
Journal of Microbiological Methods 88 (2012) 83–97

Contents lists available at SciVerse ScienceDirect

Journal of Microbiological Methods

j ourna l homepage: www.e lsev ie r .com/ locate / jmicmeth
MALDI-typing of infectious algae of the genus Prototheca using SOM portraits

Henry Wirth a,b,c,⁎, Martin von Bergen b,d, Jayaseelan Murugaiyan b,e, Uwe Rösler e,
Tomasz Stokowy f,g, Hans Binder a,c,⁎
a Interdisciplinary Centre for Bioinformatics of Leipzig University, D-4107, Härtelstr. 16-18, Leipzig, Germany
b Helmholtz-Centre for Environmental Research; Department for Proteomics, D-04318 Leipzig, Permoserstr. 15, Germany
c Leipzig Interdisciplinary Research Cluster of Genetic Factors, Clinical Phenotypes and Environment (LIFE); Universität Leipzig, D-4103 Leipzig, Philipp-Rosenthalstr. 27, Germany
d Helmholtz-Centre for Environmental Research, Department for Metabolomics, D-04318 Leipzig, Permoserstr. 15, Germany
e Free University of Berlin, Institute for Animal and Environmental Hygiene, D-10117 Berlin, Luisenstraße 56, Germany
f Silesian University of Technology, Department of Automatic Control, ul.Akademicka 16, 44-100 Gliwice, Poland
g Cancer Center and Institute of Oncology Gliwice branch, Nuclear Medicine and Endocrine Oncology Department, ul. Wybrzeże Armii Krajowej 15 44-101 Gliwice, Poland
⁎ Corresponding authors at: Interdisciplinary Centre
University, D-4107 Leipzig, Härtelstr., 16-18, Germany.

E-mail addresses: wirth@izbi.uni-leipzig.de (H. Wirt
(H. Binder).

0167-7012/$ – see front matter © 2011 Elsevier B.V. All
doi:10.1016/j.mimet.2011.10.013
a b s t r a c t
a r t i c l e i n f o
Article history:

Received 8 August 2011
Received in revised form 17 October 2011
Accepted 20 October 2011
Available online 26 October 2011

Keywords:
MALDI-typing
Mass spectrometry
Peaklist
Prototheca
SOM
Classification

Background: MALDI-typing has become a frequently used approach for the identification of microorganisms
and recently also of invertebrates. Similarity-comparisons are usually based on single-spectral data. We apply
self-organizing maps (SOM) to portray the MS-spectral data with individual resolution and to improve the
typing of Prototheca algae by using meta-spectra representing prototypes of groups of similar-behaving sin-
gle spectra.
Results: The MALDI-TOF peaklists of more than 300 algae extracts referring to five Prototheca species were
transformed into colored mosaic images serving as molecular portraits of the individual samples. The por-
traits visualize the algae-specific distribution of high- and low-amplitude peaks in two dimensions.
Species-specific pattern of MS intensities were readily discernable in terms of unique single spots of high am-
plitude MS-peaks which collect characteristic fingerprint spectra. The spot patterns allow the visual identifi-
cation of groups of samples referring to different species, genotypes or isolates. The use of meta-peaks instead
of single-peaks reduces the dimension of the data and leads to an increased discriminating power in down-

stream analysis.
Conclusions: We expect that our SOM portray method improves MS-based classifications and feature selec-
tion in upcoming applications of MALDI-typing based species identifications especially of closely related
species.
© 2011 Elsevier B.V. All rights reserved.
1. Introduction

Identification of microorganisms was for a long time performed by
applying specifically designed differential culture conditions but has
over the last 20 years become the domain of molecular based
methods, like PCR (Erlich et al., 1991; Irenge et al., 2010), microarray
hybridization (Pozhitkov et al., 2007; Pozhitkov et al., 2011), DNA-
sequencing (Tautz et al., 2002), FTIR spectroscopy (Helm et al.,
1991) or mass spectrometry (Demirev et al., 1999). The former
methods analyze DNA- and RNA-nucleotide sequences with typically
rich phylogenetic information content. Instead, the latter two
methods usually apply to metabolites and proteins. Whereas metab-
olites are limited in their phylogenetic informational content diversi-
ty of proteins is comparable with the richness of the genetic or
transcriptomic information.
for Bioinformatics of Leipzig
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The method of MALDI-typing was developed for the rapid identi-
fication of bacterial samples (Bright et al., 2002). It is based on most
simple extraction procedures like using acidic solution that can after-
wards directly be mixed with MALDI-matrices. This allows a rapid
preparation that can be performed in an automated way. Besides
the extraction also the ionisation process used in MALDI-MS has a
crucial impact on the selection of detected proteins and peptides.
The rules that have been found include a general preference for pro-
teins in the range of 2–20 kDa with an inverse correlation between
the mass and the intensity of detection and a sometimes very strong
dependency on the used matrix substance.

The phyla, from which species identification by mass spectrome-
try of proteins is reported, range from microorganisms as bacteria
(Jehmlich et al., 2009), yeast (van Veen et al., 2010) and algae to-
wards small invertebrates (Campbell, 2005; Feltens et al., 2010) and
even vertebrates (Mazzeo et al., 2008). MALDI-typing poses a cost ef-
ficient alternative to PCR based approaches due to the suitability of
simple and fast extraction and measurement procedures.

In parallel with the further improvement of the experimental pro-
tocols of cultivation, extraction and sample preparation and of the
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MS-techniques applied, data processing and analysis is a crucial step
in typing tasks. Besides primary spectral cleaning and peak extraction
it requires appropriate classification algorithms allowing to distin-
guish the spectra of different species with maximum resolution.
Also visualization of the high-dimensional data given by the ampli-
tudes of a few thousands MS-peaks in hundreds of samples is an im-
portant requirement for comprehensive analytics.

Machine learning using self-organizing maps (SOM) allows por-
traying the molecular landscape with individual resolution. The ba-
sics of the method were developed by Kohonen about 30 years ago
(Kohonen, 1982). It projects data from the original high dimensional
space to reference vectors of lower dimension. SOM analysis was suc-
cessfully applied to high-dimensional microarray gene expression
data using either a gene-centered perspective to cluster genes
(Tamayo et al., 1999) or a sample-centered mode to classify samples
into diagnostic groups (Golub et al., 1999; Covell et al., 2003;
Buckhaults et al., 2003). SOM machine learning was also applied to
genetic SNP-data of human populations (Binder et al., 2011) and to
NMR and mass spectrometry data in the context of metabolic and
proteomic profiling. These latter applications in the first instance ad-
dress methodical issues of machine learning such as the automated
characterization of subclass-related metabolic interactions (Suna et
al., 2007), multi-factorial classification of metabolites (Wongravee
et al., 2010) and metabolite profiling using one-dimensional
(Meinicke et al., 2008) or fuzzy-labeled (Villmann et al., 2008) SOMs.

The SOMmethod can be configured also in such a way that it com-
bines both, the sample- and feature-centered perspectives (Nikkilä et
al., 2002;Wang et al., 2002; Eichler et al., 2003). This specific approach
decodes the pattern of thousands of single features per sample into a
two-dimensional mosaic pattern which allows the sample-to-sample
comparison by direct visual inspection. It has been demonstrated
that such SOM portraits are featured by several important benefits
(Nikkilä et al., 2002; Wang et al., 2002; Eichler et al., 2003): (i) they
provide an individual visual identity for each sample; (ii) they reduce
the dimension of the original data; (iii) they preserve the information
richness of the original data allowing the detailed, multivariate ex-
plorative comparisons between samples, (iv) they are highly intuitive
not-requiring specific knowledge of the underlying algorithmic kernel
of themethod, and (v) they can be treated as new, complex objects for
next level analysis in terms of visual recognition.

In this publication we apply this portraying-approach to MALDI-
TOF typing of Prototheca species using previously published data
(von Bergen et al., 2009). We will demonstrate that SOM-portraying
not only improves the comparability of the peaklists of different spe-
cies in an intuitive fashion but also extracts meta-spectra represent-
ing the fundamental set of peaks inherent in the data. We show that
classification based on these metaspectra clearly outperforms classifi-
cation based on single spectra.

The application of our method to colorless algae of the genus Pro-
totheca within the Chlorellaceae family is motivated by the fact that
these algae are the only known plants that cause infections in humans
and animals. The taxonomic status of Prototheca has been evolving in
recent decades. Five species are currently assigned to this genus: P.
zopfii, P. wickerhamii, P. blaschkeae, P. stagnora and P. ulmea (Pore,
1985; Arnold and Ahearn, 1972; Roesler et al., 2006). Cases of
human protothecosis are predominantly caused by P. zopfii GT 2 and
P. wickerhamii and occur as local (predominantly cutaneous) and sys-
temic infections mainly in immune-compromised patients, e.g. pa-
tients infected with HIV or treated with glucocorticoids (Matsuda
and Matsumoto, 1992; Bianchi et al., 2000; Lass-Flörl et al., 2004;
Lass-Flörl and Mayr, 2007). Bovine prototheca mastitis is worldwide
mainly caused by P. zopfii GT2, more seldom by P. blaschkeae. P. blas-
chkeae were further isolated from some cases of onychomycosis
(Roesler et al., 2006). Canine protothecosis is caused by P. wickerhamii
and P. zopfii GT2, and is characterized by similar clinical symptoms as
in humans (Stenner et al., 2007).
The discrimination between harmless and pathogenic variants re-
mains difficult and is typically performed by sequence analysis of the
18S rDNA, or by diagnostic PCR or RFLP (Roesler et al., 2006). Al-
though this method is the most accurate available up to now, this
test is not capable of differentiating Prototheca species in a single
run. In our previous paper we demonstrated that this diagnostic gap
can be overcome by using MALDI-TOF MS spectra for identification.
We here present an improved analysis of these data using spectral
SOM portraits.

The paper is organized as follows: In the methodical part we de-
scribe the functioning of SOM-machine learning if applied to MS
peak lists. The gallery of SOM images of Prototheca samples is dis-
cussed in the second part. Finally we compare the classification
power between single and meta spectra-based discriminant analysis.

2. Materials and methods

2.1. Sorting MS-peak pattern using self-organizing maps

The MS-spectra of different species provide characteristic peak
pattern differing mainly in their peak amplitudes. Fig. 1 illustrates
the basic idea of self-organizing map (SOM) clustering how to com-
press the information content of the respective peak lists by removing
redundant pattern and to visualize the remaining meta peak profiles
in terms of sample-related mosaic maps: In the first step one extracts
single peak profiles from the peak lists. Each profile contains the am-
plitudes of one of the peaks in all samples considered. The second
step analyzes all obtained single peak profiles and extracts so-called
meta peak profiles which serve as proxies of all non-redundant pat-
tern inherent in the original data. This step reduces the number of
profiles considered because single peak profiles of similar shape
merge into one meta profile. In the last step all extracted meta pro-
files are collected into sample-related meta peak lists (‘meta spectra’).
They are visualized using a series of mosaic images where each image
shows the amplitudes of all meta peaks in one of the samples. The
whole procedure thus removes redundant information from the
data and represents the non-redundant part in terms of mosaics
using a suited color or grey scale.

To solve the peak re-sorting task we applied SOM-machine learn-
ing to MS-peak lists (see Fig. 2 for illustration). The SOM method ap-
plies a neural network algorithm to project high dimensional data
onto a two-dimensional visualization space (Bishop et al., 1998;
Kohonen, 1982). Our algorithm initializes a sufficient number K of
meta (peak) profiles and arranges them into a two-dimensional rect-
angular grid of size K=Kx ⋅Ky. These meta profiles represent vectors
of dimensionality M given by the number of spectra included in the
study. Then each peak from the peak lists of all spectra is transformed
into a single peak profile as illustrated in Figs. 1 and 2. Each single
peak profile is associated with the meta profile of closest similarity
using Euclidian distance metrics. Then, each meta profile is adjusted
so that it more closely resembles the profiles of the associated single
peaks features. An iterative procedure progressively optimizes the
similarity between all meta- and the associated single peak profiles
where also the meta profiles of adjacent tiles in the mosaic are adjust-
ed using a distance dependent weight. The resulting final grid con-
sists of regions of similar meta profiles. Each meta profile represents
a minicluster of several single peaks with similar profiles. The meta
profiles can be understood as a sort of prototypes characterizing the
multitude of non-redundant single profiles inherent in the data.

Sample-specific mosaic images are generated by color coding the
amplitude of each meta profile in the respective sample. These
maps can be understood as two-dimensional meta spectra where
the underlying basal grid defines the peak-prototypes and the color
(i.e. the z-dimension) their amplitudes in the respective sample.

Our SOM was trained using N=1406 MS-amplitudes identified in
M=324 samples. The data matrix thus comprises M columns



Peak  1 Peak  2 Peak  3 Peak  4 Peak  5

1 2  3    4    5    1  2 3    4    5    1  2  3    4    5    1  2  3    4    5

Sample 1 Sample 2 Sample 3 Sample  4

M-peak 1 M-peak 2 M-peak 3

Sample 1 Sample 2 Sample 3 Sample  4

Spectra
(peaklists)

Single peak
profiles

Meta peak
profiles

SOM
images

1     2     3 1     2     3 1     2     3 1     2     3
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spectra

Fig. 1. Re-sorting MS-peaks by SOM machine learning: The five MS-peaks observed in the four samples reduce into only three ‘meta peaks’ because peaks 1, 2 and 5 contain almost
redundant information in terms of their common single peak profiles. Each sample possesses a unique peak pattern; however only peak 3 is uniquely expressed in sample 1. All the
other peaks show high amplitudes in at least two samples. The obtained meta spectra are visualized as grey-scaled tiles. The thin arrows illustrate the flow of information for se-
lected peaks. For example, the values of meta peak profile no. 1 are transform into the grey scale of the first tile of the SOM images of the samples. The unique single peak 3 trans-
forms into meta peak 2 which is uniquely high expressed in the SOM image of sample 1. Hence unique peaks are visualized by unique features in the SOM images.
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representing the samples and N rows representing the intensity
values extracted from the MS-spectra. These N amplitudes are sam-
pled using the same set of supporting points along the m/z-axis in
each MS-spectrum considered. This means that missing peaks are
assigned to zero amplitudes in the respective samples. The vector of
M intensity values at one particular m/z-value in all samples repre-
sents the peak profile and the N intensity values of one sample are
called peaklist. The peaklists were quantile-normalized (Bolstad et
al., 2003) before training the SOM. We use a number of
K=20×20=400 tiles to ‘pixelate’ the mosaic portraits. SOM training
requires about 100000 iterations which are processed in about 3 min
on a standard personal computer. The number of pixels is consider-
ably smaller than the number of MS-peaks resulting in an occupancy
of 3.5 single profiles per meta profile cluster, on the average. We ap-
plied a home-made R-program which uses the CRAN package ‘som’.

The so-called second level SOM analysis was performed to supple-
ment the single and meta profile-centered views with a sample-
centered one (Guo et al., 2006;Wirth et al., 2011). Here, similarity rela-
tions between the samples are visualized in a two-dimensional grid
obtained by SOM training of the ‘first level SOM’. The tiles of the 2nd
level SOM then characterize the mosaic portraits of prototypic meta-
samples. Their number in the 2nd level SOM exceeds the number of
real samples to ensure sufficient resolution of the map. A considerable
fraction of tiles are thus emptywith no sample assigned, leaving enough
space for the metasamples to unfold the complete sample-space. In
addition to 2nd level SOM, we generate maximum (weight) spanning
trees (MST) based on the matrix of Pearson correlation coefficients be-
tween the meta profiles for all pairwise combinations of samples using
the R-package ‘igraph’. Phylogenetic trees were constructed based on
single and meta peak profiles using a neighbor-joining algorithm
(Saitou and Nei, 1987) implemented in R-package ‘ape’.

2.2. MS spectrometry of algae

The diagnosis of Prototheca in the case of systemic infection of
human is often hampered by their visual similarity with yeast. In
the field of infection of animals the actual question is how to discrim-
inate between harmless environmental samples and the harmful
ones. Since they cannot be distinguished by visual inspection, the mo-
lecular species detection offers a straight forward approach.

We used recently published MALDI-TOF data (von Bergen et al.,
2009). The spectra refer to a total of 19 strains, representing 7 algae
species (5 Prototheca spec. and 2 Chlorella spec.) and two genotypes
of Prototheca zopfii were used in this study (see ref. (von Bergen et
al., 2009) for details). All strains were either type, reference, or
other well-characterized isolates that have been previously identified
by sequence and biochemical analysis. These strains stem in parts
from environmental samples but also several clinical isolates were in-
cluded. Especially, most of the investigated P. zopfii GT2, P. blaschkeae
and P. wickerhamii strains were isolated from bovine prototheca



Raw Spectra

Peak profiles: 

Meta peaks (black) and
single peaks (gray)
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Fig. 2. MS-spectral profiling using self organizing maps (SOMs): Peaklists derived from MS-spectra referring to different samples are subjected to SOM-machine learning which
distributes the meta profiles and the associated single peak profiles in a two dimensional grid where each tile refers to one meta profile and a variable number of associated single
profiles (see the number in each of the tiles). The meta profiles are transformed into colored mosaics where red areas refer to large and blue areas to small amplitudes. The red and
blue circles assign samples with high and low amplitudes of the respective meta peaks. Second level analysis visualizes similarity relations between the meta profiles of the samples.
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mastitis, canine protothecosis, and human protothecosis. All type
strains of the five Prototheca species were also included in the study.

Samples were prepared using a modified standard protocol, in
which colonies were washed prior to applying them to a MALDI-
target (MTP ground steel, Bruker Daltonik, Bremen, Germany)
(Maier and Kostrzewa, 2007). Mass spectra were recorded in the
range~(4000–17000) Da with a resolution of 150–200 ppm and sub-
sequently binned into intervals of width ~3.2 Da (i.e. ~750 ppm at
4000 Da) to account for small mass shifts between different spectra.
The resulting penalty in spectral resolution is counterbalanced by a
gain in stability of the selected features with impact for the applied
distance metrics used to train the SOM (vide supra).

Peaks were detected from the rawmass spectra after baseline sub-
traction using the centroid algorithm with S/N>6 implemented in
the FlexAnalysis 2.4 program (Bruker Daltonics, Bremen, Germany)
where the highest 100 peaks were labeled to normalize the spectra.
The generated peak lists were exported and processed using the
MS-Screener program (Version 1.0.1) (Schmidt et al., 2003). Spectral
alignment of all sample spectra extracts discrete supporting points
along the m/z-axis which meet the condition of non-zero signal
amplitude at minimum one sample spectrum of the series. The final
peaklist contains 1406 intensity amplitudes sampled at common m/
z-values in all samples in the range (4135–16954) Da. Note that
these intensities represent assigned m/z values rather than real
peaks the number of which is effectively smaller. We will use the
term ‘peaklist’ as short name of the data vector extracted from the
MS-spectrum of each sample despite the fact that some of the ‘real’
peaks remain unresolved and extend over two-to-three subsequent
m/z-bins. Our SOM method aims at sorting the data matrix obtained
from the vectors of all samples into unique (showing non-zero ampli-
tude only in one class of samples) as well as ubiquitous (showing
non-zero amplitudes in more than one class) high and medium am-
plitude peaks, but also into low amplitude noisy features as shown
below. The consequences of the partially imperfect spectral resolu-
tion of single peaks will be discussed below.

2.3. Random Forests classification

Predictive value of single- and meta-peak profiles is a useful mea-
sure of the proposedMALDI-TOFmethod to obtain stable, high accuracy



87H. Wirth et al. / Journal of Microbiological Methods 88 (2012) 83–97
classifiers for the analyzed data sets. Random Forests (RF) analysis, a
multiclass supervised classification method (Breiman, 2001) was per-
formed to estimate prediction possibilities of single- and meta-peak
profiles using the R/Bioconductor Random Forests package (Liaw and
Wiener, 2002). The method generates one million decision trees that
assure a stable list of differentiating features under consideration of all
features studied (see, e.g., (Díaz-Uriarte and Alvarez de Andrés,
2006)). Obtained classification accuracies were presented as ‘Out-Of-
Bag’ errors generated by the RF quality evaluation. Features differential-
ly changed according to RF were visualized in principal component
biplots together with the respective samples (Gabriel, 1971).

3. Results and discussion

3.1. MS-SOM atlas of Prototheca species

The SOM was trained using MS-peaklists of 324 samples refer-
ring to five Prototheca species where that of Prototheca zopfii splits
P.stagnora CBS 1: Sludge, Lebanon

P.blaschkeae

P.ulmea

P.wickerhamii CBS 4: Human dermatitis

P.zopfii GT1

P.zopfii GT2

Fig. 3. SOM profiles of 114 selected Prototheca samples. The images are sorted according to t
other figures throughout the paper for assignment. Selected batches of samples of different
into two genotypes. Each peaklist contains the amplitudes of 1406
peaks. Our method transformed the peak list of each sample into
one mosaic image serving as molecular portrait of the underlying
MS-pattern. Fig. 3 shows these SOM-images using a 20×20 mosaic
grid. The color gradient of the map was chosen to visualize high
and low peak amplitudes of the meta profiles in the particular sam-
ples: Maroon codes the highest intensity level; red, yellow and
green indicate intermediate levels and blue corresponds to the low-
est level of peak amplitude. Each mosaic exhibits characteristic spa-
tial and color patterns serving as MS-fingerprint of the Prototheca
samples studied.

Comparison of the individual SOM portraits within each species
reveals very similar pattern for P. blaschkeae, P. ulmea and the two ge-
notypes of P. zopfii. The SOM portraits of P. stagnora and P. wickerha-
mii show isolate-specific differences. Different species show
consistent differences between their mosaic patterns. Hence, compar-
ison of the SOM-textures allows the straightforward classification of
the samples according to their taxonomic membership.
UTEX 1442: Digested sludge, USA

heir taxonomic categories. The color of the heading of each category is used also in the
origin are marked by colored frames.
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Most of the individual SOM portraits show only one high-intensity
spot. Its position however varies in a species- and, partly, isolate-
specific fashion. This property means that each species is character-
ized by a set of virtually unique peaks showing high amplitudes
only for this particular species but small amplitudes for all other ones.

The observed spot patterns of the images potentially depend on
the particular realization of SOM training and on the particular set
of samples included in the analysis. Technical details of the method
such as the number of tiles per mosaic image, the initialization meth-
od (e.g. linear or random), the consideration of adjacent tiles (e.g.,
Gaussian or ‘bubble’ neighborhood) and also the lattice-type (e.g.,
rectangular or hexagonal grids) can affect the number of spots and
their position in the map. In a recent study we demonstrated however
that the number of spots and their mutual arrangement is virtually
independent of the chosen lattice type, initialization, neighborhood
and the pixelation of the image if the number of tiles exceeds the
number of relevant clusters of strongly-correlated feature profiles
roughly by two-orders of magnitude (Wirth et al., 2011). Each Proto-
theca image shows typically not more than two of such spot-clusters.
Hence, the chosen number of 400 pixels fairly meets the condition of
convergent spot patterns. This result is further confirmed by the fact
that the zoom-in step applied to the P. zopfii samples does not affect
the number and relative arrangement of the detected spots (see
below). The observed spot patterns consequently reflect intrinsic
properties of the associated mass spectra in the ensemble of samples
considered presuming that training of the map reached equilibrium.
Each SOM portrait then can serve as a visual identity of the underly-
ing mass spectrum in the context of the set of samples which are
trained together. The spot patterns can change if one alters the en-
semble of sample-spectra included in the study. We previously used
this option in a so-called zoom-in step which considers only a sub-
ensemble of the initial sample series in order to ‘amplify’ the land-
scape of feature-values for these selected cases (Wirth et al., 2011).
Below we apply the zoom-in view to the two P. zopfii genotypes to il-
lustrate the potency of this option for MALDI-typing. There is howev-
er basically no need to further increase the resolution of the SOM
applied to the Prototheca species because the relevant spots in the
obtained images are well resolved allowing to identify the different
species with high specificity (see below).

Each tile of the mosaic images refers to one of 400 meta peak pro-
files characterizing the peak-landscape of the samples. Each meta
peak serves as representative for a minicluster of correlated single
peak profiles the number of which varies between the meta peaks.
The meta profiling map illustrates the variation of the meta profiles
throughout the map using a coarse grained resolution of the mosaic
(Fig. 4). The position of the profile-graphs in the grid agrees with
their position in the higher-resolved SOM mosaics to enable direct
comparison. The profiles refer to the samples of each species in con-
secutive order as indicated by the color bars above the graphs
shown in each of the 10×10 tiles.

The profiles of the meta peaks reveal high amplitudes for distinct
algae species in the distinct regions of the map. For example, the
meta profiles in the bottom left corner show strong intensities for P.
blaschkeae (red bar) and weak intensities for essentially all other spe-
cies as mentioned above. Contrarily, the top right corner is occupied
by meta profiles possessing high amplitudes for P. wickerhamii
(cyan bar) and bottom right corner by meta profiles possessing high
amplitudes for P. zopfii (blue and magenta bars). Please note also
that the shape of the meta profiles changes gradually along the bor-
ders of the map. Similar profiles are located closely together whereas
their shape diverges with increasing distance in the map. The strong
similarity of the profiles in adjacent tiles gives rise to the smooth
color texture of the high resolution images expressing pronounced
spots in distinct areas of the map (Fig. 3).

The meta peak profiling map nicely illustrates the systematic char-
acter of alterations of the meta profiles within the SOM. It also shows
that the meta profiles largely differ in the overall variance of their
profiles: In the center and in direction towards the top left corner
one finds meta profiles of low variance whereas the profiles located
alongside the top and low borders more strongly vary. Please note,
that the number of single peak profiles per meta profile strongly al-
ters as indicated by the numbers given in each tile of the mosaic in
Fig. 4.

The profiling map in Fig. 4 also reveals that the top left corner is
occupied by virtually invariant and low-amplitude meta peak profiles
carrying virtually no species-specific information. In consequence,
this region lacks characteristic high-amplitude spots and therefore it
is consistently colored in blue in all sample portraits. Please note
that more than 500 out of the 1406 single peak profiles considered
cluster together in this region of the map (the numbers given in the
tiles in Fig. 4 indicate the number of single peaks in the respective
meta peak cluster). This result illustrates that more than one third
of the features of the peak list used are virtually non-informative
with respect to different forms of Prototheca. The SOMmachine learn-
ing method automatically and effectively separates these features
from the more informative ones solely based on the criterion of min-
imum Euclidian distance to cluster similar profile.

Note also that the regions of the high-amplitude spots in the
remaining three corners of the map typically show local population
maxima of 25–50 single peak profiles per spot which are typically
surrounded by regions of sparsely populated tiles. This result indi-
cates that the selected peaks exhibit partly binary ‘present–absent’
characteristics with respect to their appearance in different species.
Their amplitudes are either relatively intense or relatively weak. In-
termediate amplitude values are relatively rare giving rise to sparsely
populated regions around the high amplitude spots. Two of the meta
profiles taken from the top and bottom right corners of the profiling
map are shown with enlarged resolution in the right part of Fig. 4.
These graphs also depict the respective single peak profiles (grey
curves) expressing high amplitudes in the spectra of P. wickerhamii
(see the cyan bar above the curves) or in the spectra of the two P. zop-
fii genotypes (blue and magenta bars), respectively. We mark these
peaks in representative mass spectra of all species studied (Fig. 5).
This representation clearly shows that the selected peaks indeed
form a characteristic set which protrudes with larger amplitudes
uniquely only in the spectra of one of the species. The closely related
P. zopfii genotypes are characterized by specific peaks, labeled in blue
and magenta in Fig. 5, respectively. Hence, SOM machine learning
clusters the MS-peaks into species-specific spots.

The SOM images also reveal isolate effects of algae samples of the
same species which are marked in Fig. 3 by colored frames. For exam-
ple, the samples of P. stagnora split into two different isolates with
clear differences of their spot patterns. Fig. 6a shows representative
spectra of the two P. stagnora isolates UTEX1442 and CBS1 and of P.
blaschkeae. MS peaks of high amplitude cluster into three specific
spots which allow clear discrimination between the different sample
types. The spot in the left bottom corner is commonly found in the
portraits of P. blaschkeae and P. stagnora UTEX1442 which however
show a second isolate-specific spot referring to a unique set of MS-
peaks differing from that observed in the second isolate P. stagnora
CBS1. Fig. 6b depicts the characteristic SOM spots and the associated
MS-peaks for the two isolates of P. wickerhamii (CBS4 and
ATCC30395). The spots are in adjacent positions and partly overlap.
This pattern refers to a superposition of two isolate-specific sets of
MS-peaks marked by grey and cyan dots, respectively.

Note also that high signal amplitudes at subsequentm/z-values re-
ferring to not resolved peaks typically cluster together in the same
spot (see, e.g. the pairs of dots marking the same peak in part of the
spectra shown in Figs. 5 and 6). Hence, the imperfect resolution of
single peaks in the original peaklists used to train the SOM is not cru-
cial for the typing task. Intensity values referring to the same unre-
solved peak although treated as independent features in SOM



Fig. 4. Meta peak profiling map of Prototheca species: The graphs in the left part show the meta profiles using a more coarse granulation of the SOM mosaic images of 10×10 tiles
instead of the 20×20 pixels in the original portraits shown in Fig. 3. The color bar on top of each of the tiles assigns the Prototheca species (compare with the headings in Fig. 3). The
numbers in each tile provide the population of the respective minicluster with single peaks. Two graphs are amplified in the right part: The meta profiles are shown by thick curves
whereas the grey ones show the profiles of the associated single peaks. One sees that peaks showing large amplitudes in P. zopfii GT1 (blue bar) are represented by the meta profile
in the top right corner of the map whereas high-intensity peaks of P. zopfii GT2 (magenta bar) cluster together in the down right corner.
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training are usually assigned to the same meta peak profile owing to
their correlated amplitude profiles.

In summary, SOM serves as an effective ‘sorting machine’ which
distributes the individual amplitude profiles over a series of meta
peak profiles representing intrinsic modes in the data space provided
by the experimental data. The spot patterns of the obtained SOM im-
ages ‘portray’ each of the Prototheca species and part of the isolates
which allows their identification and assignment by visual inspection
of the individual portraits.

3.2. Spot analysis

The texture of the SOM images clusters and visualizes high ampli-
tudes of the meta peak profiles. The obtained spot like clusters can
serve as specific markers of different algae species and isolates. For
an overview about all observed spots we create the so-called high-
amplitude summary map shown in Fig. 7a. It represents an integral
‘master’ map collecting all high amplitude spots observed in the indi-
vidual SOM portraits (Fig. 3). In total, eight spots (labeled A….H) are
identified by selecting 2% of the meta peaks with largest amplitude in
each sample. Most of the spots can be uniquely associated with just
one species (see the right part of Fig. 7a). The typical spots of P. wick-
erhamii appear in two variants located at adjacent positions in the
map (spots E and F). P. stagnora shows a slightly more complex pat-
tern of the spots A–C as described above.

The so-called spot-amplitude heatmap is shown in part b of Fig. 7.
It visualizes the profiles of the mean amplitude averaged over all
meta peaks of each of the spots in all samples studied. Importantly,
it scales the amplitudes between the samples in absolute units
whereas each of the SOM portraits in Fig. 3 are scaled individually be-
tween the maximum and minimum peak values in each sample. The
spot-amplitude heatmap consequently allows comparison of the
spot amplitudes between the samples and also between the different
spots. For example, the amplitude of spot A markedly exceeds that of
spot E. Most of the spots possess high amplitudes in only one of the
species. Especially spot A shows consistently high amplitudes in P.
blaschkeae whereas spots B–D are linked to the different isolates of
P. stagnora and to P. ulmea as described above. Spots G and H collect
the high intensity peaks of both P. zopfii genotypes however with al-
ternating maximum values. These peaks appear also in P. blaschkeae
however with smaller amplitudes. Hence, part of the spots detected
is more ubiquitous appearing in different species. Nevertheless, also
these spots can serve as specific markers due to their species- and/
or isolate-dependent intensity levels.

The color bars on top of the heatmap in Fig. 7b assign different
strains and isolates according to reference (von Bergen et al., 2009)
(see Table 1 therein). Partly, these characteristics correlate with mod-
ulations of the spot amplitudes. Unfortunately only about 5% of the
samples are supplemented by strain information disabling a more de-
tailed and systematic study of these effects.

In summary, SOM analysis enables identification of species spe-
cific peaks in the mass spectra and thus further accurate identifica-
tion of discriminating markers. We suggest tryptic digestion of the
intact protein extracts and subsequent shotgun mass mapping
(Jehmlich et al., 2009) to match proteins to characteristic spectra
peaks.



P.stagnora

P.blaschkeae

P.ulmea

P.wickerhamii

P.zopfii GT1

P.zopfii GT2

Fig. 5. Typical MALDI-TOF spectra of different Algae species. Peaks indicated by cyan, blue or magenta dots are taken from the respective red ‘high-amplitude’ spots in SOM images
of P. wickerhamii, P. zopfii GT1 or P. zopfii GT2, respectively. The respective spots are indicated by colored circles in the images shown in the right part of the figure. Note that some of
the peaks are marked by two dots of the same color due their imperfect resolution in the peaklists used to train the SOM.

90 H. Wirth et al. / Journal of Microbiological Methods 88 (2012) 83–97



(a)

P.stagnora: _12_CBS_1_a_4

P.blaschkeae: _1_Au66_a_1_2

P.wickerhamii: _2_ATCC30395_a_4

P.stagnora: _12_UTEX1442_b_4

P.wickerhamii: _2_CBS_4_a_4

(b)

Fig. 6. Selected MALDI-TOF spectra of different isolates indicated in Fig. 3: P. stagnora UTEX1442 and CBS1 and P. blaschkeae AU66 (panel a) and P. wickerhamii CBS4 and ATCC30395
(panel b). The respective MS-peaks are marked by colored dots taken from the high-amplitude spots in the SOM images as indicated in the right part of the figure.
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3.3. Similarity analysis

Guo et al. proposed a second level SOM analysis step (Guo et al.,
2006). It maps all samples together into one two-dimensional mosaic
pattern to visualize the degree of similarity between the ‘first-level’
SOM portraits. The second level SOM algorithm uses the meta profiles
of each sample as input. After training, each tile of the mosaic is
characterized by the profile of one ‘metasample’ which serves as the
condensation nucleus of the associated minicluster of real samples
possessing similar SOM pattern. The mutual distances between the
samples in the map are related to the degree of similarity of their
SOM expression pattern. Our second level SOM uses a resolution of
20×20 nodes, which exceeds the number of samples: On average
only 0.8 samples are assigned to each node. In consequence a



P.blas #samples: 72 (100%)

P.wick 6 (11%)

P.wick 48 (89%)

P.ulmea 6 (100%)

P.zop1 90 (100%)

P.stag 6 (50%)

P.zop2 90 (100%)H

F

C

E

B

A

G

P.stag 6 (50%)

D

(a)

(b)

P.stag 6 (50%)

Type Strain Reference Strain

Clinical IsolateEnvironmental Isolate

Fig. 7. High-amplitude summary map (part a) and spot amplitude heatmap (part b) provide an overview about all high-amplitude spots and their mean intensities observed in the
series of samples studied. The spots are labeled using capital letters A…H. The spot amplitudes are color-coded in the heatmap with yellow-brown-yellow-white from high to low
values. The percentages of samples of each species showing the respective spot are given in the right part of panel a.
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considerable number of tiles remain empty. Our 1st level SOM-
portraits use a denser population of tiles in the mosaic with, on the
average, 3.5 single profiles per meta profile leaving only a few tiles
unoccupied.

Fig. 8a shows the second level SOM of all 324 Prototheca samples
studied: The position of each sample is represented by a small circle
colored according to the respective species. Samples of each species
mostly form compact and well separated clusters allowing the clear
assignment of the different algae. The two isolates of P. stagnora (yel-
low circles) split into two separate clusters where the cluster of P.
stagnora CBS1 is more closely located to the clusters of P. ulmea
(green) and P. zopfii 1 (blue) than to that of the second isolate of P.
stagnora. The observed relations thus reflect the spot patterns dis-
cussed above.

The maximum spanning tree shown in Fig. 8b provides an alterna-
tive option to visualize the similarity relations between the samples.
It directly connects the images of highest mutual correlations be-
tween their metagenes. The algae clearly aggregate into species-
specific branches except P. stagnora which splits into the two
isolate-specific groups.

3.4. SOM-analysis improves MALDI-TOF typing

We previously built a dendrogram of Prototheca based on MALDI
spectra which was in fairly good agreement with a dendrogram
based on sequence information from 18S DNA (von Bergen et al.,
2009). We recalculated the former dendrogram using a neighbor-
joining algorithm (Saitou and Nei, 1987) (see Fig. 9a). For the sake
of clarity we averaged the single-peaks over replicated measure-
ments of each Prototheca sample and considered the obtained mean
spectra in tree construction. The leaves of the tree refer consequently
to the averaged samples and the lengths of the branches connecting



(a) (b)

P.stagnora

P.blaschkeae

P.ulmea P.wickerhamii

P.zopfii GT1

P.zopfii GT2

P.stagnora

P.stagnora

P.blaschkeae

P.ulmea

P.wickerhamii

P.zopfii GT1

P.zopfii GT2

P.stagnora

Fig. 8. Second level SOM (panel a) and maximum spanning tree (MST) of the 324 Prototheca samples studied: Each species is color coded by the circles according to its taxonomic
category. The small mosaics show the relevant 1st level SOM pattern in panel b.
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pairs of samples are directly related to the distances between them.
For comparison we calculate a dendrogram using the profiles of the
meta-peaks instead of those of the single peaks (Fig. 9b). Both den-
drograms cluster the different Prototheca species into different
branches of the tree in a similar fashion as discussed in the previous
subsection. The single peak-based dendrogram in Fig. 9a forms a
more compact polytomical, ‘star-like’ structure than the meta peak-
based dendrogram in Fig. 9b which might be indicative for not fully
resolved dichotomies in the phylogenetic tree. Detailed inspection re-
veals that the increased compactness of the former dendrogram in-
deed results from the smaller distances of the branches connecting
different species. In other words, the ratio between the intra-species
and inter-species distances is clearly smaller for the meta peak-
based dendrogram. It consequently better separates the different
groups of samples than the single peak-based dendrogram. This dif-
ference can be attributed to the improved signal-to-noise ratio of
(b)(a)

P.stagnora
P.blaschkeae

P.ulmea
P.wickerhamii
P.zopfii GT1
P.zopfii GT2

Fig. 9. The phylogenetic tree based on single spectra (panel a) features less discrimination p
branches in panel b.
the meta peaks which are representatives of a large number of asso-
ciated single peaks as illustrated in the right part of Fig. 4. Note in
this context that the meta profiles are virtually mean profiles aver-
aged over the single profiles in the respective microcluster of MS-
peaks. This averaging step reduces the noise of the features and, in
consequence, clearly improves the specificity of the dendrograms to
distinguish between different algae species. The question whether
also non-noisy and thus informative features of the single spectra
get lost in this data compression step will be discussed below.

Note that the improved resolution of the meta peak-dendrograms
reveals subtle substructures not clearly evident in the single peak-
dendrogram: For example, the P. zopfii GT1 sample SAG23610 is char-
acterized by slight, but systematic differences between its SOM image
and those of the other images of P. zopfii GT1 (blue), a difference
which is not evident in the tree based on single-peaks. On the other
hand, sample POT2 protrudes as an outlier among the P. zopfii GT2
ower than the meta spectra based tree (panel b). SOM profiles are shown for selected
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samples (magenta) in the single peak dendrogram primarily due to
an extraordinarily strong intensity of the MS-peak at ~4235.5±6 Da
(data not shown). It becomes mostly averaged out in the meta peak
profiles which, in consequence, leads to the clearly better integration
of POT2 in the cluster of the remaining P. zopfii GT2 samples in the
dendrogram of meta profiles.
3.5. Classification and biplot analysis

The dendrograms shown in the previous subsection suggest high
classification accuracy even for the actual six-class analysis problem.
We applied the Random Forest method which successfully separates
the six algae species: The ‘Out-Of-Bag’ classification error obtained
for both single and meta peak data was equal to 0%. Iterative classifier
training shows that single peak data andmetadata classifiers required
at least 35 peaks of highest variance to reach perfect 100% classifier
accuracy.

Fig. 10 shows principal component biplots of the data matrices
composed of the algae samples and the lists of the 35 single or meta
peaks of highest variance which ensure perfect classification. The
chosen biplot-representation allows the visual appraisal of the struc-
ture of these data matrices. Particularly, it visualizes inter-sample dis-
tances and sample clusters as well as displays variances and
correlations between the peak amplitudes (Gabriel, 1971). On the av-
erage, longer arrows in the biplot of the meta peaks reflect the larger
variability of their amplitudes between the classes compared with
that of the single peaks. Note also that the arrows referring to the
meta peaks which classify P. zopfii spread over a wider range of mutu-
al orientations. This result reflects a wider range of correlation coeffi-
cients between their meta peak profiles and thus a more diverse
pattern of linear combinations of these meta features. In conse-
quence, the different species aggregate into better resolved clusters
than in the single-peak based biplot. Note that a given number of
meta peaks typically covers a larger diversity of MS spectra than the
same number of single peaks due to the benefit in representativeness
of meta features (Wirth et al., 2011). We will address this advantage
of the meta peaks in the next subsection.
(a)

P.stagnora
P.blaschkeae

P.ulmea
P.wickerhamii
P.zopfii GT1
P.zopfii GT2

Fig. 10. Principal component biplots of the 35 peaks of highest amplitude variance ensurin
spectively. The arrows numbered 1…35 refer to the peaks whereas the dots show the alga
tween the samples in terms of the standard deviation. The cosine of the angle between pairs
peaks.
3.6. Filtering and zoom-in

Selecting and removing peaks that carry essentially no or low in-
formation is common practice to improve class discovery in spectral
analysis. Filtering in general aims at improving data by removing ei-
ther noisy, biased and/or non-informative (usually weak amplitude)
peaks. Random noise tends to disrupt similarity relations between
samples whereas, contrarily, systematic noise, e.g. due to batch ef-
fects, can cause artificial clustering if the bias affects groups of sam-
ples in a coordinated fashion. On the other hand, extreme filtering is
dangerous because it may eliminate valuable information, for exam-
ple, about peaks of relatively low and thus noisy amplitudes but
with important impact for sample classification. Hence, filtering is
an optimization task with the requirement of removing virtually irrel-
evant data while preserving all information which is important in the
context of the particular issue studied.

We recently showed in detail for gene expression data that lists of
meta features are less sensitive to data filtering than lists of single fea-
tures due to the better representativeness of the former ones. More-
over, meta features possess the better signal-to-noise characteristics
as a comparable collection of single genes. Therefore meta features
provide a natural choice to detect context-dependent feature patterns
in complex data sets which outperform at least naïve filtering
methods (e.g. by selecting a certain number of most intense or most
variable peaks) as has been shown previously (Wirth et al., 2011).

One essential feature of the SOM approach is the reduction of di-
mensionality of the full data set from more than thousand of single
peak profiles to 400 meta peak profiles. In a second unsupervised re-
duction step, the dimensionality is further reduced to a few high-
amplitude spots which represent clusters of similar meta peak pro-
files showing high amplitude in, at minimum, one Prototheca species.
Importantly, this dimension reduction does not entail the loss of pri-
mary information in contrast to simple filtering which irretrievably
removes part of the data. Instead, the reduction of dimension in
SOM training is achieved by the weighting of primary information
in the aggregation step which essentially reduces redundant informa-
tion in feature space. Importantly, the whole set of single spectra re-
mains ‘hidden’ behind the meta spectra. This primary information
(b)

g 100% classification accuracy based on single (panel a) and meta peaks (panel b), re-
e samples. The lengths of the arrows scale with the changes of the peak amplitude be-
of arrows provides the correlation coefficient of the amplitude profiles of the respective
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together with the respective peak annotations can be extracted in
later steps of analysis to interpret the observed SOM textures using
detailed information about the single peaks and their assignment to
different molecular species.

Another possible option to extract additional information is the
so-called ‘zoom-in’ step which trains a new SOM using a reduced
set of samples. SOM training thus adapts the meta peak profiles to a
smaller bandwidth of feature values observed in the subensemble se-
lected. In consequence the obtained SOM images virtually ‘amplify’
the features of high variability in the selected samples enabling diver-
sification of the obtained spot pattern (see (Wirth et al., 2011)).

We applied zoom in analysis to the two genotypes of P. zopfii. It
has been previously proposed to consider them as two subspecies
based on the sequence analysis of the 18S rRNA gene (Roesler et al.,
2006). Interestingly, the 1st level SOM portraits of both subtypes
GT1 and GT2 still show essentially only two closely located high-
amplitude spots which have already been observed in the SOM por-
traits before zoom-in despite the fact that the spots appear at differ-
ent absolute positions in the map due to initialization effects (see
Fig. 11a). This relative invariance of the spot pattern reflects a
P.zopfii GT1

P.zopfii GT2

(a)

(b) (

Goez6

POT1

PZI-3 & SAG23610 

POT2

POT3

SAG2367

Hey9

Gron1

Hey1

DAW

PZInn & PZII-3

Hey10 & Hey 12

Fig. 11. Zoom-in analysis of P. zopfii GT1 (blue) and GT2 (magenta): Panel a shows SOM port
and panel c the phylogenetic tree using the neighbor-joining algorithm. Selected batches o
precipitous feature landscape with pronounced and stable peak char-
acteristics of each genotype. In contrast, zoom in maps of expression
data almost completely change their spot patterns after zoom in due
to a much smoother feature landscape (Wirth et al., 2011).

Similarity analysis using second level SOM shows that the samples
points cover nearly the full area of the map after zoom in (see
Fig. 11b). Selected batches of samples, especially of the GT1 subtype,
aggregate into disjunct clusters with improved resolution compared
with the original map shown in Fig. 8a. After zoom-in, also the phylo-
genetic tree reveals more pronounced branching of the different sam-
ple types (see Fig. 11c). Zoom-in thus enhances the resolution of the
maps allowing extraction of subtle differences between the different
samples which are not clearly resolved before zoom-in. This en-
hanced resolution is mainly related to small effects which are cap-
tured by the finer granulation of the feature space.

Recall in this context that SOM training minimizes the Euclidian
distance between the meta- and single peak profiles. Consequently,
the discrete m/z values have been treated as independent signals
even if they are part of the same peak and thus mutually dependent.
The binning width of the spectra thus determines the minimum
c)

raits of the same samples selected in Fig. 3. Panel b shows the respective 2nd level SOM
f samples included in the circles are indicated in the 2nd level SOM.
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separation of independent features. In this study we used the same
peak lists as in our previous publication (von Bergen et al., 2009).
We expect that binning width and also the peak selection algorithm
affect the performance of the SOM and particularly the ability of the
spot patterns to discriminate between different classes of samples.
These methodical issues open additional options for the improvement
of the SOM approach in future work. On the other hand, even the sim-
ple approach used here provides robust and reliable results combined
with the intuitive and easy to understand visual presentation of the
results in terms of individual sample portraits and similarity plots.

4. Conclusions

The MALDI-TOF peaklists of a series of algae samples in combina-
tion with SOM machine learning were used to detect and to classify
Prototheca species, genotype variants and isolates. Our SOM approach
decomposes the original MS-spectra into meta-spectra each of them
is associated with a cluster of single peaks of similar amplitude pro-
files in the samples studied. The amplitudes of the meta-peaks
taken from the meta-spectra in the individual samples are trans-
formed into mosaic images visualizing the algae-specific distribution
of high- and low-amplitude meta-peaks in two dimensions. The
color texture of these spectral portraits allows the direct comparison
of samples.

Particularly, a species-specific pattern of MS intensities were read-
ily discernable in the obtained gallery of individual Prototheca por-
traits. As a rule of thumb, they reveal a species-specific single spot
of high amplitude MS-peaks which allows the easy identification of
the respective class of algae.

The SOM method compresses the original set of high-dimensional
MS-spectral data in two consecutive steps: Firstly, similar profiles of
MS-peak amplitudes are collected into meta-peak clusters, which re-
duces the number of relevant features from about 1400 single peaks
to 400 meta-peaks in our application. Secondly, the textures of the
obtained SOM are decomposed into a few (typically one per class)
spots of high-amplitude meta-peaks. This ‘double compression’ se-
quentially applies global (similar profiles) and local (high amplitudes
in part of the samples) criteria. It also combines supervised and unsu-
pervised clustering: The first step is based on a predefined number of
meta-spectra whereas the second step selects the number of spot-
clusters detected. Unique spots observed only in one species collect
MS fingerprint spectra of this species.

The use of meta-spectra instead of single-spectra reduces the di-
mension of the data and leads to an increased discriminating power
in downstream analyses such as phylogenetic tree reconstruction
owing to essentially two facts: Firstly, the set of meta-spectra better
represents the diversity of MS-patterns inherent in the data. Second-
ly, the meta-spectra possess an improved signal-to-noise characteris-
tics compared with a comparable collection of single spectra. Hence,
meta-spectra can be seen as a natural choice to detect context-
dependent MS-spectral patterns in large sets of samples.

Our SOM-method thus further improves the MALDI-MS based
classification approach of harmless and pathogenic algae presented
previously (von Bergen et al., 2009). Importantly, SOM-data compres-
sion of MS-spectra is not restricted to the examples presented here.
We expect that it improves MS-based classifications and feature se-
lection in general.
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