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Abstract

In the last decade, bacterial taxonomy witnessed a huge expansion. The swift pace of bacterial species (re-)definitions has
a serious impact on the accuracy and completeness of first-line identification methods. Consequently, back-end
identification libraries need to be synchronized with the List of Prokaryotic names with Standing in Nomenclature. In this
study, we focus on bacterial fatty acid methyl ester (FAME) profiling as a broadly used first-line identification method.
From the BAME@LMG database, we have selected FAME profiles of individual strains belonging to the genera Bacillus,
Paenibacillus and Pseudomonas. Only those profiles resulting from standard growth conditions have been retained. The
corresponding data set covers 74, 44 and 95 validly published bacterial species, respectively, represented by 961, 378 and
1673 standard FAME profiles. Through the application of machine learning techniques in a supervised strategy, different
computational models have been built for genus and species identification. Three techniques have been considered: artificial
neural networks, random forests and support vector machines. Nearly perfect identification has been achieved at genus
level. Notwithstanding the known limited discriminative power of FAME analysis for species identification, the
computational models have resulted in good species identification results for the three genera. For Bacillus, Paenibacillus
and Pseudomonas, random forests have resulted in sensitivity values, respectively, 0.847, 0.901 and 0.708. The random
forests models outperform those of the other machine learning techniques. Moreover, our machine learning approach also
outperformed the Sherlock MIS (MIDI Inc., Newark, DE, USA). These results show that machine learning proves very
useful for FAME-based bacterial species identification. Besides good bacterial identification at species level, speed and ease
of taxonomic synchronization are major advantages of this computational species identification strategy.
© 2009 Elsevier GmbH. All rights reserved.
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Introduction

Our knowledge about the bacterial landscape is
continuously evolving. This is clearly demonstrated by
the growing list of validly published species in the
International Journal of Systematic and Evolutionary
Microbiology. From January 2005 to March 2008, not
less than 1888 bacterial species have been (re)defined
[13]. Given this rapid change in taxonomy, back-end
identification libraries of first-line identification methods
need constant updates. Because gas chromatographic
whole-cell fatty acid methyl ester (FAME) analysis is
cheap, easy and automated, many laboratories routinely
use this chemotaxonomic technique for the identifica-
tion of bacterial species. FAME analysis usually relies,
however, on commercial identification systems such as
the Sherlock Microbial Identification System (MIS,
Microbial ID Inc. (MIDI), Newark, DE, USA) for
which the back-end identification libraries are only
updated every few years and only cover part of all
known species. The accuracy of bacterial species
identification is therefore highly compromised, making
this update latency a major drawback of the Sherlock
MIS system. In this paper, we explore the realization of
an up-to-date FAME-based bacterial species identifica-
tion system powered by machine learning techniques.

Qualitatively, the fatty acid composition of bacterial
species is highly conserved, and significant changes only
take place over considerable periods of time. Quantita-
tively, the measured fatty acid composition of a
particular strain is stable, given highly standardized
culture conditions. More than 300 fatty acids have
already been found in bacteria. Differences in chain
length, positions of double bonds and the binding of
functional groups make them very useful taxonomic
markers [10,27]. The first evidence suggesting that fatty
acids could be used for the identification of bacteria was
reported by Abel et al. [1] and Kaneda [25]. The use of
whole-cell FAME analysis for bacterial identification
has already been applied successfully for a wide range of
bacterial taxa [§8,12,21,23,24,26,36-38,41,48-50,53].
Furthermore, FAME-based identification of bacteria
by machine learning techniques has already been
investigated for a multitude of bacterial species and
genera [4,17,18,45]. Nonetheless, from a taxonomic
perspective, the development of a bacterial species
identification tool requires the inclusion of a maximal
number of species for each genus considered and a
sufficient number of strains per species. A first attempt
towards FAME-based bacterial species identification on
a genus-wide scale has been undertaken on the genus
Bacillus by artificial neural networks [46]. In the present
study, we have extended this approach by considering
the genera Bacillus, Paenibacillus and Pseudomonas and
by evaluating some other machine learning techniques
as well.

According to the List of Prokaryotic names with
Standing in Nomenclature as published in March 2008,
the genera Bacillus, Paenibacillus and Pseudomonas
consist, respectively, of 145, 86 and 117 wvalidly
published species (excluding synonyms and species
reassigned to other genera) [13]. The genus Bacillus
comprises a heterogeneous group of aerobic, endospore-
forming, Gram-positive, rod-shaped organisms. Bacillus
species can be found in various environments and
many of these species are of industrial, clinical and
commercial interest due to the production of spores and
a variety of interesting components [3,29,30]. It
is well known that due to the limited discriminative
power of FAME analysis, it is not possible to
distinguish all species of the genus Bacillus [24]. In
1994, a reclassification within the genus Bacillus
sensu lato based on 16S rRNA sequence analysis has
led to the proposal of the genus Paenibacillus. The group
of strains emerging from Bacillus sensu lato was
originally referred to as Bacillus RNA group 3. The
genus Paenibacillus comprises a heterogeneous group of
facultative anaerobe or strictly aerobe, endospore-
forming, Gram-positive, rod-shaped organisms, of
which most species have peritrichous flagella. Some
strains are known to be important pathogens of insects
[2,42]. FAME analysis of 11 Paenibacillus species
revealed different species groups [20]. The genus
Pseudomonas comprises a heterogeneous group of
aerobic, non-spore forming, Gram-negative, rod-shaped
organisms with polar flagella. The genus Pseudomonas is
well known from the opportunistic and clinically
important Pseudomonas aeruginosa and various plant
pathogenic pathovars such as Pseudomonas syringae
[30,40]. The taxonomy of the so-called P. syringae
pathovars that are of practical importance has been
under discussion for several decades. Regarding this
species and its various pathovars, a DNA-DNA
hybridization study of the different pathovars proposed
nine genomospecies of which some are linked to other
validly published species [16]. Evaluation of the dis-
criminative power of FAME analysis for the identifica-
tion of pseudomonads also made clear that FAME data
do not allow to distinguish all Pseudomonas species from
each other [47,51].

Even though microbial taxonomy is changing rapidly,
the development of up-to-date identification libraries
can be realized by computer systems and back-end
databases. Based on a laboratory information manage-
ment system and a FAME database, we have analyzed
the identification at genus and species level of members
of three genera by three machine learning techniques:
artificial neural networks (ANN), support vector ma-
chines (SVM) and random forests (RF). This new
approach shows a moderate to high identification
performance and outperforms the commercial Sherlock
MIS system.
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Materials and methods
Bacterial strains and FAME analysis

To assure reproducible and interpretable results, all
strains of the genera Bacillus, Paenibacillus and Pseudo-
monas were grown under standard conditions unless are as
stated in Table S1. The protocol designed by MIDI Inc.
(Newark, DE, USA) for the construction of the Sherlock
MIS TSBA identification library has been followed. For
aerobes, such as Bacillus, Paenibacillus and Pseudomonas,
this protocol recommends 24 h of growth on trypticase soy
broth agar (TSBA) at a temperature of 28 °C. Following
growth, on average 40 mg bacterial cells are harvested in
the overlapping region of quadrants three and four of the
streaked plates. Next, FAMEs are extracted by a four-step
procedure of saponification, methylation, extraction and
sample cleanup, and are finally analyzed by gas chroma-
tography. Whole-cell bacterial FAME profiles resulting
from gas chromatographic analysis following these
standard growth conditions are further indicated as
standard FAME profiles.

Collaborative FAME analysis research at the Labora-
tory of Microbiology (Ghent University, Belgium) as
well as the BCCM™/LMG Bacteria Collection (Ghent
University, Belgium) has resulted in the BAME@LMG
database currently containing more than 67,000 bacterial
FAME profiles. From this database, only those validly
published Bacillus, Paenibacillus and Pseudomonas species
represented by at least three standard FAME profiles were
selected. With respect to the Pseudomonas syringae
pathovars, the genomospecies taxonomy as suggested by
Gardan et al. [16] was followed. In March 2008, the
BAME@LMG database contained 961, 378 and 1673
standard FAME profiles of 74 Bacillus (51%), 44
Paenibacillus (51%) and 95 Pseudomonas species (81%),
respectively. An overview of the selected strains and
FAME profiles is given in Table S1. From this database,
separate Bacillus, Paenibacillus and Pseudomonas data sets
were created. These three data sets were also merged into a
single complete data set. Two versions of the complete
data set were created by annotating the FAME profiles by
their genus and species name, or by their genus name only.
This resulted in a data set with 213 classes and a data set
with 3 classes, respectively. The separate Bacillus, Paeni-
bacillus and Pseudomonas data sets contained, respectively,
71, 46 and 94 FAMEs; whereas the combined data set
contained 105 FAMEs. Each FAME profile is represented
as a vector of the different relative FAME peak area
percentages as calculated by the Sherlock MIS using the
TSBAS50 peak naming method.

Sherlock MIS

Routine identification of bacterial species based on
FAME analysis is traditionally performed by commer-

cial systems such as Sherlock MIS (MIDI Inc., USA).
According to the taxonomy as published in March 2008,
the Sherlock MIS TSBASO0 identification library con-
tains, respectively, 30 (21%), 18 (21%) and 31 (26%)
validly published Bacillus, Paenibacillus and Pseudomo-
nas species. In order to make a reliable comparison of
our new identification approach with Sherlock MIS, of
all species present in the data set, the identification
results of only those species present in both the Sherlock
MIS TSBASO library and the selected BAME@LMG
data sets were analyzed. For each identification strategy,
identification is evaluated by considering the genus and
species name associated with the highest identification
output value. For Sherlock MIS, this is the species with
the highest similarity index (SI) value. Subsequently, the
number of correct identifications is averaged for each
species, possibly represented by a different number of
FAME profiles. However, in our approach, only FAME
profiles correctly identified at genus level are considered
for subsequent species identification. Finally, for each
genus, a global average is calculated over all species.

Experimental design

Two identification strategies have been evaluated.
These strategies are schematically represented in Fig. 1.
In the stratified identification strategy, genus and species
identification is performed by separate identification
models. Identification is performed first at genus level,
followed by identification at species level. For genus
identification, the FAME profiles are only annotated by
genus name. At species level, a species identification
model is generated based on a genus-specific data set.
This data set comprises only FAME profiles of the
species of a particular genus, which are annotated by
genus and species name. The second approach is the
straight identification strategy. One single species
identification model is generated based on the complete
data set, in which the FAME profiles are annotated both
by genus and species names.

For comparison with Sherlock MIS, the stratified
identification strategy has been considered. For each
species identification model, the training and test set
combination resulting in the highest AUC value (see
also below) is considered. Ultimately, identification at
genus level is achieved by merging the respective training
and test sets and by training and testing a genus
identification model based on the merged data sets. As
such, it is possible to identify the same profiles for genus
and species identification and to rule out those profiles
incorrectly identified at genus level. Importantly, the
same machine learning technique is considered for all
species identification models and the genus identification
model. Even though it is possible that different machine
learning techniques result in better performance on
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Fig. 1. Schematic presentation of the experimental design. 1A/B. Stratified identification strategy. 1A. Genus identification is
performed by the genus identification model. This model relies on the complete FAME data set in which the profiles are annotated
by genus name (dark grey box). 1B. For each genus, a species identification model is built based on the FAME profiles
corresponding to that specific genus. The respective FAME profiles are annotated by species name (light grey boxes). In both cases,
each profile is labelled with the genus or species name associated with the highest output value. However, species identification is
only performed for the genus associated with the highest output value following genus identification. 2. Straight species identification
strategy. The complete data set of FAME profiles is annotated by genus and species name (dark grey box). Identification is
performed by a single identification model. Each profile is labelled with the genus and species name associated with the highest

output value.

different data sets, we have chosen to focus on the same
technique for ease of implementation.

Machine learning

Terminology

Classification and identification are terms used with
different meanings in the fields of microbiology and
machine learning. Whereas identification is similarly
interpreted as assigning existing class labels to unknown
bacterial organisms or data points, classification should
be interpreted differently. In a taxonomic context,
bacterial classification refers to the grouping of bacterial
organisms based on genotypic and phenotypic simila-
rities [30]. However, in machine learning, and more
specifically in supervised classification, the goal of
classification is to statistically describe the relationship
between data points of various classes, given the class
labels, by generalizing the observed trends on the data
[31]. In the context of this paper, we refer to classifica-
tion as the process of building computational models to
distinguish between the FAME profiles of the different
bacterial genera and species.

Artificial neural networks

ANNSs are mathematical models inspired by biologi-
cal neural systems, being constructed as complex
networks of interconnected neurons. The architecture

of an ANN is composed of information processing
units, neurons, which are interconnected by weighted
links. This architecture is typically visualized in layers.
In this study, a feed-forward ANN is used with three
neuron layers: one input layer, one hidden layer and one
output neuron layer [31]. A feed-forward architecture
implies a signal transfer from the input neurons towards
the output neurons without feedback. Both the hidden
neurons and the output neurons calculate a weighted
sum of their input signals, known as the neuron
activation. An activation function maps each activation
value into a specific interval. The functions used are the
sigmoid (s) and the bipolar sigmoid (b) functions, which
map values into the intervals [0,1] and [—1,1], respec-
tively. The best combination of functions used on the
hidden and output neurons must be empirically deter-
mined [31,46]. Each combination of an activation
function f; for the hidden neurons and an activation
function for the output neurons f; is further denoted as
‘ANN f1/f>’. The number of input and the number of
output neurons correspond to the number of FAMEs
and the number of bacterial species present in the data
set. The input neuron values correspond to the relative
FAME peak area percentages, while the output neuron
values correspond to a score for each bacterial species or
genus. The hidden neurons govern the power and the
complexity of the ANN as these neurons determine the
number of connections and weights in the network. The
optimal number of hidden neurons is set to the number
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resulting in the minimum mean squared validation
error over a range of different numbers of hidden
neurons [11].

As each FAME profile is labelled with a genus name
or a genus and species name, an error function is
minimized by calculating the difference or error between
the ANN output values and the target values [3].
Minimization is achieved using the backpropagation
method, which involves three stages: feed-forward of the
training data, calculation and backpropagation of the
error, and adjustment of the weights. Optimal classifica-
tion requires different phases or epochs. Optimization of
the backpropagation method is done by the resilient
propagation algorithm. To ensure generalization of the
data and to prevent under- and overfitting, the early
stopping method halts ANN training at the epoch
corresponding to the minimum validation error
[5,11,14,31,43]. Identification of FAME profiles using
a trained ANN is done by labelling the profile with the
genus and/or species name corresponding to the output
neuron with the highest output score [11,14].

The ANNSs used in this study are implemented by the
Neural Network Toolbox 4.0.3 of the MATLAB R14
software package.

Random forests

RF is an ensemble method based on bagging.
Ensemble methods generate multiple classifiers and
aggregate the results. Specifically, RF is an ensemble
of classification trees. At each node of a classification
tree, the best split is chosen among a subset of features
randomly chosen at that node. In contrast, standard
classification trees split each node based on all features
available. RF performs very well compared to many
other classifiers and is robust against overfitting [7]. To
achieve optimal classification of the data, two para-
meters need to be optimized: the number of randomly
chosen features at each node (Nf) and the number of
trees to be grown in the forest (Nf). Optimization of Nt
is done by varying the number of trees from 1000 to
4000 by steps of 250 and by setting Nf on its default
value, which equals the root of the number of FAMEs.
The number leading to the minimum test error becomes
the final number of trees. Optimization of Nfis done by
setting Nf equal to its default value, twice the default
value and half the default value. The number resulting in
the minimum test error is selected [7,28]. The first step in
the RF algorithm is the generation of Nt bootstrap
samples from the original data set. These samples
contain about two-thirds of the FAME profiles of the
original data set. The remaining profiles are used as test
set. For each bootstrap sample an unpruned tree is
grown by the method previously described. Next, for
each sample, the corresponding test profiles are pre-
dicted by the corresponding tree. At the end of the run,
and over all samples, take the class which got most of

the votes every time a given profile was present in a test
set. The proportion of misclassifications averaged over
all test profiles is taken as the overall error rate. New
data can be predicted by aggregating the predictions of
the Nt trees and selecting the label with the highest
number of votes [7].

The RFs used in this study are generated by the
RandomForest software package [7].

Support vector machines

SVMs map the FAME profiles, referred to as feature
vectors in this context, to a higher dimensional feature
space in which the mapped data is maximally separated
by a hyperplane. On each side of this hyperplane two
maximally separated, parallel hyperplanes are con-
structed. A larger distance or margin between both
hyperplanes leads to a better generalization and
classification of the data. The main principle of SVM
theory corresponds to finding the feature vectors on the
maximum margin hyperplanes. These points are called
the support vectors, as once the SVM is trained, a
significant proportion of the vectors can be discarded by
retaining only the support vectors for identification.
Although SVMs try to linearly separate the data in
feature space, class distributions mostly overlap. This
problem is resolved by allowing misclassifications and
minimizing the corresponding penalties while maximiz-
ing the margin [6]. A more general solution is obtained
by introducing a kernel function in the training
algorithm. By using this kernel function, it is possible
to apply non-linear functions to separate the different
classes. In this study, the radial basis function kernel
(‘SVM RBF’) and the linear kernel (‘SVM lin’) are used.

For the identification of bacteria, we are confronted
with multiple species or classes. This multi-class
classification problem is solved by considering a one-
versus-others setting implying the construction of n two-
class SVMs, with n the number of species or genus
classes considered. Consequently, each SVM separates
one class from all the others. Optimization of the SVM
parameters is achieved by grid search. FAME profiles
are assigned the label corresponding to the class with the
highest output value [6].

The SVMs in this study are implemented by the
libSVM software package [9].

Validation

The initial data set is randomly split into a training set
and a test set. The test set contains about one-third of
the FAME profiles of each bacterial species and is used
to test the classifiers on their ability to correctly identify
the FAME profiles. This process is repeated ten times.
In the ANN and SVM implementation, stratified cross-
validation is performed to prevent overfitting and
to ensure generalization during the training process.
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Cross-validation is not performed with RF as this
technique is robust against overfitting.

Statistical analysis

Statistical analysis is performed on the identification
output scores of the respective machine learning
technique. An output score corresponds to the prob-
ability of belonging to a certain class, which, in this
study, represents either a species or a genus.

The choice of metrics for statistical analysis of the
identification results is very important as these metrics
should be insensitive to changes in the number of
FAME profiles per species or per genus, and in the
number of species per genus. In this study, three
statistical metrics are used: receiver operating character-
istic (ROC) curves, the mean sensitivity (Se) and the
mean precision (Pr).

Receiver operating characteristic curves are highly
appropriate due to their insensitivity to changes in class
distribution [15,52]. ROC curves are built from a
confusion matrix that results from a two-class classifica-
tion. As we try to distinguish each species from all other
species, the associated matrices are generated following
the one-versus-others method. This implies that for each
class or species, the corresponding profiles are labelled
positive and the profiles of the other classes negative
[44]. Next, for each one-versus-others classification and
a certain threshold value, a confusion matrix is built by
considering the output values of all test profiles. As
such, a true positive (TP) corresponds to a positive
profile with a value above the threshold. Accordingly, a
value under the threshold leads to a false negative (FIN).
Dividing the total number of TP by the sum of the total
number of TP and FN results in the true positive rate
(TPR). A negative profile with an output value above
the threshold is a false positive (FP). In the other case,
the profiles are true negatives (TN). Analogous to the
TPR, the corresponding false positive rate is calculated
(FPR). Plotting the TPR of the classifier on the Y-axis
and the FPR on the X-axis of a two-dimensional graph
results in a point showing how well the model classified
the data for a certain choice of threshold value. Instead
of visualizing the performance of a classifier by a single
point, a ROC curve is created by varying the threshold
between the minimum and the maximum output values.
In this study, this corresponds to the values 0 and —1,
and 1. The variation step is set by ranking all FAME
profiles in the test set based on their output values.
Hereby, the output value of each FAME profile
corresponds to a threshold value and, thus, to an
additional point in the ROC graph. The diagonal line
y = x represents the strategy of randomly guessing
classes. To compare different classifiers, in practice it is
common practice to use the area under the ROC curve
(AUC). Statistically, the AUC represents the probability
that a classifier will assign a randomly chosen positive

instance a higher score than a randomly chosen negative
instance [15]. Classification of n classes in a one-versus-
others setting implies the calculation of # AUC values.
As an overall performance measure, we calculate the
mean of the different AUC values, analogously to Hand
and Till [19], who calculated an overall AUC value as
the mean AUC for each pair of classes.

Similar to the calculation of the overall AUC, the
overall Se and Pr are calculated. By calculating for each
species the Se and Pr and averaging it over all species, a
performance metric is obtained showing the Se and Pr
variation over all species. Instead of using a threshold
value to calculate the number of TP, the winner-take-all
rule assigns the species or genus label with the highest
output value to each FAME profile. Similarly as
described above, the TP, FP, FN and TN values are
calculated. Se corresponds to the percentage of positive
data points that are predicted correctly, while Pr
corresponds to the percentage of positive results that
are true positives.

As each technique is performed ten-fold, this finally
leads to a mean overall AUC and a mean overall Se and
Pr. These metrics will be further denoted as AUC, Se
and Pr.

Results
Stratified identification strategy

In the stratified identification setting, genus identifica-
tion is performed preliminary to species identification. A
detailed report of the accuracy values is given in Table 1.

Fig. 2 shows the accuracy of the Bacillus, Paeniba-
cillus and Pseudomonas species and genus classification.
As could be expected, the three machine learning
techniques have resulted in a very high FAME-based
genus classification performance.

Figs. 3 and 4 show the identification performance of
each machine learning technique. At genus level, among
all experiments, the highest Se value of 0.994 +0.005 and
Pr value of 0.99340.008 is attained with the SVM RBF
model. The multi-class confusion matrix of this experi-
ment is shown in Table 2. At species level and for each
genus considered, the identification accuracies are
different for the three machine learning techniques.
Among all Bacillus species identification experiments,
RF has resulted in the highest Se value of 0.885+0.216
and Pr value of 0.9264+0.143. However, these values are
not resulting from the same experiment. For Paeniba-
cillus species identification, among all experiments, the
highest Se value and Pr value are achieved by RF:
0.97440.092 and 0.981+40.081, respectively. Among all
Pseudomonas species identification experiments, RF has
led to the highest Se value of 0.689 +0.350 and Pr value
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Table 1. Overview of the results for genus and species identification.

Metric  Identification ANN, s/s ANN, b/s ANN, b/b ANN, s/b RF SVM, SVM, lin
strategy RBF
AUC Stratified 1D
Genus 0.992 0.992 0.991 0.993 0.998 0.997 0.996
(0.004) (0.006) (0.006) (0.003) (0.001) (0.002) (0.002)
Bacillus 0.966 0.972 0.966 0.964 0.988 0.981 0.977
(0.011) (0.008) (0.008) (0.011) (0.007) (0.005) (0.008)
Paenibacillus 0.970 0.971 0.971 0.965 0.990 0.976 0.983
(0.008) (0.014) (0.007) (0.013) (0.015) (0.013) (0.005)
Pseudomonas 0.944 0.951 0.950 0.937 0.987 0.979 0.979
(0.008) (0.005) (0.006) (0.014) (0.003) (0.003) (0.003)
Straight ID 0.971 0.973 0.974 0.964 0.991 0.988 0.988
(0.003) (0.004) (0.004) (0.005) (0.002) (0.002) (0.002)
Se Stratified 1D
Genus 0.979 0.978 0.979 0.978 0.977 0.985 0.979
(0.006) (0.007) (0.009) (0.005) (0.006) (0.005) (0.006)
Bacillus 0.753 0.740 0.731 0.748 0.847 0.544 0.457
(0.028) (0.024) (0.024) (0.036) (0.021) (0.053) (0.036)
Paenibacillus 0.753 0.734 0.724 0.749 0.901 0.610 0.551
(0.047) (0.037) (0.045) (0.046) (0.040) (0.068) (0.044)
Pseudomonas 0.551 0.537 0.501 0.523 0.673 0.281 0.272
(0.039) (0.037) (0.035) (0.047) (0.014) (0.028) (0.026)
Straight ID 0.669 0.669 0.633 0.634 0.732 0.239 0.232
(0.021) (0.016) (0.032) (0.021) (0.015) (0.011) (0.01)
Pr Stratified ID
Genus 0.9835 0.981 0.984 0.984 0.982 0.989 0.983
(0.004) (0.007) (0.004) (0.003) (0.004) (0.003) (0.006)
Bacillus 0.812 0.798 0.803 0.748 0.908 0.829 0.751
(0.03) (0.026) (0.031) (0.036) (0.013) (0.043) (0.055)
Paenibacillus 0.815 0.796 0.775 0.803 0.947 0.775 0.800
(0.049) (0.036) (0.043) (0.062) (0.018) (0.264) (0.247)
Pseudomonas 0.671 0.669 0.645 0.643 0.851 0.708 0.688
(0.023) (0.041) (0.031) (0.038) 0.023) (0.035) (0.021)
Straight ID 0.745 0.757 0.728 0.718 0.882 0.661 0.634
(0.026) (0.022) (0.031) (0.021) (0.009) (0.019) (0.031)

Classification performance is indicated by the area under the ROC curve (AUC). Identification performance is indicated by sensitivity (Se) and
precision (Pr). Results are reported for two identification strategies: stratified and straight identification (ID). The stratified identification strategy
performs identification at genus level and at species level for the three genera: Bacillus, Paenibacillus and Pseudomonas. Three machine learning
techniques are used: artificial neural networks (ANN) with a sigmoid (s) and/or bipolar sigmoid (b) activation function on the hidden and output
neurons (f1/f>), random forests (RF) and support vector machines (SVM) with RBF and linear (lin) kernel. Performance values and standard
deviations are reported. Highest performance values are indicated in bold face.

of 0.887+0.201. These values are not resulting from the
same experiment. Overall, the three machine learning
techniques have resulted in a very high FAME-based
genus identification performance. In the case of species
identification, RF and ANN have outperformed SVM
with a clear and distinct advantage for RF. From these
statistics, it can be concluded that it is possible to
achieve a moderate to good accuracy for FAME-based
Bacillus, Paenibacillus and Pseudomonas species identi-
fication by machine learning.

Straight species identification strategy

Table 1 and Figs. 2—4 also show classification and
identification accuracies of ANN, RF and SVM for the
data set covering the species of all three genera. This
strategy concerns a straight species identification in
which genus identification is not considered. Generally,
a good FAME-based species classification performance
has been achieved by the three techniques. Among all
species identification experiments, the highest Se value
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Fig. 2. Overview of the area under the ROC curve (AUC) values resulting from species classification of the genera Bacillus,
Paenibacillus and Pseudomonas, genus classification and overall species classification. The different machine learning techniques
used for classification are artificial neural networks (ANN) with a sigmoid (s) and/or bipolar sigmoid (b) activation function on the
hidden and output neurons, random forests (RF) and support vector machines (SVM) with a RBF and linear kernel.
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Fig. 3. Overview of the sensitivity values resulting from species identification of the genera Bacillus, Paenibacillus and Pseudomonas,
genus identification and overall species identification. The different machine learning techniques used for identification are artificial
neural networks (ANN) with a sigmoid (s) and/or bipolar sigmoid (b) activation function on the hidden and output neurons,
random forests (RF) and support vector machines (SVM) with a RBF and linear kernel.
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Fig. 4. Overview of the precision values resulting from species identification of the genera Bacillus, Paenibacillus and Pseudomonas,
genus identification and overall species identification. The different machine learning techniques used for identification are artificial
neural networks (ANN) with a sigmoid (s) and/or bipolar sigmoid (b) activation function on the hidden and output neurons,
random forests (RF) and support vector machines (SVM) with a RBF and linear kernel.
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and Pr value have been 0.76440.332 and 0.898+-0.186,
respectively. Generally, RF and ANN have outper-
formed SVM. From these statistics, it can be concluded
that FAME-based species identification RF results in a
moderate accuracy.

Comparison with Sherlock

Fig. 5 shows a comparison between the Bacillus,
Paenibacillus and Pseudomonas species identification
accuracies obtained with the RF technique in the
stratified strategy setup and with the TSBAS50 identifica-
tion library of Sherlock MIS. For each genus, species
identification is done by selecting the RF model
resulting in the highest AUC value. Identification is
only based on those species present in both the
BAME@LMG data set and the Sherlock MIS identi-
fication library. Moreover, species identification is only
considered following correct identification at genus
level. For example, a Bacillus profile is not further
taken into account when it is identified as Paenibacillus
in the genus identification model. Identification at
genus level is performed by RF and performance
has been nearly perfect. Three Bacillus profiles have
been rejected due to identification as Paenibacillus and

Table 2. Multi-class confusion matrix resulting from genus
identification by the best SVM experiment.

Bacillus 317 2 1
Paenibacillus 1 125 0
Pseudomonas 0 0 557

The number of correct predictions are presented on the main diagonal,
the other cell values show the number of incorrect predictions. Row
labels correspond to the true genus names, column labels correspond
to the predicted genus names.

100%

one Paenibacillus profile has been rejected due to
identification as Bacillus. For the three genera, a distinct
gap is observed between the RF identification per-
formance and the Sherlock MIS performance. On
average, 78.28%, 94.49% and 75.65% of the Bacillus,
Paenibacillus and Pseudomonas species have been
correctly identified by RF where Sherlock MIS by
the TSBASO0 identification library has only achieved
55.77%, 51.22% and 27.00% species identification
accuracy. Generally, the machine learning approach
has significantly outperformed the commercial identi-
fication system for species identification in the three
bacterial genera.

Discussion
Stratified identification strategy

The results obtained indicate that, when considering
FAME data, the three machine learning techniques RF,
ANN and SVM result in nearly perfect genus identifica-
tion. A first approach towards FAME-based identifica-
tion of bacterial genera by machine learning has been
performed by Bertone et al. [4] and Giacomini et al.
[17,18] who successfully identified a limited number of
marine and environmental bacteria at genus level by
ANN. The researchers have concluded that FAME:s are
good biomarkers for bacterial genus identification and
that it would be worthwhile to build a FAME-based
bacteria identification system at species level. In a
taxonomic context, a first in-depth study on FAME-
based species identification by machine learning techni-
ques has been performed for the genus Bacillus by
Slabbinck et al. [46]. From this study, we concluded that
species identification by FAME data and machine
learning techniques is very promising, taking into
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Fig. 5. Comparison of the identification performance by random forests and Sherlock MIS (MIDI Inc., Newark, DE, USA). For
each genus, the random forests model resulting in the highest identification performance is used.
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account the limited resolution of FAME analysis for
species discrimination. The present study has extended
the scope by evaluating species identification in the
genera Bacillus, Paenibacillus and Pseudomonas by three
machine learning techniques: RF, ANN and SVM.
These genera have been selected because two genera
(Bacillus and Paenibacillus) belong to the same phylum
and are distantly related to the third genus (Pseudomonas)
which belongs to a different phylum. From a genus-wide
identification perspective, all genera are represented in
the BAME@LMG database by a sufficient number
of species to cover at least half of the validly published
species. When considering genus classes only, the
three genera Bacillus, Paenibacillus and Pseudomonas
can easily be distinguished from each other based on
FAME data. Furthermore, analysis of the multi-class
confusion matrices show that misclassifications of the
FAME profiles are mainly due to misclassifications
of Bacillus profiles as Paenibacillus, and conversely
(example given in Table 2). This result was expected as
both genera are evolutionary more related to each other
than to the genus Pseudomonas. Nonetheless, genus
identification is surprisingly good when taking into
account that the genera Bacillus and Paenibacillus were
reported as hard to distinguish from each other based
on numerical FAME analysis [20,24]. Even though, as
different bacterial genera can possibly be hard to
distinguish based on FAME data, the strategy of selecting
the highest output value will fail when extending the
taxonomic scope towards dozens of bacterial genera.
Therefore, the development of an alternative scoring and
weight mechanism will become indispensable for reliable
genus and species identification.

Kampfer [24] concluded that fatty acid analysis has a
potential for species differentiation within the genus
Bacillus. The application of machine learning techniques
for FAME-based Bacillus species identification has
supported this hypothesis. The identification results
indicate that species of the genus Bacillus can be
distinguished and that the application of RF has
resulted in the best identification accuracy. From a
taxonomic perspective, some species are closely related
and are consequently assigned to a species group such as
the Bacillus subtilis and Bacillus cereus groups. Integra-
tion of this prior knowledge into computational
classification models has confirmed that wrong identi-
fications are mostly due to identifications as species of
the same group [46]. Moreover, species that are more
distantly related through evolution might also show
highly similar FAME patterns. Taking into account this
information about species groups and species distinct-
ness, and the presence of 74 Bacillus classes, the
identification accuracy achieved by RF can be consid-
ered as remarkably high.

Similar to the FAME analysis of Kampfer [24],
Heyndrickx et al. [20] concluded that FAME analysis

allows genus identification and identification of Paeni-
bacillus species into several species groups. As about
one-fourth of the species in the genus Paenibacillus has
been validly published since January 2006, no in-depth
study of species discrimination by FAME analysis has
previously been performed. Our identification results
show that species in the genus Paenibacillus can be
distinguished from each other based on their FAME
profiles and machine learning techniques.

Identification results show that Pseudomonas species
are harder to distinguish compared to those of Bacillus
and Paenibacillus. Fatty acid analysis of pseudomonads
has been a matter of discussion for several decades
[22,32-35,39,53]. Two broad studies on this issue were
reported by Stead et al. [47] and Vancanneyt et al. [51]
showing that analysis of whole-cell fatty acid finger-
prints of psecudomonad strains revealed major groups
and subgroups corresponding well to the groupings
based on DNA-DNA and DNA-rRNA hybridization
techniques. The strains of rRNA group I in the study of
Vancanneyt et al. [51] represented 29 different and
validly described Pseudomonas species which could be
grouped into four major FAME subgroups. Subgroup-
ing of various phytopathogenic species was also found.
The authors demonstrated that whole-cell fatty acid
data show some qualitative and quantitative differences
among the various subgroups and concluded that some
species can only be distinguished based on smaller
quantitative differences [47,51]. Nonetheless, machine
learning techniques clearly take advantage of these
quantitative differences as the RF identification results
show that on average 68.90% of the species are assigned
a correct species label. The above-mentioned issues are,
however, not the only reason for a lower identification
percentage. As mentioned in the introduction, taxon-
omy of the genus Pseudomonas has been under revision
for several decades. In particular, the taxonomic
position of various pathovars is still under discussion.
In the present study, we have chosen to follow the
Pseudomonas syringae taxonomy as proposed by Gar-
dan et al. [16]. Both the limitations of whole-cell FAME
analysis and the uncertainties in the taxonomic position
of various Pseudomonas species seem like the two
main reasons of the lower identification percentage.
Nonetheless, RF maximally exploits the FAME analysis
resolution to distinguish Pseudomonas species on a
genus-wide scale.

From all the machine learning techniques evaluated in
this study, the best identification accuracy has been
achieved by RF while SVM has resulted in the worst
accuracy. The application of SVMs has resulted in a
very poor identification performance, which can possi-
bly be due to two main reasons. Besides the choice of an
inappropriate kernel, it is possible that the many species
classes with only few FAME profiles per class play a
crucial role in SVM classification. Even though SVM



B. Slabbinck et al. / Systematic and Applied Microbiology 32 (2009) 163-176 173

analysis has been performed using the one-versus-others
approach, the LibSVM software actually performs a
one-versus-one classification. The main disadvantage of
this method is bad performance when handling two
classes which contain only few data points per class.
This is the case in our setup as the species classes contain
only few FAME profiles. Consequently, FAME-based
SVM identification is biased to a certain degree.
Consequently, future identification will be performed
by the random forests technique. Future work on the
evaluation of the power of FAME analysis to discrimi-
nate between one and more species and its integration
into identification models will ultimately improve
FAME-based species identification and contribute to a
better first-line identification.

Straight species identification strategy

Instead of considering a layered identification system,
it is also possible to build a single model including
all species classes. However, results indicate that the
identification accuracy of this approach is confined by
the genus Pseudomonas which has the largest number
of species and profiles and, thus, has a larger weight in
the calculation of the statistical metrics. Besides
this, additional issues should be taken into account.
The complete data set comprises 213 classes of which
some have few data points per class. This leads to
a much harder classification task compared to only
3 genus classes with many data points per class and,
subsequently, 74, 44 and 95 species classes. Moreover,
considering the rapidly evolving taxonomy, retraining
of the complete model will become necessary in order to
achieve up-to-date identification. More classes also
result in a longer training time. In contrast, in a layered
system only those species identification models which
correspond to updated data sets need to be retrained. As
such, dropping the genus identification model should
not be an option as a layered system clearly results in
better identification performance and better scalability.

Comparison with Sherlock MIS

Up until now, identification of FAME profiles has
traditionally relied upon commercial identification
systems such as Sherlock MIS (MIDI Inc., USA). Even
though Sherlock MIS is considered one of the standard
technologies for routine FAME-based bacterial identi-
fication, the commercially exploited identification sys-
tem has one main disadvantage when aiming at genus-
wide identification. As mentioned in the Materials and
methods section, the TSBASO library contained only
30 of the 142 validly published Bacillus species, 18 of the
86 validly published Paenibacillus species and 31 of the
112 validly published Pseudomonas species. By making

use of the BAME@LMG database and machine
learning techniques, we have been able to partially fill
this gap and to respond to the dynamic character of
taxonomy by rapidly creating new data sets and training
new up-to-date identification models. Given the fact that
Sherlock MIS is a pioneer in FAME analysis, this
system is a good benchmark to compare the power of
both identification systems. However, reliable bench-
marking is only possible by taking into consideration
only those Bacillus, Paenibacillus and Pseudomonas
species that are present in both the BAME@LMG data
set and the TSBASO0 identification library. In the present
study, a FAME profile has been identified at genus level
and, subsequently, at species level by one of the species
identification models following successful genus identi-
fication. Based on the highest output scores, significantly
better identification results are achieved by the machine
learning approach. The RF method correctly identifies
on average 78.28% of the Bacillus species, 94.49% of the
Paenibacillus species and 75.65% of the Pseudomonas
species. This is in contrast to the Sherlock MIS which
correctly identifies only 55.77%, 51.22% and 27% of
the respective species. The main reason for this gap
can be found in the different approach of identification.
Sherlock MIS calculates correlation values between
unknown FAME profiles and the TSBAS50 identification
library entries based on the Mahalanobis distance
where, in contrast to MIDI, machine learning techni-
ques take advantage of learning from the data. Based on
the knowledge inside the different data classes, machine
learning techniques learn to distinguish the different
classes from one another. Next, probability values are
given to an unknown FAME profile of belonging to
each class. It is clear that machine learning really takes
advantage of learning from the data in contrast to the
naive Sherlock MIS approach of comparing each
FAME profile with each library entry.

Besides this, it should be mentioned that Sherlock
MIS includes significantly more genera in its identifica-
tion libraries. This makes the identification potentially
more prone to wrong identification results. Conse-
quently, comparison with Sherlock MIS will become
more reliable when more genera are implemented in our
identification scheme.

Conclusion

With this study, the next step has been taken towards
a computational genus-wide species identification sys-
tem based on whole-cell FAME data. FAME-based
genus and species identification is evaluated using the
machine learning methods SVM, ANN and RF. The
three machine learning techniques have shown a similar
and nearly perfect identification performance at genus
level. At species level, experiments have demonstrated
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that RF is the best technique for species identification
with each of the three genera. Besides this, RF has also
several advantages as opposed to ANN and SVM such
as robustness against overfitting and optimization of a
small number of parameters. Consequently, further
work on various other genera and species will be
performed by the RF technique in a stratified identification
strategy. Considering the limited discriminative power of
FAME analysis for species identifications and ongoing
discussions about Bacillus, Paenibacillus and Pseudomonas
taxonomy, a moderate to high identification performance
has been achieved. Compared to the commercial Sherlock
MIS (MIDI Inc., USA), the identification performance of
Bacillus, Paenibacillus and Pseudomonas species has been
significantly improved.

As bacterial taxonomy is rapidly evolving, flexible
solutions are required to achieve up-to-date first-line
bacterial species identification. In this paper, we have
presented a machine learning approach to tackle
this problem. Up-to-date and accurate identification
are two of the main advantages of this approach as
opposed to the Sherlock MIS. Nonetheless, the current
approach has some drawbacks. According to the List
of Prokaryotic names with Standing in Nomenclature
as published in March 2008, Bacillus, Paenibacillus
and Pseudomonas comprised 145, 86 and 117 validly
published species, respectively [13]. The data set
extracted from the BAME@LMG database con-
tained 961, 378 and 1673 standard FAME profiles
of 74 Bacillus species, 44 Paenibacillus species and
95 Pseudomonas species, respectively. Particularly for
the Bacillus and the Paenibacillus data set, only half
of the validly published species have been included for
training of the machine learning techniques. Based on
the BAME@LMG database alone, we are thus still far
away from a complete genus-wide bacterial species
identification. No single computational FAME analysis
has been performed on this scale yet. Moreover,
knowledge about the heterogeneity of each species is
limited by the restricted number of strains and FAME
profiles present in the BAME@LMG database. These
drawbacks are, however, inherent to research performed
at a single institute which can be seen as ‘data-restricted’
as well as to the rapidly evolving taxonomy. Conse-
quently, this problem may only be solved by future
cooperation between different research institutes per-
forming bacterial FAME analysis under the same
standardized conditions. Even though cooperation is
not straightforward, it should not be a huge obstacle as
the proposed approach would benefit all cooperating
parties and would improve bacterial species identifica-
tion in many microbiology-related fields. Moreover, the
ultimate solution for the problem lies in building a public
FAME database. Where gene and genome sequence
databases are hugely expanding in number and content,
databases of phenotypic data are still far behind.

As the advantages of machine learning techniques are
fast training and learning, and the ability to handle large
data sets, future work in FAME-based bacterial species
identification by machine learning techniques will
involve the implementation of more genera and species.
Increasing the number of genera and species will,
however, make training of new identification models a
harder but challenging computational task, and will lead
to more error-prone results. The degree of reduced
identification power will, however, depend on the
number of genera and species described/included in the
new system, but also on the intra- and inter-genus/
species variation of the additional and new taxa. The
one strain—one taxon descriptions do not provide this
natural variation and microbiologists should be dis-
couraged to create such new taxa because of their weak
phenotypic discrimination. Hereby, it is also important
to note that the expansion of the identification system
will be limited as most bacteria do not grow under the
same standardized growth conditions or are even
unculturable. Next to this, future work will also need
to integrate an alternative scoring and weight mechan-
ism to obtain reliable species identification as, in a
stratified identification system, species identification
fully relies on the power of genus identification. A third
important future task corresponds to the high-through-
put sequencing methodologies which know a powerful
growth since the last decades. At present, we are also
investigating the correlation between FAME data and
16S rRNA data at genus and species levels. By the
integration of this biological knowledge in the identifi-
cation models, we are aiming to enforce the presented
bacterial species identification system to resolve its
inability of distinguishing between very closely related
operational taxonomic units.
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