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We present a new strategy for predicting novel antibiotic mechanisms of action based on the analysis of
whole-genome microarray data. We first built up a reference compendium of Bacillus subtilis expression profiles
induced by 14 different antibiotics. This data set was expanded by adding expression profiles from mutants that
showed downregulation of genes coding for proven or emerging antibacterial targets. Here, we investigate
conditional mutants underexpressing ileS, pheST, fabF, and accDA, each of which is essential for growth. Our
proof-of-principle analyses reveal that conditional mutants can be used to mimic chemical inhibition of the
corresponding gene products. Moreover, we show that a statistical data analysis combined with thorough
pathway and regulon analysis can pinpoint the molecular target of uncharacterized antibiotics. We apply this
approach to two novel antibiotics: a recently published phenyl-thiazolylurea derivative and the natural product
moiramide B. Our results support recent findings suggesting that the phenyl-thiazolylurea derivative is a novel
phenylalanyl-tRNA synthetase inhibitor. Finally, we propose a completely novel antibiotic mechanism of action
for moiramide B based on inhibition of the bacterial acetyl coenzyme A carboxylase.

Infectious diseases remain a serious threat to public health.
Rapid resistance development among major pathogens makes
antibiotics more and more ineffective, raising the need to find
novel structural classes of antibiotics (7). A critical bottleneck
in the development of novel classes of antibacterial agents is
the limited understanding of the molecular mechanism of ac-
tion (MOA) of bioactive substances. Genome-wide expression
technologies together with advanced data analysis techniques
are now widely used to elucidate the bacterial defense mech-
anisms against antibiotic stress (11, 20, 38). The mRNA pro-
files triggered in response to antibiotic stress were shown to
represent characteristic signatures of the specific stress type
and reflect the specific transcriptional response of the cell to
the inhibition of certain physiological functions. For instance,
treatments with DNA gyrase inhibitors have been reported to
predominantly induce DNA repair enzymes (19, 56). Agents
blocking mycolic acid biosynthesis have been shown to change
the expression of corresponding biosynthetic enzymes in My-
cobacterium tuberculosis (4, 63). Compounds interfering with
protein biosynthesis induce genes coding for ribosomal pro-
teins or other MOA-specific gene groups (43, 51).

However, as antibiotics are supposed to inhibit bacterial
growth, they also change the expression of a wide range of
genes not directly linked to the target’s function, which in many
cases obscures the primary antibiotic effect. Therefore, in or-
der to deduce characteristic signatures for antibiotics, compar-
ative global expression analyses need to be performed on the
basis of a large collection of diverse mRNA profiles that rep-
resent different cellular stress states. A so-called reference
compendium of expression profiles makes it possible to classify
the MOA of antibiotics and to pinpoint the typically very few
compound- or MOA-specific marker genes. Recently, Hutter

et al. (30) used a reference compendium based on the gram-
positive model bacterium Bacillus subtilis to classify the MOAs
of antibacterial compounds by using support vector machine
algorithms. Complementary to this work, Fischer et al. (16)
proposed an integrated genome expression data analysis strat-
egy to identify and characterize antibiotic-responsive regula-
tory networks.

The present mRNA reference compendium approaches to
antibiotic MOA characterization suffer from the limitation that
only mechanisms that are employed by already existing antibi-
otics can be predicted. The expansion of a reference compen-
dium with expression profiles of bacterial mutants underex-
pressing potential target proteins could therefore be a helpful
means to overcome this hurdle in identifying novel antibacte-
rial MOAs. In this study, we generated a compendium of
genome-wide expression profiles, representing the response of
B. subtilis to treatment with 14 chemically diverse antibiotics.
The data representing chemically induced mRNA profiles
were supplemented by conditional mutant profiles, represent-
ing the effect of underexpressing four distinct essential genes
or operons encoding antibacterial target proteins. Here, we
focus on the target areas of aminoacyl-tRNA synthesis (AATS)
and fatty acid biosynthesis (FAB). In mutant ILES(�) and
mutant FABF(�), genes were downregulated which encode
two classical antibacterial targets: the isoleucyl-tRNA syn-
thetase and the type II �-ketoacyl-acyl carrier protein syn-
thetase. Similarly, in mutants PHEST(�) and ACCDA(�) the
amounts of transcripts were reduced; these transcripts code for
two emerging targets: the phenylalanyl-tRNA synthetase
(PheST) and the carboxyltransferase subunits (AccDA) of the
acetyl coenzyme A (acetyl-CoA) carboxylase (ACC).

First, we show that downregulation of target genes causes
transcriptional responses similar to those generated by respec-
tive antibiotic treatments as demonstrated with the well-inves-
tigated cerulenin (known to target FabF in B. subtilis) and
mupirocin (known to inhibit IleS) (29, 34, 40). Second, we

* Corresponding author. Mailing address: Bayer HealthCare AG,
Pharma Research, 42096 Wuppertal, Germany. Phone: 49 202 365206.
Fax: 49 202 364116. E-mail: nina.brunner@bayerhealthcare.com.

749



demonstrate that a reference compendium including underex-
pression mutant profiles enables automated MOA classifica-
tion, by using mRNA profile classification algorithms. Third,
we show that prediction of the molecular target of novel anti-
bacterials is possible with such a combined chemical and mu-
tant data compendium. By applying our analysis strategy, we
are able to independently support the recently published
PheST inhibition mechanism of a novel phenyl-thiazolylurea
(PTU) derivative (5). Finally, we find that one of our mutant
profiles matches the mRNA profile induced by the natural
product moiramide B (MOIB) (42). Based on our MOA anal-
ysis techniques, the mRNA profiles triggered by this com-
pound suggest that the antibiotic activity of MOIB is most
likely due to inhibition of ACC, representing a completely
novel antibacterial mechanism.

Our MOA analysis strategy consists of three major levels.
First, we automatically classify compounds and underexpres-
sion effects based on a reference compendium of expression
profiles, using an algorithm based on a nonparametric statis-
tical test. Second, we analyze the expression patterns of major
regulons and biosynthetic pathways by investigating the statis-
tical overrepresentation of key pathways. Third, we focus on

the detailed expression activity of individual pathways to iden-
tify the actual molecular target of the compounds under inves-
tigation.

MATERIALS AND METHODS

Construction of conditional B. subtilis mutants. Construction of plasmids for
B. subtilis transformation was performed in Escherichia coli XL1-Blue (Strat-
agene, La Jolla, Calif.). Genetic techniques with B. subtilis including transfor-
mation procedures were applied as described previously (26).

Four genes or operons (ileS, fabF, pheST, and accDA) were each put under the
control of a xylose-inducible promoter, resulting in strains called B. subtilis
ILES(�), FABF(�), PHEST(�), and ACCDA(�), respectively. The first three
strains were generated as follows. The 5� ends of the genes were amplified from
genomic B. subtilis DNA (Table 1) and cloned into the vector pJH101 (15) via the
BamHI restriction site. B. subtilis was transformed with the resulting constructs
and selected on Luria-Bertani (LB) medium with 0.25% (wt/vol) xylose and 3 �g
of chloramphenicol/ml, the marker for pJH101 integration (single recombina-
tion). While the genes of interest were all located downstream of the xylose-
dependent promoter, 5� fragments of the respective genes remained under the
control of the wild-type promoters.

B. subtilis ACCDA(�) was generated by ectopic expression of the operon
accDA under the control of the xylose-inducible promoter PxylA. This was
achieved by amplification of the accDA operon with the primers ACCADR and
ACCADT (Table 1), followed by subcloning into the expression vector
pDG1731xyl (24) via the BamHI site and subsequent integration at the thrC locus

TABLE 1. Oligonucleotides used in this study

Oligonucleotide Sequence

5�-End amplification of the B. subtilis genes fabF, ileS,
and pheS

FABF1....................................................................................5�-ATCGGATCCGCAATCCGCTGGGGCCG-3�
FABF2....................................................................................5�-ATCGGATCCGCACGAAAAACGGGCTTACC-3�
ILES1......................................................................................5�-ATCGGATCCATGGATTTTAAAGACACGCTC-3�
ILES2......................................................................................5�-ATCGGATCCGTCACCGCGGACACCAAG-3�
PHES10 ..................................................................................5�-ATCGGATCCGGTTTGTTTACATAAAAGGAGG-3�
PHES20 ..................................................................................5�-ATCGGATCCGCCGCCGACTGCAACAGG-3�

Amplification of the operon accDA from B. subtilis
ACCADR...............................................................................5�-ATCGGATCCATGTTAAAGGATATATTCACGAAAAAG-3�
ACCADT ...............................................................................5�-ATCGGATCCTTAGTTTACCCCGATATATTGATC-3�

Amplification of the neighboring regions of accDA from
B. subtilis

ACCAD1A.............................................................................5�-ATCGGATCCTTGAAGCCATTGCTTCACTGG-3�
ACCAD1B.............................................................................5�-TGCGGCCGCTAAATCTAGACTCGTGAATATATCCTTTAACAAATG-3�a

ACCAD2A.............................................................................5�-AGTCTAGATTTAGCGGCCGCATATATCGGGGTAAACTAAATAAACG-3�a

ACCAD2B.............................................................................5�-ATCGGATCCGAATGTCATTATCAATTGTACCCG-3�

Pairs used in qRT-PCR for measurement of different B.
subtilis transcripts (accA, fabF, pheS, pheT, ileS,
fabHB, yurP, and 16S rRNA)

ACCA1...................................................................................5�-AAAAGCGCTTCGTCTGATGA-3�
ACCA2...................................................................................5�-CGCTCCGCCTTTTACTTCTT-3�
FABF3....................................................................................5�-TGTCGGCTACGGCTCAACC-3�
FABF4....................................................................................5�-GCGGGCTTCATCAGGCACATAA-3�
PHES30 ..................................................................................5�-GCGCGATATGCAGGACAGC-3�
PHES40 ..................................................................................5�-CCGGCACCGAGGATTTCAA-3�
PHET1....................................................................................5�-GGGCAGAACAGCGAACATTTTATT-3�
PHET2....................................................................................5�-GCGCCTTTGTCACTTCTTCTTCAG-3�
ILES3......................................................................................5�-ATCGGATCCATGGATTTTAAAGACACGCTC-3�
ILES4......................................................................................5�-GCCTCGTTTTGCCATTTCAC-3�
FABHB1 ................................................................................5�-GCCGGGATTTCTTGCGTCTGTA-3�
FABHB2 ................................................................................5�-GCTTCCCGGCTTTCACTGC-3�
YURP1...................................................................................5�-CAGTACGATTGGGGTGATGAGG-3�
YURP2...................................................................................5�-TCTAAACCGAGCAGGATGATAAAC-3�
RRNA16S1 ............................................................................5�-CGTGGGGAGCGAACAGGATTAGAT-3�
RRNA16S2 ............................................................................5�-TTGTCACCGGCAGTCACCTTAGAG-3�

a The complementary tag sequence for PCR product assembling is underlined.
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of the B. subtilis chromosome by marker exchange as described previously (22).
The wild-type locus of accDA was deleted in the resulting strain B. subtilis MH41
as follows. The neighboring regions of accDA were amplified by PCR with the
oligonucleotides ACCAD1A and ACCAD1B for amplification of the upstream
region as well as ACCAD2A and ACCAD2B for amplification of the down-
stream region (Table 1). The primers were designed such that the ends of the
PCR products facing the 5� and 3� regions of the genes carried a complementary
tag sequence (Table 1). This tag sequence was used to assemble the products in
a second PCR with the outward primers. The outward primers contained termi-
nal BamHI restriction sites allowing cloning of the fusion PCR product into the
BamHI site of pJH101. The sequence cloned into pJH101 internally contained
the tag sequence with XbaI and NotI sites for cloning of a neomycin resistance
cassette derived from pBEST501 (33). The resulting pJH101 derivative was
transformed into B. subtilis MH41, and selection for deletion by double recom-
bination was performed as described previously (24).

Growth experiments and RNA isolation. Cultures of B. subtilis 168 were grown
in Belitzky minimal medium (58) to an optical density at 600 nm (OD600) of 0.4
at 37°C. After removal of an aliquot (time zero, untreated sample), the remain-
ing culture was subjected to compound stress by addition of antibiotics (Table 2)
and incubated for a further 10 and 40 min to obtain aliquots of treated cells (time
points 1 and 2, respectively). Empirically, we found that the applied compound
concentrations should be as high as possible but should not cause more than 25%
growth reduction compared to the control at time point 2. Cell harvesting and
RNA isolation were performed as described recently (16).

The conditional B. subtilis mutants were grown overnight at 37°C in Belitzky
minimal medium with 0.25% xylose and 3 �g of chloramphenicol/ml [or without
antibiotic in the case of strain ACCDA(�)] after inoculation with colonies from
LB agar plates with the same supplements. In order to deplete xylose and
consequently to reduce the expression level of the target genes (underexpres-
sion), the cells were centrifuged, washed twice in phosphate-buffered saline (20
mM potassium phosphate, 150 mM NaCl), and inoculated in 200 ml of pre-
warmed Belitzky minimal medium with 3 �g of chloramphenicol/ml [or without
antibiotic in the case of ACCDA(�); start OD600 � 0.05]. After having reached
the OD600 of approximately 0.2 at 37°C, the cells were transferred into fresh
medium with an OD600 of 0.05 for further incubation. When necessary, the
procedure was repeated once more, so that the mutant growth rate was reduced
by more than 80% in comparison to the B. subtilis 168 wild type, which was
treated in the same way. The mutants as well as wild-type cells were harvested for
RNA isolation at an OD600 of approximately 0.2 as described above. The 80%
growth reduction criterion was chosen after preexperiments with faster-growing
mutants, for which the transcriptome data revealed too few deregulated genes
(data not shown).

cDNA labeling and microarray experiments. Generation of fluorescence-la-
beled cDNA, hybridization with B. subtilis whole-genome arrays (Eurogentec),
and image analysis with the Axon GenePix 400A confocal laser scanner (Axon
Instruments) were performed as described previously (16).

Expression data analysis. The quality of the expression profiling experiments
was checked as outlined previously (16) by using the Expressionist 4.1 software
(Genedata, Basel, Switzerland). The quality-checked signals of all features were

used for a global microarray normalization, with the scaling factor being calcu-
lated with the requirement that the sum of all logarithmized values in the Cy3
channel equals the sum of all logarithmized values in the Cy5 channel. For each
condition, duplicates or triplicates of microarray experiments were performed,
whereas for each gene the average fold factor was calculated on the basis of
logarithms of the signal ratios.

For an estimate of the inherent biological variability of our B. subtilis cultures,
we treated three independently grown B. subtilis cultures with cerulenin (16). We
then calculated for this representative experiment set the standard deviation of
the fold factor as 0.164. This means that a fold factor of 1.4 (or 1/1.4) already
represents 3 standard deviations of the Gaussian distribution function (equiva-
lent to a P value of �99.73%).

Automated MOA classification. The averaged expression fold factors for the
40-min compound exposure experiments together with the mutant data were
used for MOA classification. The a priori assignments of the reference com-
pounds and underexpression effects to categorical MOA classes were performed
according to the literature and present biological knowledge (see Results). A
consistency check of the precategorized compound-mRNA profiles was per-
formed (cross-validation) by removing individual compound profiles or pairs of
compound- and mutant-based profiles (see Results) one after another from the
reference set and reclassifying the profile(s) based on the remaining (N-1 or N-2)
reference profiles.

Cross-validation as well as classification of novel profiles was performed using
the Wilcoxon classifier implemented in Expressionist (Genedata). In brief, this
statistical method needs a “query expression profile” as input (e.g., representing
an expression profile triggered by a novel compound). In a first step, correlation
coefficients of this profile are calculated with regard to all reference experiments
in the reference compendium database. Ranking the reference experiments by
their corresponding correlation coefficients leads to a sorted list reflecting their
global similarity to the query gene expression profile. In an ideal case, one would
expect that all the top experiments belong to one MOA class, with the other
MOA classes being distributed in the lower parts of the rank list. In order to
define a quantitative measure for the rank separation of the gene expression
correlations and their associated a priori MOA classes, a Wilcoxon test was
employed. Here, the Wilcoxon test was used to check for the separation of two
classes, which are the correlation coefficients belonging to a given MOA class
compared to the correlations of all other MOA classes. A one-sided Wilcoxon
test probes how well these two groups separate in terms of their ranking distri-
bution. In this way, all MOA categories represented in our reference compen-
dium were investigated. Applying a one-sided Wilcoxon test enables us to cal-
culate P values for all query experiments and all represented MOAs. The so-
called “affinity values” (A) are then calculated as the inverse error function of the
Wilcoxon test’s P value, A � erf�1(pWilcoxon), reflecting the MOA assignment
affinity.

Gene expression correlation analyses and promoter prediction. Correlation
analyses based on gene expression data were performed using Expressionist 4.1
(Genedata). Operon and promoter prediction was performed using Phylosopher
4.0 (Genedata). The algorithms have been described previously (16).

Differential MIC determination. Microdilution MICs were determined against
B. subtilis strains in 96-well microtiter plates in LB medium containing a 0 or
0.25% xylose concentration and serial dilutions (twofold) of antibiotics. The
precultures of the conditional mutants ILES(�), FABF(�), and PHEST(�)
additionally contained 3 �g of chloramphenicol/ml. Various starting inocula
were used in the range of 104 to 106 CFU ml�1 derived from precultures grown
for 3 h in LB medium with 0 or 0.25% (wt/vol) xylose. The MIC was the lowest
concentration of drug that yielded no visible growth after incubation for 18 to
24 h at 37°C. Endpoints were determined by measuring the OD600 with the
microtiter plate reader EL312e (Bio-Tec Instruments).

qRT-PCR. For selected genes, measurements of relative transcript amounts
were performed by quantitative reverse transcription-PCR (qRT-PCR) with the
QuantiTect SYBR Green RT-PCR kit (Qiagen) according to the manufacturer’s
instructions. The same RNA samples were used for cDNA synthesis and subse-
quent quantitative PCR as for microarray experiments. Specific primer pairs
were selected for the genes accA, fabF, pheS, pheT, ileS, fabHB, and yurP (Table
1). In addition, a piece of the 16S rRNA was quantified, in order to normalize the
obtained expression values of selected genes to the amount of 16S rRNA in each
RNA sample (Table 1). The reactions were performed on an ABI Prism 7700
Sequence Detection system (PE Applied Biosystems), during which the fluores-
cence signal from SYBR Green intercalation was monitored to quantify the
double-stranded DNA product formed after each PCR cycle. The difference (n
� fold) in the initial concentration of each transcript (normalized to 16S rRNA)
with respect to the wild type was calculated according to the comparative Ct
method according to the equation 2���Ct (ABI user bulletin).

TABLE 2. Compounds and their concentrations used for
transcriptome analysis

Compound name Abbreviation MIC
(�g/ml)

Applied
concn
(fold
MIC)

Actinonin ACT 16.00 2.00
Azaserine AZA 2.00 0.50
Azithromycin AZI 1.00 2.00
Phenyl-thiazolylurea derivative PTU 8.00 0.03
Cerulenin CER 16.00 2.00
Gentamicin GEN 0.13 2.00
Chloramphenicol CHL 4.00 1.00
Ciprofloxacin CIP 0.25 4.00
Methicillin MET 0.13 2.00
Moiramide B MOIB 4.00 2.00
Mupirocin MUP 0.06 1.00
Nalidixic acid NAL 16.00 1.00
Oxacillin OXA 0.50 1.00
Vancomycin VAN 0.25 2.00
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RESULTS

Global mRNA expression profiling for MOA analyses. The
influence of antibiotics on the transcriptome of logarithmically
growing B. subtilis cells was measured using fluorescent DNA
microarray technology. The bacterial cultures were treated
with each compound for 10 and 40 min (time points 1 and 2,
respectively). The applied compound concentrations are listed
in Table 2. The reference compendium for automated MOA
classification was compiled from the 40-min experiments, while
the 10-min data were additionally used to study the primary
effects of antibiotics on the transcriptome by pathway analyses
(see below). In addition, four B. subtilis mutants were gener-
ated during this study, in which essential genes or operons were
each put under the control of a xylose-inducible promoter. The
mutants were depleted of xylose and consequently reduced in
their growth rate. Clear reduction (�80%) of growth rate was
necessary to see significant effects on the transcriptome level.
The averaged expression values for each compound and mu-
tant can be found online at http://www.genedata.com/publica-
tions/supplements/. The relative expression values of the genes
downregulated in the mutants were determined by qRT-PCR,
since the full-length gene probes on the chip were not suitable
for discriminating between the conditionally expressed tran-
scripts and respective inactive fragments expressed from the
wild-type promoter (Table 3). Two genes, yurP and fabHB,
were also quantified by qRT-PCR, in order to confirm the
microarray data (Table 3).

Automated MOA prediction by applying mRNA profile clas-
sification algorithms: antibiotics versus mutant patterns.
Based on the expression profiles, we built a reference classifi-
cation system, reflecting the MOAs of 13 antibiotics (12). The
topoisomerase II-IV-targeting quinolones nalidixic acid and
ciprofloxacin as well as the purine nucleotide synthesis inhib-
itor and DNA carboxymethylating agent azaserine (36, 37)
were grouped into the DNA synthesis inhibitor class (DNA).
The ribosome-targeting antibiotics gentamicin, azithromycin,
and chloramphenicol as well as the peptide deformylase inhib-
itor actinonin were classified as protein biosynthesis inhibitors
(protein). The glycopeptide vancomycin and the beta-lactams
methicillin and oxacillin represent cell wall biosynthesis inhib-
itors (cell wall). The FabF inhibitor cerulenin and the IleS
inhibitor mupirocin as well as the recently published PheST
inhibitor PTU were combined into one class of fatty acid bio-
synthesis and aminoacyl-tRNA synthetase inhibitors (FAB-
AATS) because of high similarities of their expression profiles
(see the next section). In addition to the chemically induced
profiles, the FAB-AATS class was supplemented with mRNA
profiles of the conditional mutants FABF(�), ILES(�), and

PHEST(�), mutants that were shown to exhibit differential
sensitivity to the respective antibiotics (Table 4).

To make use of these profiles for automated MOA predic-
tion, we used a Wilcoxon classifier, as implemented in the
Expressionist system (Genedata). This classification algorithm
enables the categorization of a given mRNA profile to an
antibiotic MOA class (see Materials and Methods). The ref-
erence compendium data were checked for internal consis-
tency by using the a priori MOA assignments. For this a cross-
validation procedure was applied, in which the averaged profile
of each compound was consecutively removed from the refer-
ence set (the so-called “leave-one-out” strategy) and reclassi-
fied on the basis of the remaining (N-1) reference profiles, as
if the compound’s a priori MOA assignment would have been
unknown. By using the mRNA profiles of 13 chemically in-
duced and three mutant expression profiles, all MOAs were
correctly assigned (Table 5). This result shows that the data set
at hand is consistent with regard to the predefined MOA as-
signments and that the Wilcoxon classifier algorithm is indeed
able to distinguish the various profiles representing the differ-
ent broad MOA classes. Secondly, these findings demonstrate
that the mRNA profiles of the FABF(�), ILES(�), and
PHEST(�) mutant profiles fall into the same MOA categories
as their chemically induced counterparts (Table 5). Thirdly,
the expression profiles of the antibiotic PTU as well as the
profiles of the PHEST(�) mutant were classified into the
FAB-AATS category. As recently published, PTU represents a
novel PheST inhibitor, which was derived from a hit identified
in an enzymatic high-throughput screening of large compound
libraries (5).

To characterize the MOA of the natural product MOIB, a
compound with an unknown MOA, we used again the Wil-
coxon classifier. MOIB was assigned to the FAB-AATS class
on the basis of the reference compendium. A more detailed

TABLE 3. Relative expression levels of genes in conditional mutants

B. subtilis
strain

Avg growth rate
reduction (%)

Xylose-dependent
gene-operon

Relative expression
of xylose-dependent

gene (qRT-PCR)

Selected gene for
confirmation of
microarray data

Relative expression
value (qRT-PCR)

Relative expression
value (microarray)

ILES(�) 91 ileS 0.32 	 0.04 yurP 13.55 	 2.26 6.35 	 1.34
FABF(�) 92 fabF 0.10 	 0.03 fabHB 14.76 	 0.70 12.63 	 2.03
PHEST(�) 90 pheST 0.02 	 0.00 yurP 58.08 	 9.71 45.53 	 3.63
ACCDA(�) 83 accDA 0.14 	 0.05 fabHB 0.19 	 0.04 0.43 	 0.03

TABLE 4. Differential sensitivity of conditional mutants derived
from B. subtilis 168

Strain Inoculum,
(CFU/ml)

MIC (�g/ml) of compounda with (�) or without
(�) xylose

MUP CER PTU MOIB CIP

� � � � � � � � � �

168 1.0 
 105 0.08 0.08 2020 1212 1 1 0.08 0.08
ILES(�) 1.0 
 106 0.04 0.005 0.16 0.08
FABF(�) 1.0 
 105 5 0.04 0.06 0.06
PHEST(�) 1.0 
 105 12 0.2 0.08 0.08
ACCDA(�) 2.5 
 104 1 0.1 0.04 0.04

a MUP, mupirocin; CER, cerulenin; PTU, phenyl-thiazolylurea derivative;
MOIB, moiramide B; CIP, ciprofloxacin.
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analysis of the transcriptionally activated regulons and path-
ways indicated that the ACC might be the target of this com-
pound (see below). This finding suggested the generation of an
appropriate conditional target mutant, ACCDA(�). This mu-
tant indeed exhibited differential sensitivity to MOIB (Table
4), and its profile was also correctly categorized by the Wil-
coxon classifier into the FAB-AATS category (Table 5), con-
sistent with the classification of MOIB.

Antibiotic-induced regulon and pathway activation pattern
analysis. The transcriptome data used for MOA classification
were analyzed with a focus on the deregulation of major regu-
lons and biosynthetic pathways. The genes representing 16
regulatory units and 12 (generalized) pathways or groups of
pathways from B. subtilis were compiled based on the whole-
genome annotation from Phylosopher (Genedata) and on the
functional classifications derived from the COG database at
the National Center for Biotechnology Information (60) (see
http://www.genedata.com/publications/supplements/). Addi-
tionally, we compiled and incorporated information from
selected publications. In this work, the following regulons
were considered: relA-dependent stringent response (13);
fapR-dependent FAB and phospholipid biosynthesis genes
(16, 52); lexA-dependent SOS response (41); the hrcA- and
ctsR-dependent class I and III heat shock regulons (53); and
alternative RNA polymerase sigma factor-dependent regu-
lons sigB (21, 46, 47), sigD (39), sigH (8), sigF (1, 14, 25, 45,
54), sigE (31, 32, 35, 45, 49, 59, 64), sigG (31, 45), sigK (18,
31, 44), sigW (10, 11, 48, 62), and sigX (9, 11, 28, 48). The
not-yet-completely characterized sigM regulon (9, 11, 27, 61)
was extended by additional candidate genes by a combined

gene expression-genome sequence analysis. For this, we fo-
cused on the gene ypuA, a gene of unknown function that
was among the genes most strongly induced by cell wall
biosynthesis inhibitors. We ran correlation analyses against
the whole reference compendium transcriptome data set.
Prediction of operons composed of correlated genes, which
are adjacent on the B. subtilis chromosome, was done using
Phylosopher (Genedata). The 400-bp upstream regions of
the 20 genes and operons, which represented the most
highly correlated transcription units with regard to the ypuA
profile, were searched for sigma factor binding sites similar
to the one predicted upstream of ypuA (5�-TGAAAC-
N17–19-GTCT-3�), allowing for maximally two mismatches.
Indeed, all top-20 genes and operons possess such binding
sites, among these the sigma factor gene sigM itself as well
as six additional genes and operons, for which sigM-depen-
dent expression has been previously published (2) (see
http://www.genedata.com/publications/supplements/).

In order to get a comprehensive overview of the induced and
repressed regulons and pathways, we defined cutoff values for
considering genes induced (expression values of �1.8) or re-
pressed (expression values of �1/1.8). When at least 20% of
genes belonging to a regulon or pathway were induced or
repressed according to the definition mentioned above, the
respective regulon or pathway was defined to be “deregu-
lated.” Figure 1A gives a comprehensive overview of the B.
subtilis global response to a wide spectrum of antibiotics with
different MOAs and a comparison of these effects to the cor-
responding mutant profiles. The detailed view of the pathway
activation patterns revealed that FAB and AATS inhibition

TABLE 5. MOA classification of antibiotics and underexpression effects in conditional mutants based on whole-genome expression profilesa

Compound or
mutantb

Predefined MOA
class

MOA classifier affinity value
MOA assignment

DNA Protein Cell wall AATS-FAB

AZA DNA 1.561 �1.569 0.1021 0.25 DNA
NAL DNA 1.441 �1.292 �0.6124 0.6667 DNA
CIP DNA 1.321 �0.3693 0.1021 �0.6667 DNA
ACT Protein 0.5103 1.837 0.4082 �2.25 Protein
GEN Protein 0.1021 1.837 0.8165 �2.25 Protein
CHL Protein �0.3062 1.837 �0.1021 �1.167 Protein
AZI Protein 0.5103 1.837 0.2041 �2.083 Protein
OXA Cell wall 0.2041 �1.477 1.561 0.08333 Cell wall
MET Cell wall �0.9186 �1.108 1.561 0.6667 Cell wall
VAN Cell wall �1.021 �1.477 1.321 1.25 Cell wall
CER AATS-FAB 0.2752 �1.9 0.8257 0.9 AATS-FAB
FABF(�) AATS-FAB �0.6055 �1.7 0.2752 2 AATS-FAB
MUP AATS-FAB �0.3853 �2 0.3853 2 AATS-FAB
ILES(�) AATS-FAB �0.3853 �2 0.4954 1.9 AATS-FAB
PTU AATS-FAB �0.1651 �2 0.3853 1.8 AATS-FAB
PHEST(�) AATS-FAB 0.05505 �1.9 0.05505 1.8 AATS-FAB
MOIB ? �0.80861 �1.97 0.42809 2.07 AATS-FAB
ACCDA(�) ? �0.61835 �1.2 0.1427 1.46 AATS-FAB

a Thirteen compounds and three mutants were preassigned to MOA classes based on a priori biological knowledge. Five global MOA classes were differentiated:
DNA, DNA synthesis; Protein, protein synthesis; Cell wall, cell wall biosynthesis; and FAB-AATS, aminoacyl-tRNA synthesis–fatty acid biosynthesis. This compound
MOA preassignment was cross-validated by taking out the profiles for each compound or compound-mutant pair (leave-one-out strategy) and subsequently reclassifying
their profile(s) based on the remaining N-1 (N-2) compound profiles (see Materials and Methods). The affinity values represent the output of the Wilcoxon MOA
classifier (Expressionist; Genedata). The compounds and mutants were automatically assigned to the MOA class for which the highest affinity value was calculated
(boldface). The predicted MOA assignments are summarized. The results show an overall consistent picture, meaning that the reference compendium data are
consistent with regard to the microarray data quality and the a priori MOA classification. For instance, the recently characterized PheST inhibitor PTU was indeed
correctly assigned to the FAB-AATS class. Of particular importance is that the conditional mutants are correctly classified in their respective target classes. The results
also indicate that the so-far-uncharacterized compound MOIB is acting via a previously unknown MOA. It is classified into the same FAB-AATS category as the mutant
ACCDA(�) on the basis of the cross-validated reference compendium (last two rows).

b See Table 2 for definitions of drug abbreviations.
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indeed exhibited striking similarities in their expression pro-
files. The majority of genes induced or repressed by mupirocin
and PTU belong to the relA-dependent stringent response net-
work. This result is consistent with recent findings for the
response of B. subtilis to norvaline, another AATS inhibitor
(13). The most strongly induced gene cluster in our IleS-PheST
inhibition and downregulation experiments was the yur cluster,
including the putative operon yurPONML (Table 3). These
genes are predicted to encode a sugar ABC transport system
and sugar-metabolizing enzymes. Among the repressed genes,
not only the stringently controlled genes could be found (es-
pecially the ones encoding the translation machinery), but also
many genes involved in amino acid and nucleotide biosynthe-
sis. Such a broad inhibition profile across different major bio-
synthetic pathways together with the stringent response could
not be observed with antibiotics employing MOAs other than
FAB and AATS. This explains the Wilcoxon classifier-based
categorization of the FAB and AATS inhibitors into the same
MOA category.

Remarkably, the transcriptional response to FAB inhibitors
also exhibits similarities to the response caused by cell wall
inhibitors, which is most strikingly visible when focusing on
extracytoplasmic function (ECF) sigma factor regulons. ECF
sigma factors regulate stress responses, typically triggered by
changes in the cell envelope. For instance, vancomycin-caused
stress to the cell envelope is known to induce the sigW- and
sigM-dependent regulons and also sigX-dependent genes (11).
In our experiments, such regulons were induced not only by
vancomycin but also by beta-lactams such as oxacillin. And
interestingly even the tested FAB inhibitors induced many
genes regulated by those ECF sigma factors.

AATS target area analysis: target identification for com-
pound PTU. While initially focusing on the global cellular
responses, we then tried to utilize the large-scale expression
data to identify the actual molecular target of a given antibi-
otic. For this purpose we also considered the 10-min data in
addition to the 40-min compound treatment experiments, so
that time-dependent changes in gene expression could be ob-
served (Fig. 1B). Here, we wanted to exemplify this approach
for the recently characterized MOA of PTU as a proof-of-
concept case study.

Strikingly, the isoleucyl-tRNA synthetase inhibition by
mupirocin led to induction of the target gene ileS (approxi-
mately four- to sixfold) but not of any other tRNA synthetase
gene. On the other hand, PTU induced only pheS and pheT
among all 26 tRNA synthetase genes (approximately twofold).

No other antibiotic effect, including FAB inhibition, led to
induction of any tRNA synthetase genes (exceptions: the
threonyl-tRNA synthetase genes thrZ and thrS). In addition,
the isoleucine-leucine biosynthesis genes were induced by
mupirocin already after 10 min but not after 40 min (Fig. 1B).
Consistent with these results, the ileS underexpression mutant
showed slight induction of this amino acid biosynthesis path-
way. Significantly fewer genes of this pathway were induced by
PheST and FAB inhibition; the other tested antibiotics, inde-
pendently of their underlying MOA, did not induce those
genes at all. Correspondingly, the phenylalanine biosynthesis
operon pheAB was slightly induced by PTU after 10 min (�1.6-
to 1.9-fold) but not after 40 min of treatment. In summary,
these results suggested that PheST is the molecular target of
PTU. Indeed, PTU is a substance that has been identified in
enzymatic high-throughput screening. By using complementary
experimental approaches, only recently could it be indepen-
dently shown that PTU kills bacteria by inhibition of PheST
(5).

FAB target area analysis: target identification for MOIB.
Next, we sought to identify the molecular target of the so-far-
uncharacterized natural product MOIB. For this, we applied
an approach similar to that used for PTU but also included a
detailed pathway analysis. First, we mapped the mRNA ex-
pression fold factors onto the FAB-phospholipid biosynthesis
pathway. This analysis revealed the sections of the pathway
that were transcriptionally deregulated (Fig. 2). The fabF
downregulation by a factor of 10 in mutant FABF(�) led to
strong induction of fabHB (�10-fold; Table 3 and Fig. 2) and
induction of fabHA, plsC, fabD, fabG, and fabI (�1.8-fold). All
these genes are known to be transcriptionally controlled by the
recently identified regulator FapR (16, 52). Exposure of B.
subtilis to the FabF-targeting cerulenin also led to induction of
these genes (Fig. 2). By contrast, the FapR-regulated genes are
not induced by AATS inhibitors and other tested antibiotics
(Fig. 1). They are partially repressed by non-FAB inhibitors
such as, e.g., PTU, gentamicin, and chloramphenicol. Remark-
ably, MOIB represses all measurable FapR-regulated genes
already after 10 min (Fig. 2). It is known that reduction of the
cellular malonyl-CoA concentration leads to repression of
FapR-regulated genes (52). The findings that the global tran-
scriptional response of MOIB resembled more strongly a pro-
file characteristic of FAB inhibitors than one of AATS inhib-
itors (Fig. 1A) and that the FapR-regulated genes were all
repressed instead of being induced suggested that the B. sub-
tilis malonyl-CoA pool might be reduced by this antibiotic. As

FIG. 1. Antibiotic-induced regulon and pathway activation pattern analysis of B. subtilis. The percentages of transcriptionally induced or
repressed genes per biosynthetic pathway or regulon are represented in color codes (see color legend at the bottom of the figure). A deregulation
of at least 20% of the genes of a pathway-regulon is required for a compound or underexpression effect to be indicated in the figure. Compound
and mutant abbreviations can be found in Tables 2 and 3. The pathway and regulon assignments of the genes can be found online at
http://www.genedata.com/publications/supplements/. For clarity, the most striking pathway activation patterns have been framed (black). (A) The
compound-triggered mRNA profiles all represent long-time exposure experiments (t, 40-min treatments). The compounds and mutants are sorted
according to their MOA categories as known from the literature and as concluded from our transcriptome studies (abbreviations for MOA classes
are in Table 5). (B) Time-dependent antibiotic-induced regulon and pathway activation pattern analysis of B. subtilis. The numbers after the
compound abbreviations symbolize compound treatment times (1 � 10 min; 2 � 40 min). The compounds and mutants are sorted according to
their target area assignment (see text). # indicates that, while a significant proportion of the aromatic biosynthesis genes are repressed under
condition PTU1 (10-min treatment with the PheST inhibitor), the phenylalanine biosynthesis operon pheAB is slightly induced, which is not the
case in any other measured stress condition.
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FIG. 2. Transcriptional activation pattern of the B. subtilis fatty acid and phospholipid biosynthesis pathway for antibiotic treatment and the
modified gene expression due to target underexpression. (A) Mutant with downregulated fabF; (B) treatment of B. subtilis 168 with cerulenin for
10 min; (C) mutant with downregulated accDA; (D) treatment of B. subtilis 168 with MOIB for 10 min (Phylosopher; Genedata). FabF repression
and cerulenin treatment mainly induce genes encoding enzymes downstream of the metabolite malonyl-CoA. In contrast to this finding, treatment
with MOIB and accDA repression mainly repress those genes. This pathway analysis indicated that cerulenin targets FabF, while MOIB possibly
inhibits the ACC. Upregulated genes are colored in red, while downregulated genes are represented by green boxes; see color scale at left.
Nonresponsive genes are colored in gray (metabolite names: R, acetyl, isovaleryl, 2-methylbuturyl, or isobutyryl).
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the key enzyme responsible for malonyl-CoA synthesis is the
ACC, we hypothesized that ACC inhibition might be the rea-
son for the observed characteristic mRNA profiles.

To test this hypothesis, we generated a xylose-dependent
ACCDA(�) mutant, which indeed showed differential sensi-
tivity towards MOIB (Table 4). When measuring the transcrip-
tional response to �10-fold downregulation of these two car-
boxyltransferase subunits of ACC, all FapR-dependent genes
were strongly repressed (Fig. 2), as in the case of the MOIB
treatment experiments. This reasoning suggested that MOIB
represents an antibacterial agent acting via inhibition of ACC.
In the meantime, the ACC has been independently confirmed
to be the target of MOIB, by using complementary experimen-
tal techniques (17).

DISCUSSION

Global genomics technologies such as proteome and tran-
scriptome analyses represent novel tools to characterize the
MOA of antibacterial agents. Here, we used B. subtilis, a gram-
positive bacterium which is a favored model organism in this
respect because of advanced physiological knowledge and its
phylogenetic relationship to major pathogens such as staphy-
lococci, enterococci, and streptococci. Recently, a proteomic
study with antibiotics has been published, followed by a tran-
scriptome study (3, 30). While the proteome study focused on
a limited number of gene products to discriminate antibiotic
MOAs, the transcriptome study took into account the expres-
sion activity of virtually all �4,100 B. subtilis genes. Thus, the
large data volumes generated by microarray technologies re-
quire systematic data analysis techniques to characterize the
MOA of antibiotics. Previously, it was shown that simple ex-
pression clustering or standard correlation analyses performed
only poorly for compound MOA analyses (6, 23, 30, 50, 57).
More appropriate algorithms that have been suggested for
MOA classification purposes are support vector machines, k-
nearest neighbor analysis, sparse linear discriminant analysis,
and Fisher linear discriminant analysis (65). The results pre-
sented here are based on the Wilcoxon classifier, as imple-
mented in the Expressionist system (Genedata). A cross-vali-
dation analysis showed that this classifier worked very well with
the data produced in this study. A comparison with predictions
based on other classification methods gave an overall consis-
tent picture (data to be published elsewhere).

The application of classification tools is the first step in the
interpretation of complex transcriptome data in drug discov-
ery. As each expression value is coupled to individual genes
embedded in known functional and regulatory networks, the
data can be alternatively interpreted from the physiological
point of view. Therefore, we also investigated the transcrip-
tional activity of the major regulatory units and biosynthetic
pathways of B. subtilis. This helped to biologically interpret the
computer-based MOA classification results. For instance, the
stringent response regulon represents a global regulatory unit
whose deregulation was indicative of AATS as well as FAB
inhibition, leading to the classification of FAB and AATS
inhibitors into one category (55).

In this study, we investigated the value of conditional mu-
tants for the detection of completely novel MOAs. Applying
classification algorithms together with regulon and pathway

analyses, we were able to show that the directed downregula-
tion of genes indeed led to transcriptional responses being
equivalent to chemical inhibition of the corresponding gene
products. We demonstrated this by measuring the mRNA pro-
files of mutants whose target genes were downregulated by
xylose depletion. For instance, the FABF(�) mutant showed
an induction of the genes regulated by the fatty acid-phospho-
lipid biosynthesis regulator FapR, while accDA downregula-
tion led to repression of those genes. The ileS underexpression
led to an induction of isoleucine biosynthesis genes, which is
consistent with the view that the cells sense starvation of amino
acid biosynthesis in the case of inhibition of the respective
AATS. Only the PHEST(�) mutant did not reveal deregula-
tion of genes directly linked to the repressed target operon.
One reason for this observation might be the very strong re-
pression of the pheST operon (�50-fold), which already led to
a strong global stress response including activation of sporula-
tion genes (Fig. 1B). In addition, all four mutants showed
secondary responses equivalent to the effects of the respective
antibiotics, including the stringent response as well as induc-
tion of sigM-sigX-dependent genes in the case of fabF and
accDA downregulation.

Briefly put, the primary effects affecting the target area and
the broad secondary responses appear to be superposed in the
expression profiles of the underexpression mutants. In con-
trast, the antibiotic treatment experiments revealed that the
primary effects on the target area were often seen already after
10 min but were no longer detectable after 40 min (e.g., for
PTU and MOIB), while the global secondary responses were
more pronounced after 40 min. However, the data analysis
techniques used in this work were still able to detect the un-
derlying MOAs of the compounds, as was demonstrated by
classifying the late-stage stress response profiles. The differ-
ence between the continuous underexpression of essential tar-
get genes and the inhibition of cell growth by antibiotic treat-
ment for a defined time frame might explain the observed
concurrence or chronology of primary and secondary re-
sponses. Nevertheless, we could show that the global charac-
teristics of underexpression mutant profiles are equivalent to
antibiotic treatment profiles, enabling the classification of an-
tibiotics employing novel MOAs, as was shown for PTU and
MOIB.

Comprehensive cross-validation studies showed that auto-
mated MOA classification of the 40-min mRNA profiles con-
sistently resulted in superior classification rates compared to
the cross-validation of the 10-min mRNA profiles (data not
shown). Apparently, the higher number of deregulated genes
after 40 min than at the earlier time points provides a more
reliable basis for MOA classification purposes. In fact, the
global MOA classification approach was an essential prereq-
uisite to identify, for instance, the FAB pathway as the primary
target area of MOIB. Once the broad target area had been
pinpointed, early time point experiments were essential for
studying the primary antibiotic effects and predicting the mo-
lecular targets such as ACC in the case of MOIB.

Transcriptome analyses as well as differential sensitivity tests
with underexpression systems always represent indirect meth-
ods to prove inhibition effects of antibiotics. Therefore, it is
difficult to decide whether other gene products, the expression
of which is strictly coupled to the predicted target (here, e.g.,
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accDA), might be the actual molecular target of the investi-
gated antibiotic (here, e.g., MOIB). In the context of MOIB, it
is worthwhile to mention that underexpression of the accBC
operon leads to repression of the two FapR-dependent oper-
ons fabHAF and fabHB (52). The AccBC subunits complete
the ACC complex, consisting of the carboxyltransferase sub-
units AccDA, the biotin carboxylase AccC, and the biotin-
carboxyl carrier protein AccB. We therefore cannot discrimi-
nate which part of the ACC complex might be targeted by
MOIB. In addition, blockage of the biotin synthesis or bioti-
nylation of ACC might cause effects on the transcriptome
similar to the ones caused by accDA downregulation. Although
this issue has not been addressed in this study, it would be
straightforward to apply our proposed analysis strategy to con-
ditional mutants regulating the upstream biotin pathway. Nev-
ertheless, our reference compendium approach together with
the differential sensitivity test with the ACCDA(�) mutant
gave consistent results, which narrow down the target area of
MOIB to the start of the FAB pathway, with ACC as the most
likely target candidate. To our knowledge, no antibiotic that
targets ACC has been described yet. This means that our
suggested approach with an extended mutant reference com-
pendium can indeed be used to predict novel mechanisms of
antibiotics, as demonstrated by MOIB’s ACC inhibition.

In conclusion, we show that a combined statistical data anal-
ysis of a compendium of diverse global mRNA profiles, to-
gether with a thorough pathway and regulon analysis, can pin-
point the molecular target of antibiotics. We systematically
analyzed the transcriptional activity of 28 major B. subtilis
regulons and groups of biosynthetic pathways. Consideration
of more regulatory units will most likely improve the MOA
prediction accuracy and further our understanding of the re-
sponse of bacteria to antibiotic stress. Obviously, addressing
novel MOAs is very important, as many promising target areas
are not exploited by the currently available antibiotics and can
therefore not be used for a reference compendium approach.
Thus, the inclusion of conditional mutants in antibiotic-based
reference compendia significantly widens existing opportuni-
ties for these technologies. We were able to show that, when-
ever reference antibiotics are not available, conditional mu-
tants can be used to mimic chemical inhibition of the
corresponding gene products. The confirmation of the MOA
of PTU as a PheST inhibitor and the prediction of the ACC as
the target of MOIB validate the usefulness of such mutants for
MOA predictions of uncharacterized bioactive compounds.
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