) ( 28, 109) ( 29, 389) 38, 1191 

> 

( 39, 999) ( 40, 89) 41, 529) ( 42, 39) ( 43, 269) 50, 269) 
( 51, 739) ( 52, 189) 53, 109) ( 55, 491 ( 63, 329) 64, 99) 
( 65, 999) ( 66, 69) 76, 59) ( 77, T89) ( 78, 619) 79, 269) 
( 89, 169) ( 91,9999) 92,5499) ( 93, 389) ( 103, 199) 104, 139) 
( 105, 849) ( 106, 79) 115, 99) ( 116, 29) ( 117, 69) 119, 79) 
( 134,2399) ( 135, 269) 
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number, relative molecular weight and name Is listed. A graphical presentation of 
the distances is also shown. A relatively smell distance may indicate a correct 
identification. If all distances are large, then the unknown compound probably is not 
represented in the library. The normalised spectrum of the unknown is also shown. 

Later you can use the CAS numbers from the output to retrieve and plot the most 
similar spectra. But remember that the library is very small, compared to the very 
large number of known compounds. And if severe! spectra are similar, then 
experimental differences may introduce errors, so that the most similar spectrum is 
not necessarily the correct identification. So the output should always be looked 
upon as suggestions, and the result should be verified by other methods. 
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4. Using MASS at th« University of Bargtn 

Most of the information that you need in order to use MASS is given in the main 
section of this manual. However, some details of the implementation are very 
specific for the computer system at the University of Bergen. This information can 
be found in this section. 

4.1 In and out of the system 

If you are going to use the NOTIS-terminal in the terminal room at Department of 
Chemistry (Physical Chemistry), the first step will be to connect it to the computer 
network (for any other terminal ask your system manager). Turn the terminal OFF, 
switch from NORD to OUT, and turn the terminal ON again. Then you have to 'call 
up' the mainframe computer. 

call 2<return> 

This will connect the terminal to the computer. Send one more <retum>. 

<return> 
>ENTER USERID/PASSWORD CLEARANCE LEVEL* 

Now you have to enter a user-ID and a password. This has to be the user-ID for 
the user area where the MASS software is stored, probably NKJFD. 

>NKJFD/password<retum> 

You will be asked for ACCOUNT NUMBER and PROJECT-ID, just answer with a 
<return> on both questions. You are now on the computer system, and can start to 
use MASS. 
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When you are finished you have to log off the system again. 

>OFIN<retum> 
> © ©TERM<return> 

You have now finished your session on the computer. But you also have to close 
the connection between the computer and the terminal. Type '##' (no <return>), 
and you will get one # at the beginning of a line. 

#DONE<returnxreturn> 

Now the connection is closed, and you can switch the connection back to NORD. 
Remember to turn off the terminal first. 

4.2 File access 

The first thing you have to do before you can start to use MASS is to assign the 
file where all programs and commands are stored. 

>@ASG,AZ MASS.<return> 

If it has been a long time since the system was used, you may get an error 
message. 

E:257633 hold for rollback of unloaded file rejected because of z option 

This means that because of limited hard disk space on the computer the file has 
temporarily been stored on tape. It will be read back, but this may take some time. 
So the best thing to do will be to log off the computer and tray again later. 

If the file has not been used for a very long time, it may be deleted. It is possible to 



restore the file with the command ©RESTORE*LOST.FILE, or it may be read from 
magnetic tape. But you should probably ask your system manager for help if you 
need to do this. 

4.3 Plotting 

All plotting is done with the QPGS-F graphical system. The DRAW program will 
generate an intermediate file with plot commands. This file is then converted into 
device-specific plot commands by a filter. The commands INK and LASER start this 
filter with preset options, but you can also start the filter program yourself, and 
specify alternative devices or plot sizes. 

>@XQT UIB$*GPGS1.RLESHOW<return> 

You will be asked for DEVICE NUMBER and VIEWPORT SIZE. The device 
number is an identification number for the graphical device. The laserprinter is 140, 
the ink plotter is 113. Ask you system manager for other device numbers. The 
viewport size is the size of the plot in meters. So if you want to make a 25 
centimeter ink plot you should type 

>113 0.25<return> 

4.4 Output 

By default all output from printing and plotting is sent to the printers at the EDB 
Center, and can be collected there. 
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5. The Implementation of MASS 

The MASS system started out as a research project at the University of Bergen, 
with a very low priority on portability. However, most of the system is written in 
ASCII FORTRAN, which is FORTRAN 77 with some extensions. File access is 
standard FORTRAN, and the nonstandard part of the system is mainly in command 
scripts, in access of the operating system from within the programs, and in the use 
of 36 bits computer words. It should therefore be possible to port the system with 
some modifications to any computer running a standard FORTRAN 77 compiler. 

5.1 Data files 

Three data files are used by the system, PARTKEY, DIRADDR and DIRSPEC. 
They must be generated from the standard distribution of the mass spectral library. 

PARTKEY is a direct access file with search keys generated from the complete 
data file. Six different keys are available. 

1) Molecular weight - Integer (36 bits). 
2) CAS number - Integer (36 bits). 
3) Class membership (alkaloid, steroid, amino acid etc) - Bit pattern (36 

bits). 
4) Structural features (ethyl, butyl, phenyl etc) - Bit pattern (36 bits). 
5) Functionality (brom, nitro, oxo etc) - Bit pattern (36 bits). 
6) Number of atoms C, H, N and O - Integers in 9 bit quarterwords. 

Key 3 is taken from the distribution file2, and is described in the Appendix. Keys 4 
and 5 are generated as an individual step in the creation of the direct access file 
from the distribution3. In the current version of MASS only key 2 (CAS number) is 
used. The file is a direct access file with a record length (SUBLEN) of 4000. The 
number of spectra (MAXREC) is 39827, and the number of records for each key 



20 
(SUBS) is ( MAXHEC + SUBLEN -1 ) / SUBLEN. Key number KEY is read into the 
program by reading SUBS records starting from record number ( KEY -1) * SUBS 
+ 1. 

The reason for splitting the keys into small subrecords is to reduce the size of the 
l/O-buffer. With one record for each key a buffer of 40 000 words is needed. With 
the current file layout this is reduced to 4 000 words, with only a small increase in 
access time. 

DIRSPEC is a direct access file with all the spectra in the library. The record length 
(SEGLEN) is 20, and each spectrum consists of several records. This record length 
was chosen to keep the total number of records below 262 000, as the response 
time is very slow if ASCII FORTRAN is used with large record numbers. 

The global record format is shown in fig. 5. Each global record is split into (LREC + 
1 + (SEGLEN -1)) / SEGLEN «"brecords. 

The DIRADDR file is a direct access file with record length 2, and record ISPEG 
contains first subrecord and number of subrecords for spectrum number ISPEC in 
DiRSPEC. So when we know the serial number ISPEC for a spectrum (i.e. from 
PARTKEY), we can access that spectrum by reading record number ISPEC from 
DIRADDR into REC(1:2), and then read REC(2) subrecords from DIRSPEC, 
starting with subrecord number REC(1). The main advantage of this arrangement is 
that the maximum amount of unused space in DIRSPEC is MAXREC * (SEGLEN -
1), even though the number of data points in the spectra may vary with 2-3 orders 
of magnitude. 

5.2 Programs 

All programs are accessed through command scripts. An example of a command 
script is the script for LONG, shown in fig. 6. Most command scripts call user 
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LR EC Length oE record that follows 

Spectrum number (class specification) 

CAS number 

Serial number in the main data collection 

Molecular weight and Quality Index 

Number of peaks in spectrum 

Mass and intensity for each peak 

SPECNU 

Length oE record that follows 

Spectrum number (class specification) 

CAS number 

Serial number in the main data collection 

Molecular weight and Quality Index 

Number of peaks in spectrum 

Mass and intensity for each peak 

CASNU 

Length oE record that follows 

Spectrum number (class specification) 

CAS number 

Serial number in the main data collection 

Molecular weight and Quality Index 

Number of peaks in spectrum 

Mass and intensity for each peak 

SERNU 

Length oE record that follows 

Spectrum number (class specification) 

CAS number 

Serial number in the main data collection 

Molecular weight and Quality Index 

Number of peaks in spectrum 

Mass and intensity for each peak 

MW QUAL 

Length oE record that follows 

Spectrum number (class specification) 

CAS number 

Serial number in the main data collection 

Molecular weight and Quality Index 

Number of peaks in spectrum 

Mass and intensity for each peak 

CPEAKS 

Length oE record that follows 

Spectrum number (class specification) 

CAS number 

Serial number in the main data collection 

Molecular weight and Quality Index 

Number of peaks in spectrum 

Mass and intensity for each peak M I 

Length oE record that follows 

Spectrum number (class specification) 

CAS number 

Serial number in the main data collection 

Molecular weight and Quality Index 

Number of peaks in spectrum 

Mass and intensity for each peak 

LNOM Length of name (in words) 
Name of compound NOM 
Length of name (in words) 
Name of compound 

LFORM Length of formula {in words) 

Formula of compound FORM 

Length of formula {in words) 

Formula of compound 

Fig. 5 Global record format for DIRSPEC. 

SSUSPENC 
@XQT,B M.,;S.NAMES 
SXQT.B K..1S.RECORDS 
@RESUME,i. 
SIMAGE.E ONSITE. 
SRESUME.D 

Fig. 6 Command script for LONG. 

programs, and the execution of the programs is controlled by options given at the 
@XQT command. 

The real programs used by MASS are SETUP, LINEAR, PLOT, CASH, NAMES, 
RECORDS and SELECT. In addition to this the FILESHOW program from the 
GPGS-F package4 is used for output of graphics. 

SETUP is called from the BATCH script, and will generate input for the LINEAR 
program. LINEAR will do a simple linear search of the databi.ce with spectra 

http://databi.ce
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entered by the user through SETUP. 

CASH is called from the FIND script. The program will access the PARTKEY file, 
and create a list of serial numbers from CAS numbers entered by the user. The list 
of serial numbers is used as input to SELECT. 

SELECT is called from the PICK script. This program will access the DIRSPEC and 
DIRADDR files, and select records from the files on the basis of serial numbers. 
The records are written into an output file as sequential unformatted records in the 
same global record format as in DIRSPEC, using a FORTRAN WRITE command 
equivalent to 

WRITE(UNIT=11)REC(0),(REC(I),I=1,REC(0)). 

NAMES and RECORDS are called from the scripts SHORT and LONG, they will 
print formatted compound names and full records for all records in the output file 
from SELECT. 

PLOT is called from the DRAW script, and will generate intermediate GPGS-F plot 
commands for plotting of all records in the SELECT output file. 

FILESHOW (a GPGS-F routine) is called from the INK and LASER scripts, and will 
generate device-specific plot commands from the intermediate PLOT file. 
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APPENDIX 

Listing of compound classification flags used in the Mass Spectral Tape Format, as 
implemented in MASS. A detailed description of the generation of each category 
can be found in the relevant documentation from N8S. 

Bit Cateoorv 
36 Steroids 
35 Alkaloids 
34 Drugs 
33 Derivatives 
32 Amino acids 
31 Metals 
30 Carbohydrates 
29 Miscellaneous natural products 
28 Fatty acids and lipids 
27 Pesticides 
26 Priority pollutants 


