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a b s t r a c t

At present, there is much variability between MALDI-TOF MS methodology for the characterization of
bacteria through differences in e.g., sample preparation methods, matrix solutions, organic solvents,
acquisition methods and data analysis methods. After evaluation of the existing methods, a standard
protocol was developed to generate MALDI-TOF mass spectra obtained from a collection of reference
strains belonging to the genera Leuconostoc, Fructobacillus and Lactococcus. Bacterial cells were harvested
after 24 h of growth at 28 ◦C on the media MRS or TSA. Mass spectra were generated, using the CHCA
matrix combined with a 50:48:2 acetonitrile:water:trifluoroacetic acid matrix solution, and analyzed
by the cell smear method and the cell extract method. After a data preprocessing step, the resulting
high quality data set was used for PCA, distance calculation and multi-dimensional scaling. Using these
analyses, species-specific information in the MALDI-TOF mass spectra could be demonstrated. As a next
step, the spectra, as well as the binary character set derived from these spectra, were successfully used for

species identification within the genera Leuconostoc, Fructobacillus, and Lactococcus. Using MALDI-TOF MS
identification libraries for Leuconostoc and Fructobacillus strains, 84% of the MALDI-TOF mass spectra were
correctly identified at the species level. Similarly, the same analysis strategy within the genus Lactococcus
resulted in 94% correct identifications, taking species and subspecies levels into consideration. Finally,
two machine learning techniques were evaluated as alternative species identification tools. The two
techniques, support vector machines and random forests, resulted in accuracies between 94% and 98%

eucon
for the identification of L

ntroduction

A range of physiological, serological, biochemical, chemotax-
nomic, and more recently, genomic methods such as 16S rRNA

ene sequence analysis and multilocus sequence analysis are typi-
ally applied for the identification of bacteria [36]. Nevertheless,
ew technologies for accurate and rapid identification of bac-
eria are essential to different fields in microbiology. A rapid,

Abbreviations: ACN, acetonitrile; ACTH, adrenocorticotropic hormone; CHCA,
-cyano-4-hydroxycinnamic acid; F., Fructobacillus; FN, false negative; FP, false
ositive; kNN, k-nearest neighbour; L., Leuconostoc; Lc., Lactococcus; MALDI-TOF,
atrix-assisted laser desorption ionization-time-of-flight; MDS, multi-dimensional

caling; MS, mass spectrometry; PMCC, Pearson product moment correlation coef-
cient; RF, random forest; SA, sinapinic acid; SVM, support vector machine; TFA,
rifluoroacetic acid; TP, true positive; UPGMA, unweighted pair group method with
rithmetic mean.
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E-mail address: Peter.Vandamme@UGent.be (P. Vandamme).

723-2020/$ – see front matter © 2011 Elsevier GmbH. All rights reserved.
oi:10.1016/j.syapm.2010.11.003
ostoc and Fructobacillus species, respectively.
© 2011 Elsevier GmbH. All rights reserved.

high-throughput identification method, matrix-assisted laser
desorption/ionization-time-of-flight mass spectrometry (MALDI-
TOF MS), has been introduced in bacterial taxonomy [17,28,40] and
successfully applied to a number of taxa [3,16,21,30,41,42]. MALDI-
TOF MS has the ability to measure peptides and other compounds
in the presence of salts and to analyze complex peptide mixtures,
making it an ideal method for measuring non-purified extracts
and intact bacterial cells. Different experimental factors, includ-
ing sample preparation, cell lysis method, matrix solutions and
organic solvents, affect the quality and reproducibility of bacterial
MALDI-TOF MS fingerprints [26,28,34,38,42,44]. Also, differences in
instrumental performance, mass range, and mass resolution have
profound effects on the obtained spectra [46]. Bacterial MALDI-TOF
MS spectra display common characteristics, such as sharp signal

peaks above the baseline noise level and heteroscedasticity of the
noise level associated to the baseline value. All of these factors
hamper a straightforward data analysis of the raw mass spectra
and call for specific data analysis procedures. In this paper, we per-
form a spectrometric analysis and data preprocessing to tackle the

dx.doi.org/10.1016/j.syapm.2010.11.003
http://www.sciencedirect.com/science/journal/07232020
http://www.elsevier.de/syapm
mailto:Peter.Vandamme@UGent.be
dx.doi.org/10.1016/j.syapm.2010.11.003
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bove-mentioned problems. From this point on, data analysis can
e performed, ultimately leading towards identification. Several
ata analysis strategies can be applied. Simple data analysis tech-
iques such as similarity calculation are typically performed or one
an focus on more advanced techniques such as machine learning
ethods.
The use of machine learning techniques for microbial species

dentification purposes is still limited and is dominated by the
pplication of artificial neural networks (ANNs), which have cov-
red data resulting from different analysis techniques, such as
atty acid methyl ester analysis [18,37,47], Fourier-transformed
nfrared spectroscopy [4,19,20,31], and genetic and proteomic
ngerprinting [24,33,39]. However, research on ANN analysis of
ALDI-TOF mass spectra for bacterial identification is also lim-

ted [7]. In this paper, we evaluate two other popular machine
earning techniques: random forests (RFs); and support vector

achines (SVMs). Only a small number of RF studies handle
ALDI-TOF MS data for the identification of bacteria, while SVMs

ave not been applied to MALDI-TOF MS data yet [22,30,35,45].
ntil present, the majority of machine learning research papers
ave focused on the identification of particular species, mainly
athogens or species with a clinical or nutritional impact, and do
ot include species identification schemes within a specific and/or
estricted taxon. This is, however, surprising as machine learning
echniques could contribute significantly to the field of micro-
ial taxonomy, given their advantages. By learning from the data
atterns, machine learning techniques maximally exploit the infor-
ation embedded in the data. Learning is typically fast and can

e regarded as a very important aspect in keeping identification
chemes up-to-date with current standings in microbial taxonomy.
he methods easily handle multi-dimensional data and can offer
olutions where standard analysis methods fail. Finally, different
lgorithms exist which are implemented in a multitude of open-
ource software programs and, thus, free to be applied by every
cientist.

In this study, we present a data analysis approach for mass
pectra obtained by different sample preparation methods, using
he 4800 Plus MALDI TOF/TOFTM Analyzer (Applied Biosystems,
A, USA). An objective criterion for data quality scoring is devel-
ped and an optimal protocol for the analysis of mass spectral
ngerprints is obtained by two different identification methods.
irst, identification based on similarity searches against identifi-
ation libraries is performed, and second, two machine learning
echniques are evaluated for the identification of Leuconostoc and
ructobacillus species. Subsequently, a data quality criterion and
ommon data analysis methods are used to develop and evaluate a
eference MALDI-TOF MS data set for the genus Lactococcus. Finally,
he results, advantages and prospects of this spectrometric analysis
or bacterial identification are discussed.

aterials and methods

acterial strains

For the present study, 59 strains representing all species within
he genera Leuconostoc (see Table S1), Fructobacillus (see Table S1),
nd Lactococcus (see Table S2) were included. For each species,
everal strains from diverse isolation sources were selected, if
vailable. Rehydration and cultivation of freeze-dried cultures
ere performed according to the instructions of the BCCMTM/LMG

acteria Collection (Ghent University, Belgium). Strains from the
esearch collection (characterized by R-numbers) were stored in
icrobank cryogenic vials TM (Pro-Lab Diagnostics, ON, Canada)

t −80 ◦C. After resuscitation, strains were grown aerobically on
RS at 28 ◦C for 24 h and checked for purity. Prior to MALDI-TOF
ied Microbiology 34 (2011) 20–29 21

MS analysis, the strains were subcultured at least twice, or until a
homogeneous cell culture was observed.

MALDI-TOF mass spectrometry

Sample preparation
The protocol included the use of �-cyano-4-

hydroxycinnamic acid (CHCA) (5 mg/ml) in a 50:48:2 acetonitrile
(ACN):water:trifluoroacetic acid (TFA) matrix solution [44]. Chem-
icals were of high performance liquid chromatography (HPLC)
grade quality. To obtain cellular extracts, 1 �L of bacterial cells
(manipulated by Looplast® inoculation loops) was washed in HPLC
grade water and ethanol. 70% formic acid and pure ACN were added
in a 1:1 (v/v) ratio to the bacterial pellet, and the mixture was
vortexed for 30 s. The supernatant, called the ‘cell extract’, obtained
after microcentrifugation, was transferred into a new tube. For all
strains examined, both cell extracts (1.5 �L) and homogeneous
cell smears of the isolated colonies were transferred to the spot
sites on a 384-well stainless steel target plate. Cell extracts and
cell smears were air-dried for about 10 min. The matrix–organic
solvent mixture (1 �L) was added to the spots and allowed to
dry (referred to as the dried droplet method). Each sample was
spotted, at least, in duplicate, to verify reproducibility. The samples
were allowed to air-dry at room temperature, inserted into the
mass spectrometer and subjected to MALDI-TOF MS analysis. In
addition to the cell smear and cell extract methods, additional
sample preparation methods, as described previously [38] were
tested on a small number of strains. These included heat treatment
(15 min at 95 ◦C) of the cell extracts and cell smears, sonication
(30 s, 0.3 MHz) of intact cells and the so-called sandwich method
[44].

MALDI-TOF MS sample analysis
Prior to analysis, the mass spectrometer was externally cal-

ibrated with a peptide mix of angiotensin I, glu-fibrinopeptide
B, adrenocorticotropic hormone (ACTH) (18-39), insulin (bovine),
ubiquitine, and cytochrome c. The matrix solution and external cal-
ibration peptide mix were mixed in a 1:1 (v/v) ratio. One microlitre
of this mixture was spotted on the designated calibration spots on
the 384-well target plate. Internal calibration was not performed
because such calibration signals would interfere with the bacterial
spectrum [14]. The 4800 Plus MALDI TOF/TOFTM Analyzer (Applied
Biosystems, Framingham, MA, USA) was used in the linear mode.
The mass spectrometer uses a 200-Hz frequency tripled Nd:YAG
laser, operating at a wavelength of 355 nm. Ions generated by the
MALDI process were accelerated at 20 kV through a grid at 19.3 kV
into a short, linear, field-free drift region into the detector. The
detector system, an electron multiplier, detected and counted the
generated ions by converting their kinetic energy into an electric
current, proportional to the number of ions present. For each spot,
40 sub-spectra for each of 50 randomized positions within the
spot (2000 spectra/spot) were collected and presented as one main
spectrum. MALDI-TOF mass spectra were generated in the mass
range 2–20 kDa. Laser intensity was set between 3600 and 3800 V,
obtaining signal intensities between 5 × 102 and 1 × 104. Data were
collected in an automated fashion using random sampling over the
sample spot to minimize the effects of operator bias when manually
searching for sweet spots.

Data pre-processing
Raw data were extracted as t2d files from the 4800 Plus MALDI
TOF/TOFTM Analyzer. The t2d files were imported in the Data
Explorer 4.0 software (Applied Biosystems, CA, USA) and trans-
formed to text files. These text files consisted of an array containing
the signal intensity for each 0.5 m/z value. A Data Explorer script
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freely available on request) was written to export the peak list of
ach of the samples from one spot set, to separate text files, which
ere used as input files for the BioNumerics 6.0 software package

Applied-Maths, Sint-Martens-Latem, Belgium).
The description of data analysis procedures using the BioNu-

erics 6.0 software contains BioNumerics-specific terminologies.
or detailed information please refer to the BioNumerics manual
2]. The Data Explorer 4.0 peak list consisted of a spectral inten-
ity value for every 0.5 Da, which was loaded into the BioNumerics
oftware. Using these data points, a densitometric curve was recon-
tructed. This workflow was integrated into a script to facilitate
he import of the normalized peak lists as densitometric curves.
ince all measurements were performed after calibration of the
800 Plus MALDI TOF/TOFTM Analyzer, data could be considered
ormalized, and additional normalization of the experiment type
as not performed.

Each spectrum, defined by a first custom MALDI-TOF BioNu-
erics experiment type, had a resolution of 40,000 points. Only

pectra that showed peak intensities higher than 5 × 102 and
ithout repetitive signals in the spectrum (electric noise due to
on-ionization of the sample spot material) were kept for further
nalysis. This quality scoring was done by visual inspection. To
educe the noise and to obtain spectra that needed less computa-
ional power, each spectrum of this experiment type was converted
y applying a fivefold reduction in resolution of the normalized
racks (from 40,000 pts to 8000 pts). These reduced spectra were
efined by a second custom BioNumerics experiment type (called

Maldi2’) and still contained enough resolution to obtain an accu-
ate sampling of each peak. Therefore, this down-sampling did
ot eliminate any valuable information. Additionally, a background
orrection was applied. The minimum value in a moving window of
0 values around each data point was determined, and the average
f these minimum values in a moving window of 20 values around
ach data point was calculated as its related background inten-
ity. Subtracting these background intensities from the respective
pectra finally resulted in the Maldi2 experiment type spectra. Sub-
equently, noise calculation was performed, average spectra were
alculated and peak classes were defined. Based on these peak
lasses, the set of spectra was converted to the final character data
et, which was also scaled to a binary data set. This methodology is
xplained in detail in the following paragraphs.

A BioNumerics script was developed for calculating the noise
f each spectrum. Noise is determined as the standard deviation
alculated on the total spectrum. For this purpose, an average spec-
rum was constructed by combining the average values in a moving
indow of 5 values around each data point. The standard deviation

etween this average spectrum and the original Maldi2 spectrum
as calculated. Dividing this standard deviation by the average

pectrum intensity provides the noise (%), which is an objective
easure of data quality. The effect of noisy signals on the identifica-

ion accuracy was evaluated using a Jackknife test (data sampling)
nd the k-nearest neighbour method (kNN, data identification). An
utomated Jackknife test was performed to assess the standard
rror of each analysis. The principle of the Jackknife method is
o take out one entry and to identify this entry against the differ-
nt groups, in this case, defined as species. This identification was
epeated for all entries, and the percentage of correct group identi-
cation is a measure of the internal stability of that group [2]. The
NN method was applied for identification with k = 3. Furthermore,
rofile matching was restricted to spectra obtained from strains
ifferent from the one analyzed. Identification was considered pos-
tive if two out of the three matches were concordant. Ultimately,
he threshold to reject a spectrum was set to 5%.

Additionally, taking into account all spectra, an average spec-
rum was created for each strain, regardless of the sample
reparation method or culture conditions used. Prior to averaging
ed Microbiology 34 (2011) 20–29

the spectra, the variability in spectral intensity was eliminated by
normalization. Peaks on these spectra were automatically detected
using the BioNumerics band search tool (band search filter: min-
imum profiling of 2.0%; grey zone of 0%; relative to max. value
enabled; minimum area of 0%; shoulder sensitivity of 0) [2]. The cre-
ation of peak classes was performed on the average spectra, using
the BioNumerics band matching tool (optimization of 0%; position
tolerance of 0.05%; change towards end of fingerprint of 0%; min-
imum height of 0%; minimum surface of 0%) [2]. Using these peak
classes, band matching of the total data set was performed, and
bands within the defined band classes of the experiment type were
considered to create a reduced character data set. The resulting data
set was then scaled to a binary data format. These mathematical
procedures were integrated in different BioNumerics scripts.

Data analysis

Different similarity measures were evaluated to perform
numerical analyses on the Maldi2 spectra and the final character
data set. Similarities were calculated using curve-based (Pear-
son Product Moment Correlation Coefficient, PMCC), as well as
band-based (Jaccard) measures. The two measures resulted in com-
parable kNN identification results. The Euclidean distance was also
considered for the character data set. Please note that for binary
data the Euclidean distance corresponds to the Hamming distance.
For all analyses, clustering was performed using the unweighted
paired-group method with arithmetic mean (UPGMA) method.

Multi-dimensional scaling (MDS) was used for the visualiza-
tion of the likeliness of data, for example, for exploring similarities
or dissimilarities. The MDS algorithm starts with a matrix of data
similarities, and then assigns a location to each data point in the N-
dimensional space using a non-linear least squares fit, minimizing
the distances between the data points. The resulting data positions
can be displayed by a 3D visualization [11].

Principal component analysis (PCA) is another dimensionality
reduction method where linear combinations are composed from
the different peaks [15]. Initially, the linear combination repre-
senting the largest amount of variability in the data was chosen
and defined as the first principal component (PC). Next, subse-
quent linear combinations were composed that were orthogonal
to the previous PCs, repeatedly based on the combination rep-
resenting the highest variance. A simple visualization of the PCA
was achieved by plotting the variance and accumulated variance
of the PCs as ranked by the amount of represented variance in a
so-called scree plot. From such plot, the number of PCs needed
to cover a certain percentage of variability in the data could be
determined.

Machine learning

Two popular machine learning techniques were evaluated for
identification purposes: support vector machines (SVMs); and
random forests (RFs). In a supervised setting, both techniques cal-
culate multiple mathematical functions describing the boundaries
between the different species in the data set and were mainly
chosen because they can easily handle high-dimensional and non-
linearly separable data, such as MALDI-TOF data.

SVMs were constructed by the program R, using the e1071 pack-
age. The Gaussian RBF kernel was selected and the values of the two
model parameters C and gamma were optimized by a grid search.
For C, the range [2−5,215] was evaluated in steps of 22; for gamma,

the range [2−15,25] was evaluated in steps of 22. SVM construc-
tion in this R package is based on the LibSVM software package
[9].

RFs were constructed, using the code available at the website
of Breiman [6]. RFs are based on two main parameters: the num-
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er of trees, and the number of split variables at each node of
he tree. These parameters were optimized using a grid search,
nd this optimization was based on the out-of-bag error. The
umber of trees was optimized over a range of [1000,4000] in
teps of 250. The number of split variables was optimized over all
eaks, starting from one peak, and by considering a step size of
ve.

To achieve good generalization of the data and prevent any
verfitting, tenfold nested-cross validation with stratification was
erformed [27,43]. An outer tenfold cross-validation splits the data
et into ten stratified subsets wherein each subset was sequen-
ially used for testing and the others for training. Optimization of
he different model parameters for training was achieved by an
nner tenfold cross-validation. The same principle as in outer cross-
alidation was used. As RFs have a very low tendency to overfit
ue to a convergence of the generalization error, the outer cross-
alidation was performed for parameter optimization and ultimate
esting [5].

For performance evaluation, the results of the ten test sets,
s generated by the outer-cross-validation, were joined together
n a so-called pooled test set. As such, analysis was performed
ased on all MALDI-TOF profiles present in the data set. From the
ooled test set, a multi-class contingency or confusion matrix was
alculated. The presence of fifteen species allowed for easy visual-
zation and interpretation of these matrices. A global identification
ccuracy was calculated by expressing the main diagonal as a per-
entage of the full data set size. This metric was biased due to the
mbalanced nature of the data set, since each species was repre-
ented by a different number of spectra. Therefore, statistics were
lso calculated for each class by decomposing the multi-class con-
usion matrix in n two-class confusion matrices, in which each
f the n classes or species were regarded as the positive class,
nd all other species as negative. For each two-class confusion
atrix or, thus, for each species, an F-score was calculated as F-

core = (2 × sensitivity × precision)/(sensitivity + precision), where
ensitivity = TP/(TP + FN), and precision = TP/(TP + FP), with TP the
umber of true positive identifications, FN the number of false
egative identifications, and FP the number of false positive iden-
ifications. Finally, an average F-score was calculated over all
pecies.

esults and discussion

ample preparation

Different sample preparation methods were evaluated to obtain
eproducible and informative bacterial spectra. When using the
ell smear method in the present study, 1 �L of matrix solution
as additionally added, resulting in enhanced signal intensity.
part from the analysis of cell smears and cell extracts, sev-
ral other methods have been reported to improve spectra from
ram-positive bacteria [38,44]. In the present study, some of these
ample preparation methods were evaluated on a small scale
data not shown). Although other studies do report enhanced
pectral qualities [44], no clear improvement in spectrum qual-
ty could be observed in this study. Washing of the cells to
emove salts did not result in additional peaks or elevated inten-
ities of the spectra signals, which conforms to the observations
f Williams et al. [44] and Dieckmann et al. [13]. However,
illiams et al. [44] reported that heat treatment of the cells
esulted in more peaks, while this was not observed by our exper-
ments.

The sample amount was proven to be critical for MALDI-TOF
S analysis. Too little or too much sample can drastically affect

he mass spectrum [29], and makes the difference between suc-
ied Microbiology 34 (2011) 20–29 23

cess and failure. As tested on multiple strains (data not shown),
a more controlled and reproducible method is obtained by using
bacterial serial dilutions. Starting from OD610 nm 1, dilutions up
to 1:20 resulted in reproducible spectra. When too little sample
was used, the instrument was unable to detect peaks with suffi-
cient signal intensities, resulting in a noisy spectrum. When using
too much sample, the detector was saturated and dominant peaks
were created. Moreover, too much sample pollutes the MALDI-
TOF MS system, interfering with its accuracy and shortening the
time between maintenance. The optimal bacterial concentration
for MALDI-TOF MS has earlier been quantified by Liu et al. [29] as
4 mg bacterial cells/30 �L matrix solvent solution.

Characteristics of MALDI-TOF mass spectra

MALDI-TOF MS ion intensities usually do not correlate to the
relative amount of each component, unless the analyte is carefully
prepared and calibrated. However, the relative ion intensities may
correspond when studying analytes that are similar in mass and
with the same functional groups [23]. The reproducibility of the
ion intensities is illustrated in Fig. S1. Spectral profiles of cellular
extracts of F. pseudoficulneus R-35156, obtained from the same agar
plate, contained comparable relative ion intensities (Fig. S1A and B).
After subsequently subculturing the strain for three times, the pro-
file (Fig. S1C) showed some variation in ion intensities compared
to the other profiles, although the main peak intensities were simi-
lar. After storage at −80 ◦C for one month, the same culture was
grown and re-analyzed (Fig. S1D). The main peaks of the spec-
tra were conserved, although differences in peak intensities were
observed. Comparable results were obtained using other strains
(data not shown). Variations in bacterial growth and correspond-
ing ion intensities were also observed in other studies [10,25,28,46].
Additionally, analyzing inter-laboratory reproducibility, Wunschel
et al. [46] concluded that, in the same laboratory, different ion
intensities were detected, although the main peak list was gen-
erally stable, whereas for other laboratories, additional peaks were
detected under the same strict experimental conditions, even when
using the same bacterial suspension.

Data processing and clustering

Initial data evaluation
Initially, we performed a multi-dimensional scaling (MDS) anal-

ysis based on the final character data set obtained by different
sample preparation methods (see Fig. S2). From this figure, no
bias in the distribution of the spectra can be directly correlated
to the sample preparation methods (e.g., cell smear and cell extract
method), which suggests that MALDI-TOF MS data are not prefer-
entially clustered according to the sample preparation method. For
the total data set (Fig. 1, left), as well as for each of the species
examined, an intermixed image of spectra obtained by the cell
smear method (grey dots) and cell extract method (black dots) was
observed in the MDS. Yet, for some species, like L. mesenteroides,
a separation between spectra obtained by the cell extract method
and the cell smear method was observed (Fig. 1, right).

Additionally, MDS was performed on spectra generated with
the cell smear method and the cell extract method, obtained from
cells grown on TSA and MRS, to check for medium-specific cluster-
ing. Within spectra of e.g., the L. citreum strains, a clear grouping
between the sample preparation methods, as well as from the
growth media was observed in the MDS (Fig. S3). For e.g., L. lactis

on the other hand, clustering according to the sample prepara-
tion method was also observed, although a coherence tending to
cluster according to growth medium was not that distinct as for
L. citreum (Fig. S3). Clustering according to the growth medium,
probably due to slight variations in the expression of proteins, was



24 K. De Bruyne et al. / Systematic and Applied Microbiology 34 (2011) 20–29

F d by t
M r (gre

o
b

M
w

8
2
c
g
e
m
w
a

p
h
t
s
t
t
t
w
e
t
a
s
t
b
d
f
c
t
h
t
A
c
t
n
c
t
t
s
p
p

ig. 1. Left: Multi-dimensional scaling (MDS) representing Maldi2 spectra obtaine
DS of Maldi2 spectra obtained from L. mesenteroides strains, by both the cell smea

bserved in the present study for only a few species and has also
een previously described [3,13,34].

ALDI-TOF MS analysis and its potential for species delineation
ithin Leuconostoc and Fructobacillus

In a first part of the study, spectra of all 31 Leuconostoc and
Fructobacillus strains grown in standard conditions (24 h, MRS,

8 ◦C) were generated, using both the cell smear method and the
ell extract method. Additionally spectra of the same strains, but
rown for prolonged incubation times (48 h, 72 h), and on a differ-
nt culture medium (TSA) were obtained. In total, 3585 MALDI-TOF
ass spectra were generated. The quality of each spectral profile
as scored by a noise value. For all entries, noise values between 0

nd 35% were obtained.
Starting from the binary data set, different data analyses were

erformed to reveal a discriminatory effect in the data and to assess
ow well cluster analysis can be applied to these data. Firstly, a dis-
ance matrix was calculated using the Hamming distance, which
hows the separability of the different species (see Fig. S4). From
he heat map of this matrix, high similarities (grey shadings) within
he spectra obtained from one species (as uniquely indicated by
he colours on the axes) can be clearly distinguished. Moreover,
hen looking at the species block of L. mesenteroides, three differ-

nt zones with relatively low distances can be seen to correspond
o the three subspecies of L. mesenteroides. Furthermore, this figure
lso indicates low similarities between the spectra of the different
pecies. Although peak intensities are not further considered by
he conversion of continuous data to binary data, only taking the
inary data into account seems very promising. In addition to the
istance matrix calculation, a clustering of the peaks has been per-
ormed, and visualized in the heat map in Fig. S5. This clustering
learly shows that many peaks are involved in the delineation of
he different species, as exhibited by the many white areas in the
eat map, which correspond to a value of one. As a second analysis
echnique, principal component analysis (PCA) has been applied.

cumulative scree plot (see Fig. S6), denoting the variance and
umulative variance of the top-n PCs, shows that only about 60% of
he variance are represented in the first twenty principal compo-
ents. This underscores the observation that many peaks are not
orrelated and are needed to obtain good discrimination between

he different species. From the heat map of the distance matrix and
he peak clustering, one can conclude that an integrated analysis
hould not be restricted towards the most discriminating peaks or
eak combinations, but preference should be given to the whole
eak profile (2–20 kb).
he cell smear method (grey dots) and the cell extract method (black dots). Right:
y dots) and the cell extract (black dots) method.

Towards a MALDI-TOF MS identification library for Leuconostoc
and Fructobacillus strains

As species-specific information was demonstrated by the pre-
vious analyses, the next step was the evaluation of band- and
character-based analyses of MALDI-TOF mass spectra for the classi-
fication of bacterial strains within the genera under study. To score
the identification potential of this approach, an automated Jack-
knife test and the k-nearest neighbour method were applied. Three
identification classes were considered: a match; a mismatch; and
an undetermined spectrum. The results provided insight into the
accuracy of the MALDI-TOF MS data set for species identification
within the groups studied. Identification results are given in Table 1.
Species represented by only one strain (e.g., L. gelidum, L. holzapfe-
lii and F. ficulneus) were omitted from the analysis. Ideally, if all
spectra were correctly identified, each species should have a 100%
identification score. Apart from the percentage matches, the table
provides information on the misidentified spectra. For example,
L. pseudomesenteroides profiles were identified as L. pseudomesen-
teroides in only 74.6% of the analyses, and were mainly misassigned
to L. mesenteroides (17.0%), and to a lesser extent to L. lactis (2.3%), L.
durionis (1.7%), L. fallax (1.7%) and L. gasicomitatum (0.5%). Based on
these analyses, the total percentages of matches, mismatches, and
undetermined spectra calculated from Maldi2 spectra and using
the PMCC were 84.9%, 14.3%, and 1.8%, respectively. To conclude,
this group separation statistic provided a rapid and reliable method
to evaluate the stability of the defined groups, and resulted in an
identification reliability of 84.6%.

We also evaluated different identification libraries: one based
on spectra obtained by the cell smear method; one based on spec-
tra obtained by the cell extract method; and one combined library
including spectra of both methods. For each analysis, the per-
centage matches, mismatches, and undetermined spectra were
determined (Table S3). Within each of the three identification
libraries, analysis of both the Maldi2 experiment type and the
derived character set yielded comparable identification scores.
Additionally, identification libraries covering spectra obtained from
bacteria grown from a single culture medium yielded no higher
identification scores than identification libraries covering spec-
tra obtained from bacteria grown on different culture media.
The identification library covering spectra obtained by the cell

extract method yielded slightly higher identification scores than
the library covering spectra obtained by the cell smear method
(Table S4). However, one should consider the extra work necessary
to prepare extracts against the few percentages additional positive
identifications. Although not performed in this study, one could
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Table 1
Identification results of the Jackknife test and k-nearest neighbour analysis (k = 3, PMCC, Maldi2 spectra). Only species of the genera Fructobacillus and Leuconostoc are
considered with more than 1 strain. The rows denote the correct species (T) and columns the predicted species (P). Row and column indices correspond to the species F.
durionis (1), F. pseudoficulneus (2), L. carnosum (3), L. citreum (4), L. fallax (5), L. gasicomitatum (6), L. kimchii (7), L. lactis (8), L. mesenteroides (9) and L. pseudomesenteroides (10).
The final column (U) gives the percentage of undetermined spectra. An overview of the total percentage of matches, mismatches, and undetermined spectra is given below.

kNN T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 U

T1 87.88 0.00 0.00 0.00 0.30 0.00 0.00 4.24 1.21 4.55 1.82
T2 0.00 99.53 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.47
T3 0.00 0.00 99.15 0.21 0.00 0.21 0.00 0.21 0.21 0.00 0.00
T4 0.00 0.00 0.00 97.66 0.18 0.54 0.00 0.00 1.44 0.00 0.18
T5 0.00 0.00 0.00 0.00 90.39 0.00 1.42 3.20 2.14 0.00 2.85
T6 0.00 0.00 0.00 1.61 0.00 88.76 0.00 0.23 1.83 6.88 0.69
T7 0.00 0.00 0.00 0.00 0.00 0.00 100.00 0.00 0.00 0.00 0.00
T8 0.16 0.00 0.00 0.47 0.95 0.00 0.00 93.06 3.79 0.79 0.79
T9 17.28 0.00 10.48 2.59 3.89 1.62 0.00 4.75 53.24 1.40 4.75
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T10 1.69 0.00 0.00 0.00 1
Matches 83.94
Mismatches 14.30
Undetermined 1.76

erform a duplicate analysis of the unknown sample and com-
ine the identification results and their respective quality scores.
his will provide an additional tool to the researcher to estimate
he identification reliability. Moreover, when relying on computer-
ased identification systems, one could certainly use the combined
ataset including spectra obtained from both sample preparation
ethods and from different culture media, because training of a

omputer model on this data set takes all observed variation in the
ata into account, without losing identification efficiency. When
sing computer-based identification tools, it is important to include
he expected (or some degree of) variation that will be possibly
bserved in later identification studies.

It is also interesting to evaluate the identifications in the per-
pective of MDS. MDS of the spectra obtained from Leuconostoc and
ructobacillus strains by the cell smear method as well as the cell
xtract method is presented in Fig. S7. As stated earlier, 84.6% of the
ALDI-TOF MS profiles were correctly identified at species level
hen using the combined identification library (Table 1). The high

oherence of the different species groups is reflected in Fig. S7, pre-
enting the species as differently coloured clusters. Within this 3D
pace, species clusters are clearly separated. The L. mesenteroides
loud is widespread over the total volume in one long cloud, indi-
ating that subspecies do cluster relatively together.

alidation on the MALDI-TOF analysis technique on the genus
actococcus

As MALDI-TOF mass spectra proved useful for the identification
f strains belonging to the genera Leuconostoc and Fructobacillus,

he same experimental setup was used to extend the MALDI-TOF

S library for identification of bacterial strains within the genus
actococcus. Twenty strains (Table S2) were aerobically grown on
RS at 28 ◦C. Prior to analysis, the strains were subcultured at

east twice, or until a homogeneous cell culture was observed.

able 2
dentification results of the Jackknife test and k-nearest neighbour analysis (k = 3, PMCC
han 1 strain. The rows denote the correct species (T) and columns the predicted specie
ubsp. cremoris (2), Lc. lactis subsp. hordriae (3), Lc. lactis subsp. lactis (4), Lc. plantarum (5)
pectra. An overview of the total percentage of matches, mismatches, and undetermined

kNN T1 T2 T3

T1 98.99 1.01 0
T2 0 67.92 0
T3 0 0 98.25
T4 0 5.81 4.65
T5 0 0 2.04
T6 0 0 0
Matches 94.21
Mismatches 5.64
Undetermined 0.15
0.56 0.00 2.26 16.95 74.58 2.26

686 MALDI-TOF mass spectra of these twenty Lactococcus strains
were measured and further analyzed, as described in ‘Materials
and methods’ section. PMCC-based analysis of the Maldi2 spec-
tra resulted in 94.2% correct identifications taking species and
subspecies levels into account, 5.6% mismatches and 0.2% unde-
termined spectra (Table 2). Again, one species, Lc. piscium, only
represented by a single strain, was omitted from the analysis. For
Lc. garvieae, Lc. lactis and Lc. raffinolactis, almost no misidentifica-
tions were observed. All Lc. lactis spectra were correctly identified
at the species level.

The obtained cluster analysis and MDS of the genus Lactococ-
cus (Fig. S8) clearly supports the separated species clusters. The
subspecies of Lc. lactis are grouped together in the MDS but, as indi-
cated previously, correct subspecies identification was obtained for
88% of the Lc. lactis spectra. Cluster analysis on the mass spectra of
the Maldi2 experiment type, using the PMCC, resulted in species-
specific clusters for the three genera studied. Other studies have
reported on the reflection of the genus phylogeny, as obtained
through 16S rRNA gene sequence analysis, in the obtained MALDI-
TOF MS dendrograms [3,13,34]. This was not observed for our data.

Machine learning

The data analyses discussed in the previous section were per-
formed to resolve a discriminatory effect in the data. These analyses
also give an indication on how well machine learning techniques
could discriminate between the MALDI-TOF mass spectra of the
different species or classes. SVMs and RFs were applied to the

binary peak data and the test results showed a very high species
identification performance. The multi-class confusion matrices, as
resulting from identification on the pooled test set, are reported
in Tables 3 and 4. Each row represents the true species while the
columns denote the identified species. From both tables, it can

, Maldi2 spectra). Only species of the genus Lactococcus are considered with more
s (P). Row and column indices correspond to the species Lc. garvieae (1), Lc. Lactis
and Lc. raffinolactis (6). The final column (U) gives the percentage of undetermined
spectra is given below.

T4 T5 T6 U

0 0 0 0
30.19 0 0 1.89

1.75 0 0 0
89.53 0 0 0

0 95.92 2.04 0
0 0 100 0
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Table 3
Identification results of a random forest (RF) model on the binary peak data. The rows denote the correct species (T) and columns the predicted species (P). Identification
percentages are given. Species of the genera Fructobacillus and Leuconostoc are considered. T indices correspond to the species F. durionis (1), F. ficulneus (2), F. fructosus (3),
F. pseudoficulneus (4), L. carnosum (5), L. citreum (6), L. fallax (7), L. gasicomitatum (8), L. gelidum (9), L. holzapfelii (10), L. inhae (11), L. kimchii (12), L. lactis (13), L. mesenteroides
(14) and L. pseudomesenteroides (15).

RF P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15

T1 96.97 0 0 0 0 0 0 0.61 0 0 0 0 0.61 1.82 0
T2 0 94.87 0 0 1.28 0 0 0 0 0 1.28 1.28 0 0 1.28
T3 0 0 95.38 0 3.85 0 0 0 0 0 0 0 0 0.77 0
T4 0 0 0 100 0 0 0 0 0 0 0 0 0 0 0
T5 0.21 0 0 0 97.01 1.28 0 0.21 0 0 0 0 0 1.28 0
T6 0 0 0 0 0.72 98.20 0 0.18 0 0 0.18 0 0 0.72 0
T7 0 0 0 0 5.69 2.49 87.90 1.07 0 0 0 0.36 0 2.14 0.36
T8 0 0.46 0 0 1.38 0 0.23 96.79 0 0 0 0 0 0.46 0.69
T9 0 0 0 0 4.62 0 0 13.85 15.38 0 0 0 0 0 66.15
T10 0 0 0 0 5.00 0 0 0 0 87.50 0 0 2.50 5.00 0
T11 0 0 0 0 1.60 0 0 0 0 0 98.40 0 0 0 0
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T12 0 0 0 0 0 0 0
T13 0.32 0 0.16 0 2.05 0.63 1.10
T14 0 0 0 0 2.33 0.61 0.61
T15 1.13 0 0 0 3.39 1.69 2.26

learly be seen that overall species discrimination is very high. One
pecies, L. gelidum (column T9), is badly predicted, giving mainly
alse predictions as L. pseudomesenteroides (column T15). Spectra
f L. gelidum LMG 18297T measured after a certain date, all clus-
ered within the L. pseudomesenteroides cluster, which points to a
ontamination. After growth of the cryo stock of LMG 18297T, the
uthenticity of the strain was verified with pheS gene sequence
nalysis [12]. The strain was identified as L. pseudomesenteroides.
his result confirmed that cross-contamination occurred during
he study. Furthermore, in the RF experiments, some MALDI-TOF

ass spectra of different species were predicted as L. carnosum (col-
mn T5), although, on the other hand, this trend was not seen in
he SVM experiments. No obvious argument is found for explain-
ng this observation. In developing a species identification scheme,
ne is mostly interested in evaluating this scheme by calculating
global performance measure. We have calculated an accuracy

alue, which corresponds to the sum of all correct predictions (main
iagonal of matrix) to the data set size. In addition, an F-score

s calculated by averaging the F-scores resulting from comparing
ach species to the others (see also ‘Materials and methods’ sec-
ion). These values are reported in the bar diagram visualized in

ig. 2. Very high identifications are achieved. The accuracy result-
ng from the SVM experiments is 98.4%, while the RF experiments
esult in 94.1%. The average F-score obtained by the SVM and RF
xperiments is 96.8% and 89.7%, respectively. Note that the accu-
acy metric is somewhat biased due to the imbalanced nature of the

able 4
dentification results of a support vector machine (SVM) model on the binary peak data
dentification percentages are given. Species of the genera Fructobacillus and Leuconostoc
culneus (2), F. fructosus (3), F. pseudoficulneus (4), L. carnosum (5), L. citreum (6), L. fallax (7
. lactis (13), L. mesenteroides (14) and L. pseudomesenteroides (15).

SVM P1 PS2 P3 P4 P5 P6 P7 P8

T1 99.39 0 0 0 0 0 0.30 0
T2 0 94.87 0 0 0 0 2.56 0
T3 0 0 99.23 0 0 0 0.77 0
T4 0 0 0 100 0 0 0 0
T5 0 0 0 0 99.79 0.21 0 0
T6 0 0 0 0 0 99.28 0.18 0.18
T7 0 0 0 0 0 0 98.22 0
T8 0 0 0 0 0 0 0 100
T9 0 0 0 0 0 0 0 0
T10 0 0 0 0 0 0 0 0
T11 0 0 0 0 0 0.80 0 0.80
T12 0 0 0 0 0 0 0 0
T13 0 0 0 0 0 0.16 0 0
T14 0 0 0 0 0 0 0 0
T15 1.13 0 0 0 0 0 0.56 0
0 0 0 96.88 0 0 3.13
6 0 0 0 0 93.85 1.10 0.63

0 0 0.30 0 0 96.16 0
1.13 0 0 1.13 0 9.60 79.66

data set. Therefore, the average F-score gives a more reliable view
on the identification performance of both machine learning tech-
niques. We can conclude that MALDI-TOF MS analysis, combined
with a thorough preprocessing and intelligent prediction models
can raise the identification performance of the species described
within the genera Fructobacillus and Leuconostoc.

In the previous section, species identification was evaluated
by kNN analysis using a Jackknife test. Note that in the described
testing setup, identification was performed only against the spec-
tra of different strains, which resulted in the removal of some
single-strain species. Therefore, no objective comparison can
consequently be made for the results of the machine learning
experiments, which identify spectra using the learned mathemat-
ical functions representing the intra-species variation among the
different strains of all species. Therefore, we chose to perform a
second kNN identification analysis, using a Jackknife test and all
spectra of all species. In other words, in this setting identifica-
tion is made possible on spectra of the same strain. Note also the
different approach between both identification methods: whereas
kNN analysis identifies spectra by data matching, machine learn-
ing techniques identify spectra by learning mathematical functions.

The resulting kNN identification is given in Table 5. The percentage
of matches equals 98.0%. Compared to the results of the kNN exper-
iment reported in Table 1, identification was greatly improved, as
this experiment resulted in 83.9% matches. Although the presence
of species-specific features was hereby confirmed, this also clearly

. The rows denote the correct species (T) and columns the predicted species (P).
are considered. Row and column indices correspond to the species F. durionis (1), F.
), L. gasicomitatum (8), L. gelidum (9), L. holzapfelii (10), L. inhae (11), L. kimchii (12),

P9 P10 P11 PS12 P13 P14 P15

0 0 0 0 0.30 0 0
0 0 0 0 0 2.56 0
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0.36 0 0 0 0
0 0 0 0 1.07 0.71 0
0 0 0 0 0 0 0

76.92 0 0 0 0 0 23.08
0 100 0 0 0 0 0
0 0 98.40 0 0 0 0
0 0 0 100 0 0 0
0 0 0 0 98.58 0.79 0.47
0 0 0 0 0.51 99.49 0

10.73 0 0 0 0.56 1.69 85.31
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ig. 2. Bar diagram with the accuracy (white bar) and F-score (black bar) measures
s calculated from identification with the random forest (RF) and support vector
achine (SVM) models.

howed the presence of a certain degree of variation between the
pectra of different strains within a single species. Clear examples
re species L. mesenteroides and L. pseudomesenteroides. Please note
hat the same cross-contamination between L. gelidum LMG 18297T

nd a L. pseudomesenteroides strain is also reflected in these results.
hen comparing the measures with the results of the machine

earning experiments, it is important to note again that the per-
entage of matches/mismatches/undetermined is also somewhat
iased as each species is represented by a different number of
pectra. Comparison should, therefore, only be done between the
ercentage of matches and the accuracy metric. Globally, SVMs
erform better, while RFs perform worse than kNN.
While MALDI-TOF MS analysis exhibits very high resolution
t the species level in the considered genera, machine learning
echniques maximally exploit the peak patterns embedded in the

ALDI-TOF mass spectra. This identification approach has also dif-
erent advantages for extending the bacterial scope. It enables rapid

able 5
dentification results of the Jackknife test and k-nearest neighbour analysis (k = 3) (PMCC, M
re considered. The rows denote the correct species (T) and columns the predicted species
. fructosus (3), F. pseudoficulneus (4), L. carnosum (5), L. citreum (6), L. fallax (7), L. gasicomi
. mesenteroides (14) and L. pseudomesenteroides (15). The final column (U) gives the per
ismatches, and undetermined spectra is given below.

kNN P1 P2 P3 P4 P5 P6 P7 P8

T1 98.79 0 0.61 0 0 0 0 0
T2 0 97.44 0 0 0 1.28 1.28 0
T3 0 0 98.46 0 0 0 0 0
T4 0 0 0 99.53 0 0 0 0
T5 0 0 0 0 99.36 0.21 0 0.21
T6 0 0 0 0 0 99.10 0 0.36
T7 0 0 0 0 0 0 99.29 0
T8 0 0 0 0 0 0 0 99.08
T9 0 0 0 0 0 0 0 0
T10 0 0 0 0 0 0 0 0
T11 0 0 0 0 0 0.80 0 0
T12 0 0 0 0 0 0 0 0
T13 0.16 0 0 0 0 0 0.63 0
T14 0 0 0 0 0.21 0 0.11 0
T15 0 0 0 0 0 0 0.56 0
Matches 97.95
Mismatches 1.59
Undetermined 0.46
ied Microbiology 34 (2011) 20–29 27

identification (range of seconds), easy handling, and, importantly,
also allows for very fast retraining of the constructed models. The
latter aspect is important for two main reasons: a rapidly chang-
ing microbial taxonomy and a growing amount of data, which is
easily delivered by the MALDI-TOF MS analysis technique. Stor-
ing this data in a MALDI-TOF MS database sets an ideal starting
point for the development of identification schemes in multiple
genera. Remark that this kind of databases is already commercially
exploited e.g., BioTyper and Saramis [1,8]. However, identification
by these systems is achieved by entry matching against the cor-
responding database and the calculation of similarity scores. Our
approach, however, exploits all spectral information and variability
in the database to build an identification model, and subsequently,
to allow the identification of the unknown MALDI-TOF MS profiles.

Given the high species resolution of the MALDI-TOF MS analysis,
the rapid and massive data generation, and the advantages of the
intelligent machine learning techniques, it is clear that the combi-
nation of the spectrometric analysis and the learning aspect results
in a very efficient and effective alternative tool for bacterial species
identification.

Comparison of MALDI-TOF MS analysis and multi-locus sequence
analysis

Concerning the taxonomic resolution, both multi-locus
sequence analysis (MLSA) and MALDI-TOF MS allow species
level identification [12,32]. Both techniques have the potential
to identify at the subspecies level, while for MALDI-TOF MS also
the identification at the strain level has already been described
[12,22,42]. When handling a large number of bacteria to be iden-
tified, the potential of a technique to be automated can become
an important point of consideration. Whereas MLSA requires
genomic DNA, and therefore an extra cultivation step, MALDI-TOF
MS can directly be applied on a single colony. Moreover, when
comparing workload and speed, MALDI-TOF MS is clearly most
suited for fast automated identification. Concerning data porta-
bility, MLSA has one main advantage over MALDI-TOF MS: the

universal character of sequences. For MALDI-TOF MS analysis,
successful inter-laboratory analyses have already been reported
[46], and commercial database systems for identification are
available which rely on the inter-laboratory comparison of spectra
[1,8]. The main disadvantage of MLSA resides in the fact that prior

aldi2 spectra). All strains of all species of the genera Fructobacillus and Leuconostoc
(P). Row and column indices correspond to the species F. durionis (1), F. ficulneus (2),
tatum (8), L. gelidum (9), L. holzapfelii (10), L. inhae (11), L. kimchii (12), L. lactis (13),
centage of undetermined spectra. An overview of the total percentage of matches,

P9 P10 P11 P12 P13 P14 P15 U

0 0 0 0 0 0 0.30 0.30
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 1.54
0 0 0 0 0 0 0 0.47
0 0 0 0 0.21 0 0 0
0 0 0.18 0 0 0 0 0.36
0 0 0 0 0 0.36 0 0.36
0 0 0 0 0 0 0 0.92

78.46 0 0 0 0 0 21.54 0
0 100 0 0 0 0 0 0
0 0 98.40 0 0 0 0 0.80
0 0 0 100 0 0 0 0
0 0 0 0 97.16 1.10 0.32 0.63
0 0 0 0 0.64 98.73 0 0.32
7.34 0 0 0 0 4.52 86.44 1.13
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equence knowledge is required to design and optimize primer
equences. MALDI-TOF MS on the other hand does not require any
nowledge prior to analysis. Taking into account only qualitatively
ood sequences, one can definitely state that the reproducibility
f sequences is better than that of the obtained spectra, because
on intensities can fluctuate among spectra. Not the ion intensities
ut rather their ratios of intensities should, therefore, be taken

nto account. The prime investment for both systems (16 capillary
equencer vs. linear MALDI-TOF MS system) is in the same price
ange, whereas the operational costs vary considerable, with
ALDI-TOF MS being an ideal high-throughput, low-cost analysis

ystem.

onclusion

The minimal sample preparation, sample acquisition, and the
peed of the data acquisition combined with its potential for
igh throughput sample automation, make MALDI-TOF MS a valu-
ble screening and rapid identification method. Whole-cell spectra
roduced by MALDI-TOF MS have taxonomically characteristic fea-
ures that can be used to differentiate bacteria at genus, species and
ubspecies levels, even though only a small portion of the bacterial
roteome is detected.

In the present study, the CHCA matrix combined with a
0:48:2 ACN:water:TFA matrix solution was selected to perform
he MALDI-TOF MS analyses. When analyzing the spectra obtained
y the cell smear method or the cell extract method, ion intensities
ere not perfectly reproducible for all peaks, although the relative

ntensities of the main peaks were comparable. The amount of sam-
le was found to be critical for MALDI-TOF MS analysis, since too

ittle sample resulted in noisy spectra, and too much sample gave
ise to overly dominant peaks in the spectrum. Multi-dimensional
caling of the spectra illustrated the presence of species-specific
nformation. Data analysis included calculation of the noise score.
ased on this noise score, data was withdrawn or rejected for fur-
her analysis. Preprocessed profiles, as well as a derived binary
haracter set were successfully used for species identification
ithin the genera Leuconostoc, Fructobacillus, and Lactococcus. Iden-

ification scores obtained by analysis of spectra of the cell extract
ethod only, were slightly higher. However, the extra workload to

repare an extract should be considered against the few additional
ositive identifications. Numerical analysis of (nearly all) spectra,
btained under controlled experimental conditions (24 h bacterial
rowth, 28 ◦C, MRS), resulted in species-specific clustering for each
f the three genera. The use of the machine learning techniques
andom forests and support vector machines for the identification
f MALDI-TOF mass spectra proved to be very successful.

Automated MALDI-TOF mass spectra acquisition coupled to
reprocessing techniques has resulted in high quality data sets.
ombined with common data analysis methods and automated
achine learning techniques, we have developed a rapid and rel-

tively simple method for the characterization and identification
f lactic acid bacteria within the genera Leuconostoc, Fructobacillus,
nd Lactococcus.
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