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Summary
Curie-point pyrolysis mass spectra were obtained from 30 Propionibacterium acnes
strains isolated from the foreheads of six healthy humans. Multivariate analyses and Kohonen artificial neural networks (KANNs), employing unsupervised learning, were used successfully to discriminate between the P. acnes isolates from different individual hosts. The
classification of the isolates by KANNs was compared with the more classical multivariate
techniques of canonical variates analysis and hierarchical cluster analysis and found to give similar groupings. The combination of pyrolysis mass spectrometry with these numerical methods also showed that more than one strain of P. acnes had been isolated from three
of the human hosts.
Introduction

Propionibacterium acnes is a common, probably universal, inhabitant of the skin of
humans, post puberty (39, 52). This potential pathogen is widely distributed on the
adult human skin, hair, oropharynx and gastrointestinal tract (5, 55), and is considered to cause skin disorders and acne. The organism is particularly found on the oily
areas of the skin such as the scalp and forehead (46). Furthermore, it has recently also been reported as inhabiting dog skin (27, 31).
Two major biotypes (or biovars) of P. acnes are recognised; these differ chiefly in the
presence of galactose in the cell wall and in the ability to ferment sorbitol, which correlates with the serotype and (bacterio-)phage susceptibility data (54). Attempts at further sub-division have not generally been successful although Kishishita et al. (37) reported five biotypes based on biochemical tests. In contrast, Nordstrom (49) and Dekio et al. (11) used single- and two-dimensional protein gels and found that all isolates
were very similar.

502

R. Goodacre, S. A. Howell, W. C. Noble, and M.J. Neal

The increasing resistance of P. acnes to antibiotics applied topically or orally (12,
40) has created a need to determine whether resident strains have become resistant as
a result of drug therapy or whether they have been replaced by exogenous resistant
strains. There is a need for a rapid technique which would measure the whole bacterial phenotype; such a method could then be exploited to follow the carriage/epidemiology of individual strains of human (or indeed other) P. acnes strains.
Pyrolysis is the thermal degradation of complex material in an inert atmosphere or
a vacuum. It causes molecules to cleave at their weakest points to produce smaller, volatile fragments called pyrolysate (35). A mass spectrometer can then be used to separate the components of the pyrolysate on the basis of their mass-to-charge ratio (rn/z)
to produce a pyrolysis mass spectrum (47), which can then be used as a "chemical profile" or fingerprint of the complex material analysed.
Within microbiology, this technique, called pyrolysis mass spectrometry (PyMS), has
largely been applied to the characterisation of bacterial systems (for reviews see 4, 19,
29,43,47). An excellent example of the discriminatory power of the approach is the
demonstration (20) that it is even possible to distinguish between four strains of
Escherichia coli which differ only in the presence of absence of single (antibiotic-resistance) plasmids. One of the major advantages that PyMS has over other diagnostic
methods, such as ELISA (7) and nucleic acid probing (51), is that it is rapid, both for
a single sample and in the (automated) throughput of samples. Typical sample time is
less than 2 minutes.
Over the last 2 or 3 years have been a number of important advances in the field of
pyrolysis mass spectrometry (PyMS), notably that the new numerical techniques of artificial neural networks (ANNs) (see refs. 3, 32, 50, 53 for excellent introductions) have been applied to pyrolysis mass spectra to gain quantitative, as well as qualitative,
information about the chemical constituents of microbial (and other) samples analysed. The first demonstration of the ability of ANNs to discriminate biological samples from their pyrolysis mass spectra was by Goodacre et al. (24,25), who successfully used PyMS and ANNs for the assessment of the presence of lower-grade seed oils
as adulterants in extra virgin olive oils. It has also been shown that it is possible with
this supervised learning method to follow the production of indole in a number of
strains of E. coli strains grown on media incorporating various amounts of tryptophan
(21), to quantify the (bio)chemical constituents of complex biochemical binary mixtures of proteins and nucleic acids in glycogen, to measure the concentrations of tertiary mixtures of cells of the bacteria Bacillus subtilis, Escherichia coli and Staphylococcus aureus (23, 26), and to effect the rapid identification of strains of Mycobacterium (16) and Streptomyces (10).
More recently, Goodacre et al. (27) have extended the application of ANNs to PyMS
and have investigated the ability of self-organising feature maps (SOFMs), often termed Kohonen (artificial) neural networks (KANNs) to classify the pyrolysis mass spectra of canine isolates of P. acnes. KANNs employ "unsupervised" learning and provide
an objective way of classifying data through self-organising networks of artificial neurons (32, 33, 38). The neural network forms a (self-organising) map of the input data
which retains information about the relationships between the items.
In this study it is demonstrated that the combination of PyMS with KANNs was able
rapidly to discriminate propionibacteria isolated from human skin surfaces. Furthermore, the results were found to be very similar to those produced by the more classical multivariate data analysis approaches of canonical variate analysis and hierarchical cluster analysis.
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Materials and Methods
Human isolates

P. acnes isolates were recovered from the foreheads of six normal adults by inoculating
swabs onto coryneform agar (CA) agar (composition g L-'; tryptone soya broth (Oxoid)
30, yeast extract (Oxoid) 10, agar No.1 (Oxoid) 10, and Tween 80 (Sigma) 10mL L-1). Inoculated plates were incubated for 7 days at 37°C in an anaerobe jar containing a cold catalyst and Oxoid gas generating kit. Several-well isolated colonies resembling P. acnes were
sub-cultured to ensure purity and classified as P. acnes by conventional means. These were
colonial and microscopic morphology, inability to grow aerobically and catalase production by fresh cultures. P. acnes was distinguished from P. granulosum and P. avidum by production of indole and by nitrate reduction (34). It has been previously shown (27) that both
P. granulosum and P. avidum were well separate from human and canine P. acnes using
PyMS.
The isolates were coded as follows: from person 1 as PI 1, PI 2, PIS, Pl 6, and PI 7;
from person 2 as P2 1, and P2 2; from person 3 as P3 1, and P3 2; from person 4 as P4 1,
P4 2, P4 3, P4 4, and P4 7; from person 5 as P5 1, P5 2, P5 3, P5 4, and P5 5; and from
person 6 as P6 1, P6 2, P6 3, P6 4, P6 5, P6 6. Finally, a single colony (from person 1) was
sub-cultured to give further single colonies of putative 'clonal' origin; these were coded PI
a, Pl b, PI c, and Pl d.
Biochemical characterisation

In an attempt at phenotypic typing, suspensions of the isolates were made after 7 days
growth and inoculated into the API CORYNE kits (BioMerieux, Basingstoke, Hants) and
maintained for 48 h at 37°C under anaerobic conditions. API CORYNE kit test for: N-acetyl~-glucosaminidase, alkaline phosphatase, ::esculin (~-glucosidase), gelatinase, ~-galactosi
dase, a-glucosidase, ~-glucuronidase, nitrate reduction, pyrazinamidase, pyrrolidonyl arylamidase, urease, and for the fermentation of glycogen, glucose, lactose, mannitol, ribose,
sucrose and xylose.
Pyrolysis mass spectrometry

The P. acnes isolates were incubated anaerobically for 7 days at 37°C on a single batch
of CA agar. After growth biomass was carefully collected in phosphate buffered saline and
frozen at -20°C. The samples were then transported to UWA. 5 ~L aliquots of the bacterial suspensions were evenly applied onto iron-nickel foils. Prior to pyrolysis the samples were
oven dried at 50°C for 30 min. Samples were run in triplicate.
The pyrolysis mass spectrometer used in this study was the Horizon Instruments PYMS200X, as initially described by Aries et al. (1), and see Freeman et al. (17), Goodacre and
Kell (21), Goodacre et al. (22,27) and Magee et al. (44). The sample tube carrying the foil
was heated, prior to pyrolysis, at 100°C for 5 seconds. The pyrolysate was generated in a
vacuum by the heating of a ferro-magnetic foil carrying the sample. Heating was achieved
by passing a radio-frequency current for 3 seconds through a pyrolysis coil which surrounds
the sample-coated alloy foil. The foil and sample heated rapidly, 0.5 seconds, to the temperature corresponding to the Curie-point of the iron-nickel foil. At this temperature,
530°C, the alloy ceased to exhibit ferro-magnetic properties and heating finished; on cooling below the Curie-point, inductive heating resumed, so that the foil-pyrolyser system acted as a thermostatic switch maintaining the sample at the Curie-point, until current ceased
to flow through the pyrolysis coil. This pyrolysis temperature was chosen because it has
been shown (18, 57) to give a balance between the fragmentation from polysaccharides (carbohydrates) and protein fractions.
The pyrolysate then entered a gold-plated expansion chamber heated to 150°C, whence
it diffused down a molecular heam tube to the ionisation chamber of the mass spectrome-
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ter. To minimise secondary fragmentation of the pyrolysate the ionisation method used was
low-voltage electron impact ionisation (25eV). Non-ionised molecules were deposited on a
cold trap, cooled by liquid nitrogen. The ionised fragments were focused by the electrostatic lens of a set of source electrodes, accelerated and directed into a quadrupole mass filter.
The ions were separated by the quadrupole, on the basis of their mass-to-charge ratio, and
detected and amplified with an electron multiplier (9). The mass spectrometer scans the ionised pyrolysate 160 times at 9.2 second intervals following pyrolysis.
Data were collected over the rnIz range 51 to 200, in 0.1 mass-unit intervals. These were
then integrated to give unit mass. Given that the charge of the fragment was unity the massto-charge ratio can be accepted as a measure of the mass of pyrolysate fragments. The IBMcompatible PC used to control the PYMS-200X, was also programmed, using software provided by the manufacturers, to record spectral information on ion count for the individual
masses scanned and the total ion count for each sample analysed.
Prior to any analysis the mass spectrometer was calibrated using the chemical standard
perfluorokerosene (Aldrich), such that rnIz 181 was one tenth of rnIz 69.
Multivariate data analysis

To remove the effect of sample size differences the data from PyMS were normalised to
a total ion count of 216.The normalised data were then processed with the GENSTAT package (48) which runs under Microsoft DOS 6.2 on an IBM-compatible Pc. This method has
been previously described by MacFie and Gutteridge (41) and Gutteridge et al. (30). In essence, the first stage was the reduction of the data by principal components analysis (PCA)
(6,8,14,15,29,36,45), which is a well-known technique for reducing the dimensionality
of multivariate data whilst preserving most of the variance. Data were reduced by keeping
only those principal components (PCs) whose eigenvalues accounted for more than 0.1 %
of the total variance. Canonical variates analysis (CVA) then separated the samples into
groups on the basis of the retained PCs and the a priori knowledge of the appropriate number of groupings (42, 56). The next stage was the construction of a percentage similarity
matrix by transforming the Mahalanobis' distance between a priori groups in CVA with the
Gower similarity coefficient SG (28). Finally, hierarchial cluster analysis (HCA) was employed to produce a dendrogram, using average linkage clustering (30).
Unsupervised learning using Kohonen artificial neural networks

KANNs provide an objective way of classifying data through self-organising networks of
artificial neurons. The self-organizing feature maps (SOFMs) used in this work consisted of
a two-dimensional network of neurons arranged on a square grid. Each neuron was connected to its eight nearest neighbours on the grid. The neurons store a set of weights (a
weight vector) each of which corresponds to one of the inputs in the data. Thus, for PyMS
data consisting of 150 ion counts each node stores 150 weights in its weight vector. Upon
presentation of a mass spectrum (represented as a vector consisting of the 150 ion counts)
to the network each neuron calculates its "activation level". A node's activation level is defined as:
n

L (weight; I ~

Input;)2

0

This is simply the Euclidean distance between the points represented by the weight vector and the input vector in n-dimensional space. Thus a node whose weight vector closely
matches the input vector will have a small activation level, and a node whose weight vector is very different from the input vector will have a large activation level. The node in the
network with the smallest activation level is deemed to be the "winner" for the current input vector.
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During the training process the network is presented with each input pattern in turn, and
all the nodes calculate their activation levels as described above. The winning node and
some of the nodes around it are then allowed to adjust their weight vectors to match the
current input vector more closely. The nodes included in the set which are allowed to adjust their weights are said to belong to the "neighbourhood" of the winner. The size of the
winner's neighbourhood is varied throughout the training process. Initially all of the nodes
in the network are included in the neighbourhood of the winner, but as training proceeds
the size of the neighbourhood is decreased linearly after each presentation of the complete
"training set" (all the mass spectra being analysed), until it includes only the winner itself.
The amount by which the nodes in the neighbourhood are allowed to adjust their weights
is also reduced linearly throught the training period.
The factor which governs the size of the weight alterations is known as the learning rate
and is represented by u. The adjustments to each item in the weight vector (where bw is the
change in the weight) are made in accordance with the following:

This is carried out for i = 1 to i = n where in this case n = 150. The initial value for u is
1 and the final value is O.
The effect of the "learning rule" (weight update algorithm) is to distribute the neurons
evenly throughout the region of n-dimensional space populated by the training set (32, 33,
38). This effect is diplayed in Figure 1 which shows the distribution of a square network
over an evenly populated two-dimensional square input space (Fig. la), and a more complex input space (Fig. Ib). The neuron with the weight vector closest to a given input pattern will win for that pattern and for any other input patterns that it is closest to. Input patterns which allow the same node to win are then deemed to be in the same group, and when
a map of their relationship is drawn a line encloses them. By training with networks of increasing size a map with several levels of groups or "contours" can be drawn. These contours, however, may sometimes cross which appears to be due to failure of the SOFM to
converge to an even distribution of neurons over the input space (13).
Construction of these maps allows close examination of the relationships between the
items in the training set, which in this case consisted of 30 averaged and normalised pyrolysis mass spectra derived from the Propionibacterium spp. Networks on square grids of 4,
9 and 16 nodes were used to group the samples. The SOFMs were allowed to "wrap around" so that they formed toroidal structures; this was in order to avoid the edge effects
which otherwise tend to corrupt very small networks of this type (e.g. as in Fig. 1). All
SOFM analyses were run under Microsoft Windows 3.1 on the IBM-compatible PC using
software written by MJN in Microsoft Visual C++ according to the general principles outlined by Kohonen (38).

Results and Discussion
The results from incubating the 30 isolates into the API CORYNE Kit, for 48 h at
37°C under anaerobic conditions, are shown in Table 1. It can be seen that of the 18
biochemical characteristics tested only seven showed any positive results, this kit is
however designed for aerobic bacteria. The optimum number of characters to give accurate classifications at the level of sub-species should lie between 100 and 200 (2).
The small number of tests used in this study (that gave positive reactions) would thus
exert a disproportionately large influence on the classification structure, such that it
was therefore impracticable to classify these bacteria based on these results alone.
These biochemical results also show that this group of organisms were very fastidious. It is therefore imperative that for the successful discrimination of these strains a
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Fig. 1. Representations of square networks distributed across (A) and evenly distributed
square, and (E) a more complex two-dimensional input space.
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* Indicates clonal type (a single colony from person 1 was sub-cultured to give further single colonies). The coding of the isolates is explained in the materials and methods section.

technique which analyses the whole cell and so gains information from the total phenotype needs to be employed; pyrolysis mass spectrometry is such a technique.
After the collection of pyrolysis mass spectra the first stage was to perform multivariate statistical methods, as described above, using the GENSTAT package to establish the relationships between all the strains of propionibacteria. Each of the 30 human isolates, each represented by triplicate spectra, were coded to give 30 individual
groups; the resulting HCA displayed as a dendrogram is shown in Fig. 2. In this figure
it can be seen that at 75% relative similarity the bacteria cluster into three groups and
they have split mainly according to the person from which they were isolated. Group
1 comprises all the P. acnes human strains from persons 1 and 4, which at 95% relative similarity divides into three clusters representing strains from person 1 (cluster A),
33
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Table 1. Biochemical characteristics and clustering behaviour of P. acnes
Nitrate
reduction

Isolate

Person 1
1
2

Alkaline ~-glucurOlllphosphatase dase

a-gluco- Gelatin- Glucose Ribose
fermen- fermensidase
ase
tation
tation

+
+

5
6

7

+

a*
b"
c*
d*
Person 2
1
2

+
+
+

+

+

+

+

+

+

B
B
B

+

Person 5
1
2
3
4
5

5

G
G

B
B

7

Person 6
1
2
3
4

A
A
A
A
X
A
A
A
A

C
C

+
+

Person 3
1
2
Person 4
1
2
3
4

+

+

PyMS
cluster

+
+
+
+

+

C
C

+

E
E

+

C

E

+
+

+

+

+

+

+

+

+

+

6

+

+

+

D
F
D
D
F

* clonal strains.
All of the strains were negative for N-acetyl-~-glucosaminidase, resculin (~-glucosidase), ~galactosidase, pyrazinamidase, pyrrolidonyl arylamidase, urease, and for the fermentation
of glycogen, lactose, mannitol, sucrose and xylose.
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all the isolates from person 4 (cluster B), and an outlying cluster X of isolate 7 from
person 1. This strain portrayed different biochemistry from the others P. acnes from
person 1 in that it was the only one to ferment glucose and ribose (Table 1). Group 2
consists of isolates from persons 2, 5 and 6 strains, isolates from person 6 divide into
two discrete clusters, D and F, the isolate P6 1, however, forms a relatively loose cluster (E) with isolates 3 and 4 from person 5, this result implies that three different strains
of P. acnes have been isolated from person 6, the rest of the isolates from person 5 cluster with the two isolates from person 2 (cluster C). Finally, the isolates from person 3,
which displayed significantly different biochemical reactions (Table 1), made up the
third group (cluster G).
This general group structure can also be clearly seen in the eVA plot (Fig. 3), where
it can be observed that isolates from persons 1, 3 and 4 form discrete groups and that
strains from persons 2, 5 and 6 form a fairly heterogeneous cluster.
The next stage was to observe the discrimination of the four 'clonal' isolates from
person 1. Therefore, strains from just cluster A were re-analysed by GENSTAT; the resulting dendrogram is displayed in Fig. 4a, where it can be seen that two sub-clusters
are formed. The first group contains three of the 'clonal' types while the fourth, P 1c,
clusters with the other P. acnes isolated from person 1. It is possible to explain this result in several ways: (1) the four 'clonal' types are not identical and strain P 1c has
changed phenotypically in some way, (2) the difference observed between P1 c and the
other 'clonal' types is due to contamination of the former during the experimental protocol, or (3) that the strains from cluster A are identical since the four 'clonal' types
fall in both groups. It is obvious that the later option is the correct one since it is highly unlikely that strain P1 c would have changed (either phenotypically or by contamination) so as to resemble the other isolates collected from person 1.
It is evident that two different strains of P. acnes were isolated from person 5 as indicated by bacteria falling into the two discrete clusters e and E (Fig. 2). However, in
order to elucidate whether P. acnes strains from person 2 and 5 may be differentiated
the isolates which formed cluster e were also re-analysed and the dendrogram pro-
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Fig. 3. Pseudo-three dimensional ordination plot based on PyMS data analysed using the
GENSTAT program showing the relationship between all the propionibacterial strains. The
first, second and third canonical variates accounted for 62.8%,15.0%, and 8.4% of the total variance (86.2% total).
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duced by GENSTAT is shown in Fig. 4b. It can be seen that the three strains from person 5 form a tight group and the two person 2 isolates fail to cluster together. This
shows that the P. acnes isolated from person 2 were different from person 5 (Fig.4b);
however, since only two isolates were analysed the precise relationship of these strains
is equivocal and further isolates really need to be analysed.
The next stage was to analyse the pyrolysis mass spectral data using artificial neural networks that employ "unsupervised" learning. Thus KANNs were trained, initially using networks of four nodes, as outlined in the materials and methods section, with
the 30 averaged normalised pyrolysis mass spectra of the P. acnes isolates. After training the 30 isolates separated into four groups (Fig. 5). By re-training with larger networks (nine and 16 nodes), finer distinctions between the bacterial samples were detected.
The groups formed using these self-organising topological maps (Fig. 5) were similar to those indicated by CVA and HCA and clustered on the basis of the person from
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which the P. acnes strains were isolated. Isolates from persons 2, 5 and 6, with the exception of P6 3, once again formed a heterogeneous cluster. The strains cultivated from
person 3 clustered together with P1 7 when a network employing 16 nodes was used,
whilst when small networks were trained these three strains did not always cluster together. This implies that these strains are quite different from the others analysed. On
closer inspection of the dendrogram all the P. acnes strains (Fig.2) and CVA plot
(Fig. 3) this was indeed the case; where it can be clearly seen (Fig. 2) that the bacterial
isolates from persons 3 and strain P1 7 only display respectively 46% and 77% relative similarity to the other human P. acnes isolates.
In contrast with the results shown in the HCA dendrogram (Fig.2) the P. acnes
strains isolated from person 1 formed one large group which also included three isolates from person 4 (P4 2, P4 3, and P4 7). The topological map (Fig. 5) also showed
that the remaining two isolates from person 4, P4 1 and P4 4, formed a separate group.
This result suggests that two different strains may have been isolated from person 4;
to clarify this the isolates from person 4 were re-analysed by GENSTAT and the resulting dendrogram is displayed in Fig. 6. It can be clearly seen that two clusters are formed, which were equivalent to the KANN result (Fig. 5). Therefore two separate strains
of P. acnes were also isolated from this person.

512

R. Goodacre, S. A. Howell, W. C. Noble, and M.J. Neal

100

I

P4l:

90

I

80

I

Percentage relative similarity
70
60
50
40

I

I

I

I

30

I

20

I

P44
P42

P43"~--------------'

~------------------~

P47 - - - - - - - - -..
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person4 (in cluster B, from Fig. 1), based on PyMS data analysed using the GENSTAT program.

This last result in particular highlights the value of this new neural network technique based on unsupervised learning, since the fact that two different strains of P. acnes were isolated from person 4 might well have gone unnoticed if only HCA and CVA
had been used. In conclusion, the groups formed using KANNs were otherwise similar
to those produced using the classical multivariate approach employing HCA and CVA.
This study demonstrates that PyMS with multivariate analysis and self organising
feature maps, was able to discriminate between strains of P. acnes isolated from the
foreheads of six healthy humans, confirming the potential of this powerful technique
for the fine discrimination between bacterial samples. The clusters that were formed
were found to approximate to the individuals from which the P. acnes were isolated.
More importantly, this approach also showed that different strains of P. acnes were isolated from persons 4, 5 and 6, illustrating a within-human variation and multiple carriage of this potential pathogen.

Acknowledgements. We would like to thank Prof. Douglas B. Kell for his constructive
criticism of this paper. RG and MJN are supported by the Biotechnology Directorate of the
UK SERC, under the terms of the LINK scheme in Biochemical Engineering, in collaboration with Horizon Instruments, Neural Computer Sciences and Zeneca pic.
References
1. Aries, R. E., C. S. Gutteridge, and T. W. Ottley: Evaluation of a low-cost, automated py-

rolysis-mass spectrometer. J. Ana!. App!. Pyro!. 9 (1986) 81-98
2. Austin, B. and F. Priest: Modern Bacterial Taxonomy, pp.74-81. Van Nostrand Reinhold, Wokingham (1986)
3. Beale, R. and T. .Jackson: Neural Computing: Ann Introduction. Adam Hilger, Bristol
(1990)
4. Berkeley, R. C. w., R. Goodacre, R . .J. Helyer, and T. Kelley: Pyrolysis-MS in the identification of micro-organisms. Lab. Pract. 39 (1990) 81-83
5. Brook, I. and E. H. Frazier: Infections caused by Propionibacterium species. Rev. Infect.
Dis. 113 (1991) 819-820
6. Causton, D. R.: A Biologist's Advanced Mathematics, pp.48-72. Allen & Unwin, London (1987)

Discrimination of Human P. acnes using PyMS and SOFMs

513

7. Chantler, S. M. and M. B. Mclllmurray: Labelled-antibody methods for the detection
and identification of microorganisms. Meth. Microbiol. 19 (1987) 273-332
8. Chatfield, C. and A.J. Collins: Introduction to Multivariate Analysis, pp. 57-81. Chapman & Hall, London (1980)
9. Chapman, ]. R.: Practical Organic Mass Spectrometry. Wiley and Sons, New York
(1993)
10. Chun, J., E. Atalan, A. C. Ward, and M. Goodfellow: Artificial neural network analysis
of pyrolysis mass-spectrometric data in the identification of Streptomyces strains. FEMS
Microbiol. Lett. 107 (1993) 321-325
11. Dekio, S., K. Hashimoto, and M. Makino: Two-dimensional gel electrophoresis of ribosomal proteins from Propionibacterium acnes and P. granulosum. Int. J. Med. MicrobioI. 271 (1989) 442-451
12. Eady, E. A., J. H. Cove, K. T. Holland, and W. J. Cuncliffe: Erythomycin resistant propionibacteria in antiobiotic treated acnes patients: Association with therapeutic failure.
Brit. J. Dermat. 121 (1989) 51-57
13. Erwin, E., K. Obermayer, and K. Schulten: Self-organizing maps: ordering, convergence
properties and energy functions. Biolog. Cybernet. 67 (1992) 47-55
14. Everitt, B. S.: Chuster Analysis. Edward Arnold, London (1993)
15. Flury, B. and H. Riedwyl: Multivariate Statistics: A Practical Approach, pp. 181-233.
Chapman & Hall, London (1988)
16. Freeman, R., R. Goodacre, P. R. Sisson, J. G. Magee, A. C. Ward, and N. F. Lightfoot:
Rapid identification of species within the Mycobacterium tuberculosis complex by artificial neural network analysis of pyrolysis mass spectra. J. Med. Microbiol. 40 (1994)
170-173
17. Freeman, R., F. K. Gould, R. Wilkinson, A. C. Ward, N. F. Lightfoot, and P. R. Sisson:
Rapid inter-strain comparison by pyrolysis mass spectrometry of coagulase-negative
staphylococci from persistent CAPD peritonitis. Epidem. Infect. 106 (1991) 239-246
18. Goodacre, R.: The Effects of Genotypic and Phenotypic Changes on Bacterial Identification using Pyrolysis Mass Spectrometry. Ph. D. Thesis, University of Bristol (1992)
19. Goodacre, R.: Characterisation and quantification of microbial systems using pyrolysis
mass spectrometry: Introducing neural networks to analytical pyrolysis. Microbiol. Eur.
2 (2) (1994) 16-22
20. Goodacre, R. and R. C. W. Berkeley: Detection of small genotypic changes in Escherichia coli by pyrolysis mass spectrometry. FEMS Microbiol. Lett. 71 (1990) 133-138
21. Goodacre, R. and D. B. Kell: Rapid and quantitative analysis of bioprocesses using pyrolysis mass spectrometry and neural networks: application to indole production. Anal.
Chim. Acta 279 (1993) 17-26
22. Goodacre, R., J. E. Beringer, and R. C. W. Berkeley: The use of pyrolysis-mass spectrometry to detect the fimbrial adhesive antigen F41 from Escherichia coli HBI0l
(pSLM204). J. Anal. Appl. Pyrol. 22 (1991) 19-28
23. Goodacre, R., A. N. Edmonds, and D. B. Kell: Quantitative analysis of the pyrolysismass spectra of complex mixtures using artificial neural networks: Application to
casamino acids in glycogen. j. Anal. Appl. Pyrol. 26 (1993) 93-114
24. Goodacre, R., D. B. Kell, and G. Bianchi: Neural networks and olive oil. Nature 359
(1992) 594
25. Goodacre, R., D. B. Kell, and G. Bianchi: Rapid assessment of olive oil adulteration using pyrolysis mass spectrometry and artificial neural networks. J. Sci. Food Agric. 63
(1993) 297-307
26. Goodacre, R., M.J. Neal, and D. B. Kell: Rapid and quantitative analysis of the pyrolysis mass spectra of complex binary and tertiary mixtures using multivariate calibration and artificial neural networks. Anal. Chern. 66 (1994) 1070-1085
27. Goodacre, R., M. J. Neal, D. B. Kell, L. W. Greenham, W. C. Noble, and R. G. Harvey:
Rapid identification using pyrolysis mass spectrometry and artificial neural networks of
Propionibacterium acnes isolated from dogs. J. Appl. Bact. 76 (1994) 124-134

514

R. Goodacre, S. A. Howell, W. C. Noble, and M.J. Neal

28. Gower, J. c.: A general coefficient of similarity and some of its properties. Biometr. 27
(1971) 857-874
29. Gutteridge, C. S.: Characterization of microorganisms by pyrolysis mass spectrometry.
Meth. Microbiol. 19 (1987) 227-272
30. Gutteridge, C. S., L. Vallis, and H.]. H. MacFie: Numerical methods in the classification
of microorganisms by pyrolysis mass spectrometry. In: Computer-assisted Bacterial
Systematics, pp. 369-401 (M. Goodfellow, D. Jones, F. G. Priest, eds.). Academic Press,
London (1985)
31. Harvey, R. G., W. C. Noble, and D. H. Lloyd: Distribution of propionibacteria on dogs:
a preliminary report of the findings on 11 dogs. J. Small Anim. Pract. 34 (1993) 80-84
32. Hecht-Nielsen, R.: Neurocomputing, pp.138-147. Addison-Wesley, Massachusetts
(1990)
33. Hertz,]., A. Krogh, and R. G. Palmer: Introduction to the Theory of Neural Computation, pp. 236-244. Addison-Wesley, California (1991)
34. Holdeman, L. V. and W. E. C. Moore: Anaerobe Laboratory Manual, pp. 48-52. Blacksburg, Virginia 1972
35. Irwin, w.].: Analytical Pyrolysis: A Comprehensive Guide. Marcel Dekker, New York
(1982)
36.Jolliffe, I. T.: Principal Component Analysis. Springer Verlag, New York (1986)
37. Kishishita, M., T. Ushijima, and Y. Ito: Biotyping of Propionibacterium acnes isolated
from normal facial skin. Appl. Envir. Microbiol. 38 (1979) 585-589
38. Kohonen, T.: Self-Organization and Associative Memory. Springer Verlag, Berlin (1989)
39. Leyden, ].]., K.J. McGinley, O. H. Mills, and A. M. Klingman: Age related changes in
the resident bacterial flora of the human face. J. Invest. Dermat. 65 (1975) 379-381
40. Leyden, ].]., K.]. McGinley, S. Cavalieri, G. R Webster, O. H. Mills, and A. M. Klingman: Propionibacterium acnes resistant to antibiotics in acne patients. J. Amer. Acad.
Dermat. 8 (1983) 41-45
41. MacFie, H.]. H. and C. S. Gutteridge: Comparative studies on some methods for handling quantitative data generated by pyrolysis. J. Anal. Appl. Pyrol. 4 (1982) 175-204
42. MacFie, H.]. H., C. S. Gutteridge, and]. R. Norris: Use of canonical variates in differentiation of bacteria by pyrolysis gas-liquid chromatography. J. Gen. Microbiol. 104
(1978) 67-74
43. Magee, ]. T.: Whole-organism fingerprinting, in Handbook of New Bacterial Systematics, pp. 383-427 (M. Goodfellow and A. G. O'Donnell, eds.). Academic Press, London
(1993)
44. Magee, ]. T., ]. M. Hindmarch, B. I. Duerden, and L. Goodwin: A pyrolysis mass spectrometry study of oral pigmented bacteriodes. J. Med. Microbiol. 37 (1992) 56-61
45. Martens, H. and T. Ntes: Multivariate Calibration. John Wiley & Sons, New York (1989)
46. McGinley, K. G., G. E. Webster, M. R. Ruggieri, and ].J. Leyden: Regional variations in
density of cutaneous propionibacteria: correlations of Propionibacterium acnes populations with sebacious secretions. J. Clin. Microbiol. 12 (1980) 672-675
47. Meuzelaar, H. L. C.,}. Haverkamp, and RD. Hileman: Pyrolysis Mass Spectrometry of
Recent and Fossil Biomaterials. Elsevier, Amsterdam (1982)
48. Neider,]. A.: Genstat Reference Manual. University of Edinburgh, Scientific and Social
Service Program Library 1979
49. Nordstrom, K. M.: Polyacrylamide gel electrophoresis (PAGE) of whole-cell proteins of
cutaneous Propionibacterium species. J. Med. Microbiol. 19 (1985) 9-14
50. Rumelhart, D. E.,}. L. McClelland, and The PDR Research Group: Parallel Distributed
Processing. Experiments in the Microstructure of Cognition. MIT Press, Cambridge,
Massachusetts (1986)
51. Saano, A. and K. Lindstrom: Detection of rhizobia by DNA-DNA-hybridization from
soil samples: Problems and perspectives. Symbiosis 8 (1990) 61-73
52. Somerville, D. A. and C. T. Murphy: Quantitation of Corynebacterium acnes on healthy
human skin. J. Invest. Dermat. 60 (1973) 231-233

Discrimination of Human P. acnes using PyMS and SOFMs

515

53. Wasserman, P. D.: Neural Computing: Theory and Practice, Van Nostrand Reinhold,
New York (1989)
54. Webster, G. F. and C. S. Cummins: Use of bacteriophage typing to distinguish Propionibacterium acnes types I and II. J. Clin. Microbiol. 7 (1978) 84-90
55. Willis, A. T.: Anaerobic Bacteriology: Clinical and Laboratory Practice. Butterworths,
London (1977)
56. Windig, w., J. Haverkamp, and P. G. Kistemaker: Interpretation of a set of pyrolysis
mass spectra by discriminant analysis and graphical rotation. Anal. Chern. 55 (1983)
387-391
57. Windig, w., P. G. Kistemaker, J. Haverkamp, and H. L. C. Meuzelaar: Factor analysis on
the influence of changes in experimental conditions in pyrolysis mass spectrometry. J.
Anal. Appl. Pyrol. 2 (1980) 7-18

Dr. R. Goodacre, Institute of Biological Sciences, University of Wales, Aberystwyth, Dyfed
SY23 3DA, UK, E-mail: rrg@aber.ac.uk
http://gepasi.dbs.aber.ac. uklroy/pymshome.htm

