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Efflux pumps are critically important membrane components that play a crucial role in strain
tolerance in Pseudomonas putida to antibiotics and aromatic hydrocarbons that result in
these toxicants being expelled from the bacteria. Here, the effect of propranolol on P. putida
was examined by sudden addition of 0.2, 0.4 and 0.6 mg mL-1 of this β-blocker to several
strains of P. putida, including the wild type DOT-T1E and the efflux pump knockout mutants
DOT-T1E-PS28 and DOT-T1E-18. Bacterial viability measurements reveal that the efflux
pump TtgABC plays a more important role than the TtgGHI pump in strain tolerance to propranolol. Mid-infrared (MIR) spectroscopy was then used as a rapid, high-throughput
screening tool to investigate any phenotypic changes resulting from exposure to varying
levels of propranolol. Multivariate statistical analysis of these MIR data revealed gradient
trends in resultant ordination scores plots, which were related to the concentration of propranolol. MIR illustrated phenotypic changes associated with the presence of this drug
within the cell that could be assigned to significant changes that occurred within the bacterial protein components. To complement this phenotypic fingerprinting approach metabolic
profiling was performed using gas chromatography mass spectrometry (GC-MS) to identify
metabolites of interest during the growth of bacteria following toxic perturbation with the
same concentration levels of propranolol. Metabolic profiling revealed that ornithine, which
was only produced by P. putida cells in the presence of propranolol, presents itself as a
major metabolic feature that has important functions in propranolol stress tolerance mechanisms within this highly significant and environmentally relevant species of bacteria.

Introduction
Active pharmaceutical compounds (APCs), in their original states or their metabolites, are
ubiquitous in the environment [1], and the levels of APCs in the aquatic ecosystems (e.g., lakes,

PLOS ONE | DOI:10.1371/journal.pone.0156509 June 22, 2016

1 / 23

Metabolomics Analysis of Pseudomonas putida Challenged with Propranolol

Competing Interests: The authors have declared
that no competing interests exist.

rivers, seawater and estuaries) are a growing concern [2]. Pharmaceuticals are not only being
introduced into the environment after consumption, but also via the disposal of unused or
expired pharmaceuticals [3]. The levels of many pharmaceuticals in sewage treatment plants
(STPs) have been detected at low concentrations in the range of ng L-1 to μg L-1 [1, 4–6]. A
study in the United Kingdom revealed that the β-blocker propranolol is widely used, and for
instance, around 12 tonnes of propranolol are consumed each year [4, 6, 7]. In addition, Ashton and co-workers (2004) showed that the presence of the β-blocker propranolol in STP effluents was highly likely at 76 ng L-1 (median level) [4].
Despite the fact that APCs are designed to have specific modes of action in the organism
they were designed for, similar targets might control different metabolic processes in different
species for which the original APC was not designed for [8]. In addition, the modes of action of
the drugs within microbial systems are not fully understood. Thus, we and others believe it is
necessary to increase our knowledge of the biological effects and fate of pharmaceuticals on
microorganisms in the environment to appreciate the risks [9–11].
Indeed, bacterial communities inhabiting the benthic environment of riverbeds can be
exposed to higher levels of APCs than expected, as it is known that these compounds can
become concentrated in these areas [12–14]. Additionally, pharmaceuticals tend to bioaccumulate and induce impacts in aquatic and terrestrial environments due to their intrinsic pharmacokinetic properties [12]. A major adverse side effect of the presence of APCs in the
environment is an increase in antimicrobial resistance that poses huge potential risk for the
future, making the treatment of infections very difficult to cure, and there are several studies
that have eloquently described the link between exposure to effluent and antimicrobial resistance [15–18].
Bacteria can adapt the activity of toxic substances by the employment of several resistant
mechanisms including altering lipid composition, energy production, efflux pumps as well as
other processes [19–22]. Efflux pumps, which transport toxic chemicals (usually waste products from normal metabolism) from the bacterial cell into the extra-cellular environment, are
probably the most highly significant process which plays an important role in bacterial tolerance. One of these mechanisms is controlled by the ATP-binding cassette (ABC) transporters
via the hydrolysis of ATP, whereas the transmembrane electrochemical gradient, particularly
the proton motive force, is used by secondary transporters in order to drive drug efflux [23,
24]. In Pseudomonas putida DOT-T1E cells, three efflux pumps, which are genome-encoded,
have been identified, and are termed TtgABC, TtgDEF, and TtgGHI. The TtgABC and TtgGHI
pumps remove both organic solvents and some antibiotics, whereas the TtgDEF pump has
been shown to be induced only by aromatic hydrocarbons [25–27].
Many studies have found that an enormous number of multidrug resistance (MDR) transport proteins are involved in the export of a wide range of antimicrobial compounds [23, 24,
28]. In Pseudomonas species, various studies linked solvent and antibiotic tolerance to the
action of several efflux pumps [22, 25, 29, 30]. Moreover, solvent-tolerant microorganisms
(e.g. P. putida DOT-T1E) play a crucial role in several biotechnological applications such as
bioremediation, biocatalysis and agriculture [31–34]. Thus, an understanding of bacterial tolerant mechanisms is very important, in order to enhance the resistant systems for non-pathogenic strains and create altered strains with superior tolerance characteristics for industrial
bioprocessing.
The qualitative and quantitative measurements of the metabolome of an organism can
reveal its biochemical status and these data can be used to monitor and determine the function
of genes [35, 36]. Metabolomics enables the identification and quantification of endogenous
biochemical reaction products of cellular regulatory pathways and metabolite levels can be
regarded as the ultimate response of biological system to environmental alterations and/or
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genetic factors. Metabolome analysis provides relevant information about specific cell types
under different conditions that is important for a more holistic understanding of cell functions
and properties [35]. A comprehensive assessment of the alteration in the metabolite levels in P.
putida strains can be acquired using a combination of metabolic profiling and multivariate
data analysis approaches. The interpretation of metabolic data is complicated, thus a wide
range of different analytical strategies have been employed to measure the metabolome [37,
38]. By understanding metabolomics data the effect of stress on lowest molecular levels is
revealed. This enables better understanding of altering metabolic pathways that are directly
affected by change in bacterial genome.
In order to investigate the effects of propranolol on biological system, we have employed
Fourier-transform infrared (FT-IR) spectroscopy to acquire metabolic fingerprints [39–41].
FT-IR spectroscopy involves the observation of bond vibrations from within molecules when a
sample is excited by a beam from the mid-infrared region of the electromagnetic spectrum.
Briefly, the infrared beam is transmitted through or reflected from a sample, with some of the
infrared radiation being absorbed at particular wavelengths within the sample, and the remainder continuing on to a detector, before being Fourier transformed and analysed via a computer.
This results in an infrared absorbance spectrum which can be referred to as a metabolic “fingerprint” as it is characteristic of any chemical or biochemical substance. The fundamentals of
FT-IR have been described in far greater detail elsewhere [40, 42] but its main advantages are
that it is very rapid (taking seconds per sample), high-throughput, with 96 and 384 well sampling plates, reagentless, and non-destructive. FT-IR has been applied to a very wide-range of
biological studies including clinical [41, 43] and microbiological [44] analyses since the very
early 1990s when Dieter Naumann and co-workers demonstrated its potential use for bacterial
characterization [45]. Metabolic profiling approaches are powerful in that in contrast to FT-IR
spectroscopy they can be used to identify, quantify and detect the metabolites within the biological system, and gas chromatography mass spectrometry (GC-MS) is currently a very popular method for analyzing central carbon and nitrogen metabolism [46–48]. Changes identified
in the metabolome can be considered to be hypothesis generating and as such can inform our
biochemical knowledge [49, 50]. With respect to bacterial strain tolerance we believe that the
observed metabolite changes can prove to be indicative of novel adaption mechanisms or may
support postulated adaption mechanisms for which there is little evidence up to date.
The aim of this study was to investigate the changes in metabolite levels within P. putida
DOT-T1E strains in the presence and absence of propranolol and determine if these changes
were associated to efflux pumps or other adaptation mechanisms within these bacteria. To
enable this, FT-IR spectroscopy was utilised as a rapid, high-throughput screening tool in
order to identify phenotypic alterations in bacterial cultures exposed to propranolol, and metabolic profiling using GC-MS was employed to examine the change in metabolites at specific
time points before and after challenge with propranolol.

Material and Methods
Bacterial Strains and Cultivation of Bacteria
Three bacterial strains of P. putida DOT-T1E were used in this study, their relevant characteristics, and references for further information on each strain are listed in Table 1. All strains
were sub-cultured in triplicate to obtain axenic cultures. Individual colonies were then picked
and transferred from plates into 250 mL flasks containing 50 mL of autoclaved Lysogeny broth
(LB) medium and incubated at 24 h at 30°C in an orbital incubator (Infors HT Ltd, UK) shaking at 200 rpm.
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Table 1. Bacteria used in this study.
Bacteria

Relevant characteristicsa
r

r

r

Reference

P. putida DOT-T1E

Ap Rif Tol

P. putida DOT-T1E-PS28

Rifr Smr ttgH::VSm

[27]

P. putida DOT-T1E-18

Rifr Kmr ttgB::´phoA-Km

[25]

a

[84]

Resistance to Apr: ampicillin, Rifr: rifampin, Smr: streptomycin, Kmr: kanamycin and Tolr: toluene

doi:10.1371/journal.pone.0156509.t001

Growth Curve Monitoring
Bacterial growth curves were monitored manually using an orbital incubator and UV instrument at 660 nm (Biomate 5, CarePlanTM, UK). All samples were normalised to an optical density (OD) of 0.02 in 250 mL flasks containing 50 mL LB medium. P. putida DOT-T1E cultures
were incubated at 30°C and 200 rpm. During the 24 h time course of, 100 μL samples were
taken at various time points (0, 2, 4, 6, 8, 10, 12 and 24 h) for OD measurement.

Growth in Response to Propranolol Shock, Sample Collection and
Analysis
Cells were grown in 50 mL of LB medium for 5 h at 30°C and 200 rpm. Once cell cultures
reached the mid-exponential phase, samples were divided into two groups. One group was
kept as a control, and to the second group propranolol was added at three different concentrations (0.2, 0.4 and 0.6 mg mL-1). These cultures were then incubated for an additional 8 h.
Growth curve measurement. At various time points (0, 1, 3, 5, 7, 9, 11 and 13 h) before
and after the addition of propranolol, a 100 μL sample was taken for OD measurement. Growth
was recorded as an increase or decrease in turbidity at 660 nm. This work was undertaken in
biological triplicates.
FT-IR sample collection. After 60 min of the addition of propranolol, an aliquot (2 mL)
sample was transferred to 2 mL tube, and the ODs of the samples were recorded for normalisation. All measurements were performed in triplicate.
Sample preparation for FT-IR spectroscopy. An aliquot (2 mL) sample from each flask
was transferred to 2 mL tube and centrifuged at 11500 ×g for 5 min at 4°C. The supernatant
was removed and discarded, and the remaining pellet was washed twice with 2 mL of physiological saline solution (0.9% NaCl) and centrifuged (11500 ×g, 5 min, 4°C) and the supernatant
discarded. The remaining cell pellets were stored at -80°C until required.
A 96-well silicon FT-IR plate (Bruker Optics, Banner Lane, Coventry, UK) was cleaned with
5% sodium dodecyl sulfate (SDS) and rinsed with deionised water and allowed to dry at room
temperature. Cell pellets were then removed from -80°C and allowed to thaw on ice. Samples
were normalised according to OD at 660 nm and resuspended in physiological saline and
gently vortexed. Aliquots (20 μL) of each sample were randomized and spotted in triplicate
onto a silicon FT-IR plate. The prepared plates were then dried on a desiccator at ambient temperature for 7 h. This step was applied to minimise any signal arising from water absorbance in
the mid-IR region.
FT-IR setup. The prepared silicon sample plate was loaded onto a motorised microplate
module HTS-XT™ under the control of a PC programmed with OPUS software version 4. Spectra were acquired using a Bruker Equinox 55 FT-IR spectrometer (Bruker Optics, Banner Lane,
Coventry, UK) in transmission mode as described previously [51], with a deuterated triglycine
sulfate (DTGS) detector over the wavenumber range 4000–600 cm-1, with a resolution of 4 cm1
, 64 scans were co-added and averaged in order to improve the signal-to-noise ratio. Three
technical replicates were obtained from each sample, and a total of 324 spectra were collected.
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FT-IR data analysis. FT-IR data were converted to ASCII format using OPUS reader software and analysed using Matlab version 2012 (MathWorks, Natick, MA). All FT-IR spectra
were CO2 corrected by replacing the region from 2400 to 2275 cm-1 with a linear trend and
then scaled using extended multiplicative signal correction (EMSC) [52].
Statistical analysis of the preprocessed data was performed using principal component analysis (PCA) [53] and discriminant function analysis (DFA). PCA was used to generate set of
latent variables (PCs) which retain the major variance of the data whilst decreasing the
dimensionality; DFA was then used to create a set of discriminant functions (DFs) based on
PCs which maximize the differences between the known groups (classes) [54, 55]. PC-DFA
was performed using 10 PCs and 3 DFs, and the class structure for the DFA algorithm was
based on the biological replicates of samples of the same conditions.
GC-MS sample collection. 15 mL samples were quenched at three time points 0, 10 and
60 min before and after the addition of propranolol (0 min refers to the point immediately
before the addition of propranolol). This procedure was performed with four biological
replicates.
Metabolic quenching and metabolite extraction. Generally, a rapid inactivation of
metabolism is achieved by alteration in pH or temperature [56]. Thus, in order to halt metabolism culture samples (15 mL) were plunged into a double volume of 60% cold methanol
(-50°C) in a 50 mL tube. The quenched culture mixture was centrifuged (3000 ×g, 10 min,
1°C), and then the supernatant was discarded, while the cell pellets were stored at -80°C until
required for metabolite extraction [57].
The biomass pellets were resuspended in 750 μL of freshly prepared cold methanol (80%).
The solution was then transferred to a 2 mL Eppendorf tube. This was followed by a freezethaw cycle in order to extract the intracellular polar metabolites from the cells. Samples were
centrifuged at (13500 ×g, 3 min, 4°C) and the supernatant was transferred to new tubes and
stored on dry ice [57]. The extraction was performed again on the remaining pellet and both
supernatants were combined and again stored on dry ice. A final aliquot (1400 μL) of metabolite extracts were normalised using 80% methanol according to OD at 660 nm. A quality control (QC) sample [58] was prepared by transferring 100 μL from each of the sample to a new
(15 mL) centrifuge tube. This was followed by the addition of (100 μL) of internal standard
solution (0.2 mg mL-1 glycine-d5, 0.2 mg mL-1 benzoic-d5 acid, 0.2 mg mL-1 lysine-d4, and 0.2
mg mL-1 succinic-d4 acid) to all samples. The samples were lyophilized for 16 h by speed vacuum concentrator (concentrator 5301; Eppendorf, Cambridge, UK), and then the pellet was
stored at -80°C for further analysis.
GC-MS derivatization process. Samples were derivatized prior to GC-MS analysis in two
stages as described previously by Wedge and co-workers [59]. The first step, (50 μL) of Omethoxylamine hydrochloride diluted in pyridine (20 mg mL-1) was added to the samples and
then samples were heated on a heating block at 65°C for 40 min. The second step, (50 μL) of
MSTFA (N-methyl-trimethylsilyltrifluoroacetamide) was added to the samples followed by
heating for 40 min. At the end of second step, 20 μL of retention index was added. After each
addition in all three steps described above samples were vortexed for 10 s and centrifuged at
13500 ×g for 15 min.
GC-MS instrument setup. Samples were randomised and analysed by gas chromatography electron ionisation time-of-flight mass spectrometry (GC-TOF-MS) using an Agilent 6890
GC instrument coupled to a LECO Pegasus III TOF mass spectrometer (Leco, St. Joseph, MI,
USA), as described previously [59–61]. GC column (VF-17MS column, 0.25 mm ID × 30
m × 0.25 μm film thickness, Varian, cat. no. CP8982) was employed at a constant helium carrier gas flow of 1 mL min-1, with a temperature program starts at 70°C and end at 300°C. The
mass spectrometer source is operated at a temperature of 250°C in electron ionization (EI)

PLOS ONE | DOI:10.1371/journal.pone.0156509 June 22, 2016

5 / 23

Metabolomics Analysis of Pseudomonas putida Challenged with Propranolol

mode, with an electron energy of 70 eV and the detector is operated in the range 1400–1800 V.
Raw data processing was undertaken using LECO ChromaTOF v3.26 in order to construct a
data matrix of metabolite peak vs. sample and infilled with peak areas for metabolites that were
detected. A reference database was prepared that contained retention times, quant mass, peak
area, retention index value and peak number related to each peak by analysing QC samples.
The identification of analytes was based on both spectral similarity and matched with retention
indices. In-house library as well as NIST library was used for identification, and we followed
MSI guidelines for metabolite identification [62].
GC-MS data analysis. For statistical analysis multi-block PCA [63] was used with three
different types of blockings. The first type of blocking is strain | time×dosage blocking. This
blocking partitioned the data into 9 blocks. Each block contained all the samples from the same
time point with the same dosage of propranolol, e.g. all the samples with 0.2 mg mL-1 propranolol, collected at 0 min were assigned to one block, those with 0.4 mg mL-1 propranolol, collected at 10 min were assigned to another block and so on. Across different blocks, the strains
were matched so that in every block the first 4 samples were P. putida DOT-T1E, the next 4
samples were P. putida DOT-T1E-18 and the last 4 samples were P. putida DOT-T1E-PS28.
Based on the same principle, dosage | strain×time blocking partitioned the data into 6 blocks
(samples at 0 min were not included for this type of blocking as this time point refers to the
point immediately before the addition of propranolol), each block had the samples of the same
strain and same time points, the dosage of propranolol were matched. Such blocking allowed
MB-PCA to detect the effect of each of the factor of interest (i.e., strain, time and dosage of propranolol) separately without the inference from others [64].
A total of 200 features were detected by GC-MS. The natural logarithm (ln) was first applied
on the peak area of the detected peaks. Data were mean centred and then auto-scaled then subjected to MB-PCA. The potentially most significant variables were identified by selecting the
most predominant averaged block loadings. Finally, box-whisker plots were used to visualise
the data. These analyses were conducted using in-house scripts under the Matlab 2014a (Mathworks, Natick, MA) environment. The data are available at MetaboLights (http://www.ebi.ac.
uk/metabolights/): study identifier MTBLS320.

Results and Discussion
Characterization of P. putida DOT-T1E Strains
Growth curve experiments were undertaken for P. putida strains to determine the optimum
points to induce abiotic stress using propranolol. The resultant growth curves are displayed in
(Fig 1A) and these show that there were no significant differences in the pattern of growth
between the wild type DOT-T1E and the mutant DOT-T1E-PS28 (lacking the TtgGHI pump)
over the 24 h incubation period. Whilst under the same conditions, the mutant DOT-T1E-18
(lacking the TtgABC pump) grew slightly poorly in comparison to the other strains. This result
was in agreement with previous observations which show that P. putida DOT-T1E-PS28 grew
on LB medium and had similar growth generation time to the wild type [27]. However, the
mutant DOT-T1E-18 showed less growth compared to the wild-type and this could be a result
of the waste products made during cellular metabolic processes accumulating to toxic levels
due to the lack of TtgABC pump, resulting in slower growth. To be able to investigate the metabolome changes between the wild type and the two mutants, cells were cultured in the absence
of propranolol, GC-MS analysis was performed and this was followed by chemometrics.
MB-PCA of all P. putida strains was carried out and the result showed an obvious clustering
pattern as can be seen in (S1 Fig). It was clear from this analysis that P. putida DOT-T1E-18
was very different to the other two strains although weak separation can also be observed
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Fig 1. Growth curves of P. putida strains. (A) all three P. putida DOT-T1E strains in LB medium without propranolol; (B) P. putida DOT-T1E, (C) P. putida
DOT-T1E-PS28, and (D) P. putida DOT-T1E-18 in the presence of propranolol. A 1/10 dilution of 100 μL samples were prepared for OD measurement at 660
nm.
doi:10.1371/journal.pone.0156509.g001

between putida DOT-T1E and P. putida DOT-T1E-PS28. In addition, MB-PCA loading plots
were plotted in order to investigate the significant metabolites associated with the different
growth behaviour. It can be seen that many metabolites were most abundant in P. putida
DOT-T1E-18 and least abundant in P. putida DOT-T1E. Box-whisker plots were generated
and these generally supported the increased metabolite levels in DOT-T1E-18 (S2 Fig). During
the growth of the three P. putida strains, a number of metabolites detected by GC-MS were
compared (e.g. carbon and nitrogen metabolism; viz., sugars, sugar phosphates, amino acids,
organic acids).
A schematic summary of the detected metabolites by GC-MS of central metabolic pathways
in P. putida DOT-T1E strains is shown in S3 Fig and S1 Table. It can be seen that the level of a
total of 9 metabolites were similar in the mutant DOT-T1E-PS28 compare to the wild-type
DOT-T1E, while only 3 metabolites had similar levels in the mutant P. putida DOT-T1E-18 in
comparison to the wild type. These results would suggest that the TtgABC pump is involved in
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the removal of toxic metabolites produced during the log phase. In addition, the accumulation
of toxic products might result in changes in the level of amino acids due to the activation of
other metabolic pathways to deal with waste products.

Characterization of P. putida DOT-T1E Strains to Propranolol Shocks
Minimal inhibitory concentration (MIC). In order to study the effect of propranolol on
P. putida DOT-T1E cultures, it was necessary to establish the MIC of each bacterial strain
when cultured in LB media and challenged with different levels of propranolol and the results
are recorded in S2 Table. The visible growth of the wild-type DOT-T1E, mutant DOT-T1EPS28 and mutant DOT-T1E-18 were inhibited at 1.5, 1.5 and 0.8 mg mL-1 of propranolol
respectively. The resistance of DOT-T1E-PS28 to propranolol was the same as the wild-type.
However, it was reduced for the mutant DOT-T1E-18, suggesting that the extrusion of propranolol by the TtgABC pump could play a more crucial role than TtgGHI pump. Observations similar to these findings have been reported by Rojas and co-workers [27] testing MIC of
several antibiotics for P. putida DOT-T1E strains, in which the DOT-T1E-18 mutant was more
sensitive to those antibiotics than DOT-T1E. Nevertheless, the DOT-T1E-PS28 mutant showed
similar sensitivity to the wild-type.
Bacterial growth in the presence of propranolol. From interpretation of the growth
curves (Fig 1A), it was decided to induce propranolol stress after 5 h (once the cultures reached
their mid-exponential phase) at three different concentrations of propranolol (0.2, 0.4 and 0.6
mg mL-1) below the MIC. The effect of propranolol on P. putida cells was then studied in liquid
culture medium after cells had been pre-grown on LB liquid medium, and following challenge
with propranolol. Growth curve results from P. putida cultures are shown in (Fig 1B–1D). In
general, slight variations were noted in the growth patterns between P. putida DOT-T1E and
DOT-T1E-PS28 species exposed to 0.2 and 0.4 mg mL-1 propranolol, though considerable
effects on the same cultures were observed when cultures were exposed to 0.6 mg mL-1 propranolol across a 13 h growth period.
By contrast, a marked effect was observed in P. putida DOT-T1E-18 when exposed to 0.4
and 0.6 mg mL-1 concentrations of propranolol. Strain tolerance is an energy intensive process,
and it was noted that the growth yields of P. putida DOT-T1E cultures in the presence of 0.6
mg mL-1 were reduced by five-fold compared to the control cultures. This decrease in the
growth yield might result in consumption of energy by various mechanisms in order to protect
the cells from further damage. One study examined the growth yields of Pseudomonas upon
sub-lethal toluene dosages and it was found that the presence of toluene led to lower yields and
that the growth yield reduced linearly with increasing toluene concentrations [65]. This report
deduced that the decrease in yield associated with the presence of toluene could be due to
energy-consuming adaptation mechanisms initiated to protect cells from excessive damage.
To assess bacterial membrane integrity during the growth of bacteria following propranolol
perturbation a LIVE/DEAD BacLight bacterial viability assay was used, and the green and red
fluorescence emissions were measured using a Flexstation 3 Microplate Reader (Molecular
Devices, USA). The ratio of green to red fluorescence and the percentage of live cells from TVC
plates estimations in the P. putida suspension are shown (S3 Table). It was clear from these
measurements that cell viability decreased linearly with increasing propranolol indicating the
toxic effect of propranolol on P. putida DOT-T1E strains.
FT-IR fingerprinting of cell cultures. FT-IR spectroscopy was employed to investigate
whether the phenotype of an organism had changed by exposing it to gradient levels of propranolol. PC-DFA scores plots were produced in order to visualise the distribution of samples
based on their IR metabolic fingerprints (Fig 2A–2C). From inspection of the PC-DFA scores
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Fig 2. PC-DFA scores plots of FT-IR data for three different strains of P. putida strains upon propranolol shock. Symbols
represent different strains. (A) P. putida DOT-T1E is the wild type (stars) and ten PCs with a total explained variance (TEV) of
99.43% were used for the DFA, (B) P. putida DOT-T1E-PS28 is the mutant (closed triangles) and ten PCs with a TEV of 99.65%
were used for the DFA, (C) P. putida DOT-T1E-18 is the mutant (closed circles) and ten PCs with a TEV of 99.03% were used for
the DFA. Colour coding: control with no propranolol (red), cells exposed to 0.2 mg mL-1 propranolol (black), 0.4 mg mL-1
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propranolol (brown), and 0.6 mg mL-1 propranolol (blue). Arrows indicate the direction of shift because of the increase of
propranolol concentration. (D) PC-DFA loadings plot for P. putida DOT-T1E. (E) PC-DFA loadings plot for P. putida
DOT-T1E-PS28, (F) PC-DFA loadings plot for P. putida DOT-T1E-18. Significant loadings were assigned to bacterial proteins.
doi:10.1371/journal.pone.0156509.g002

plots of the biomass samples, it was possible to determine that there was an obvious separation
between the different culture conditions. There was also a clear trajectory based on concentration (annotated with arrows) with samples from control cultures following a trend from right
to left across the plot space due to the increase of propranolol concentrations. This clustering
pattern was anticipated and suggests that propranolol stress has had a clear additive effect on
the bacterial cells and this is reflected in the FT-IR results. In other analyses these PC-DFA
models were validated by test set projection (S4 Fig) and these ensure that the model quality is
of a high standard, and that the obtained subsequent conclusions drawn from the data are valid
and robust.
To assess the relevant metabolites causing these separations in PC-DFA scores plots, the
loadings plots for the first discriminant functions were plotted (Fig 2D–2F). Multiple changes
occur within these loadings plot with the largest variances being observed between wavenumbers 1700–1600 cm-1. In this region of the mid-infrared the majority of vibrational bands are
associated with protein components of the sample; most notably amide I (C = O stretching at
1690–1620 cm-1) and amide II (combination of C-N stretching and N-H bending). These
results suggest that the most significant effect over the duration of the 1 h incubation period
following drug shock is associated with alterations to proteinaceous components of bacteria.
The profile of proteins in different P. putida strains—T1E and S12—upon exposure to toluene
has been investigated previously, and it was revealed that almost 90 proteins were up-regulated
as a result of an exposure of strains to toluene in which some of these proteins relate to efflux
pump systems [22, 66, 67]. Therefore, it is perhaps not surprising that the most significant
changes observed from the interpretation of infrared spectra were in the vibrational frequency
of the proteins components, and we can infer from this that some proteins were up-regulated
to cope with the presence of propranolol.
GC-MS metabolic profiling of cell cultures. Recently, attention has been focused on
studying the stress responses in bacteria employing metabolomics-based approaches [68–70],
and this has involved a wide range of disciplines such as drug discovery, metabolic engineering
and medical sciences [71–75]. In this study, we employed GC-MS to create metabolic profiles
of bacterial stress to propranolol, as the knowledge of variations within the metabolome following chemical perturbation could lead to a more in-depth understanding of strain specific stress
responses within these bacteria.
As there are multiple potentially interacting factors that we have in our experiment with
respect to propranolol dose, bacterial strain, as well as time, MB-PCA was used for analysis.
MB-PCA with dosage | strain×time blocking (see materials and methods) was undertaken and
a gradient effect corresponding to differing dosages of propranolol can be seen on the resultant
scores plot (S5 and S6 Figs). We observed nine metabolites that were differentially expressed
between control and different dosages of propranolol and these were statistically significant.
However, four metabolites (cystathionine, glutamine and two unknowns) decreased with
increase in dosage of propranolol, four metabolites (ornithine, propranolol and two unknowns)
increased with dosage whereas no clear pattern was seen for one metabolite (unknown).
Interestingly, it was found that two of these metabolites (variables 180 and 100) were only
detected following the exposure of P. putida strains to all three concentrations of propranolol
groups but not in the control. Variable 180 was identified by an in-house database as propranolol itself, and Fig 3A shows that exposure of cells to propranolol resulted in the accumulation
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Fig 3. Box-whisker plots showing the changes in metabolite levels in control and cells exposed to propranolol for 4
biological replicates. Variable 180 was identified as propranolol. (Red line) indicates the median m/z intensity. (A) Represent the
data for 3 P. putida strains, 4 concentrations of propranolol and 3 time points, dashed lines separate different concentration levels
of propranolol and solid line separates different strains. (B) Represent the data for 3 P. putida strains, 3 concentrations of
propranolol and 1 time point at 60 min, dashed lines separates different strains.
doi:10.1371/journal.pone.0156509.g003
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of propranolol in comparison to non-exposed cells. These data also show that the level of propranolol in P. putida stains were detected at both time points at 10 and 60 min, and it was
noticed that the accumulation of propranolol in the exposed cells increased as the concentration of the propranolol increased.
In addition, comparing the level of propranolol between the wild-type and the mutants only
at 60 min (Fig 3B), it was observed that P. putida DOT-T1E (wild-type) and P. putida DOTT1E-PS28 (lacking TtgGHI pump) showed high similarities in the level of propranolol at all
tested concentrations. By contrast, the amount of propranolol accumulating in the P. putida
DOT-T1E-18 (lacking TtgABC pump) was higher than the other strains. This could be further
evidence for the activity of efflux pump system in P. putida cells due to the presence of propranolol at different levels. In addition, these results would suggest that the TtgABC efflux
pump is the main extrusion pump for propranolol and that it plays a more important role than
the TtgGHI pump. These findings, which agree well with other studies, show that the TtgABC
pump in P. putida DOT-T1E is the main antibiotic extrusion pump, and it has the ability to
extrude flavonoids, tetracycline, chloramphenicol and ampicillin in addition to other solvents
such as toluene [76–78].
Interestingly, the other significant variable, 100, was identified as ornithine (ChEBI ID
15729) again from an in-house library generate on the same instrument [62]. Ornithine production was detected within 10 min after exposure to propranolol, and the level of ornithine in
the wild-type DOT-T1E and mutant DOT-T1E-PS28 shows an increase at 0.2 mg mL-1 propranolol and a further almost linear increase in the presence of 0.4 and 0.6 mg mL-1 propranolol (Fig 4). By contrast, the production of this metabolite in the mutant DOT-T1E-18 exhibits
an increase at 0.2 mg mL-1 propranolol followed by a further increase at 0.4 mg mL-1 followed
by a decrease toward 0.6 mg mL-1 propranolol. Furthermore, the level of ornithine was further
decreased, from 10 to 60 min at 0.6 mg mL-1 propranolol for both P. putida DOT-T1E and
DOT-T1E-PS28, while it was increased for P. putida DOT-T1E-18 under the same conditions.
This metabolite is very important, as it is only produced by the P. putida cells in the presence
of propranolol and our data suggest that this is linked to bacterial tolerance mechanisms, further studies are needed in order to understand this role and comprehend whether this is a
cause or effect relationship.
In addition, in P. putida T1E and S12 proteomic analysis found that several proteins of the
TCA cycle involved in energy production were up-regulated upon toluene exposure, indicating
a requirement for enhanced metabolism and high energy demands because of toluene exposure
in order to power efflux pumps that extrude solvent from the cells [22, 66], which is in agreement with several proteomics, and transcriptomics studies [66, 79]. The up-regulation of several terminal oxidase genes upon solvent stress in P. putida T1E suggests that demands on
energy consumption are necessary to cope with the presence of solvents, in particular due to
high activity of efflux pumps [80]. Ornithine can be synthesised via the TCA cycle in which
glutamate is converted into ornithine, as previously reported for P. putida [81]. The production
of ornithine in the presence of propranolol is interesting, as this observation would suggest that
P. putida DOT-T1E may use this amino acid for energy production to power efflux pumps,
or in order to activate other metabolic pathways that are important in bacterial tolerance to
propranolol.
In addition, the primary building block of biological membranes mainly consists of glycerophospholipids such as phosphatidylglycerol (PG), phosphatidylethanolamine (PE) and cardiolipin (CL); however, other lipids classes (e.g. ornithine lipids) have been described as well,
which contain a 3-hydroxy fatty acyl group attached in amide linkage to the α-amino group of
ornithine. This lipid can be formed only by specific groups of bacteria or under certain stress
conditions [82]; although these have not yet been reported in P. putida. It is possible that the
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Fig 4. Box-whisker plot showing the changes in ornithine levels (variable id 100) in control and exposed cells to
propranolol. (Red line) indicates the median m/z intensity. These plots represent the data for 3 P. putida strains, 4 concentrations
of propranolol and 3 time points, for 4 biological replicates. Dashed lines separate different concentration levels of propranolol and
solid line separates different strains.
doi:10.1371/journal.pone.0156509.g004

ability to produce ornithine under propranolol stress in P. putida strains is linked to lipid production, however we have no direct evidence for this yet.
It is clear from the above that there are changes in central metabolism in response to propranolol exposure. Therefore, we investigated whether the levels of metabolites in the central
metabolic pathways of P. putida strains were significantly altered or not between control and
propranolol challenged samples for each bacterial strain independently. Metabolic pathways
that were changed during propranolol stress were identified utilising untargeted GC-MS analysis. A comparative summary of central metabolic pathways between control and propranolol
challenged cells for 10 or 60 min in P. putida DOT-T1E (Fig 5), P. putida DOT-T1E-18 (Fig 6)
and P. putida DOT-T1E-PS28 (S7 Fig) were generated and large effects were seen in amino
acid biosynthesis. In total, 17 metabolites were differentially produced or consumed in the
presence of 3 different concentrations of propranolol, compared to the control sample at two
time points. Major metabolites that were changed significantly during propranolol stress were
serine, glycine, tryptophan, phenylalanine, tyrosine, alanine, valine, leucine, citrate, fumarate,
glutamine, ornithine, aspartic acid, lysine, methionine, threonine and isoleucine, and boxwhisker plots of these metabolites show the changes in these metabolite levels (S8–S11 Figs).
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Fig 5. Schematic metabolic diagram of central carbon metabolism in P. putida DOT-T1E adapted to
propranolol showing the level of metabolites for cells exposed to propranolol compared to the control.
Metabolites were detected and identified by GC-MS. Metabolites indicated in black were observed, while
metabolites indicated in grey were not detected. The median m/z intensity (red line) in the box- whisker plots was
used to compare the level of metabolites. (A) Represent the level of metabolites at 10 min, while (B) the level of
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metabolite at 60 min. Traffic light system represents different concentration of propranolol. Red, yellow and green
represent exposed cells to 0.2, 0.4 and 0.6 mg/mL of propranolol respectively. Up-arrow, down-arrow and steady
arrow indicate an increase, a decrease and no change in the level of metabolite respectively. The number of
arrows represents the level of metabolites. Slight change (single arrow), medium change (double arrows) and high
change (triple arrows).
doi:10.1371/journal.pone.0156509.g005

In P. putida DOT-T1E, 10 metabolites were found to be consumed, 4 metabolites produced
and 3 metabolites did not change at 10 min, while 4 metabolites were down-regulated and 13
metabolites up-regulated at 60 min. In the mutant DOT-T1E-18, 10 min following exposure to
propranolol the levels of 2 metabolites increased, 8 metabolites were consumed and 7 metabolites remained constant. After 60 min following exposure to propranolol, the levels of 11
metabolites were increased, 3 metabolites were consumed and 3 remained constant. In P.
putida DOT-T1E-PS28, although similar patterns in the level of metabolites was observed
compared to the wild- type in the absence of propranolol, different patterns were observed in
the presence of propranolol. Both mutants showed different metabolic profiles compared to
the wild type and this could be due to the lack of the pump leading to over-expression of certain amino acids that are important to activate specific pumps or other metabolic pathways to
cope with the stress.
Pathway analysis also revealed that glutamine and ornithine, which shows similar metabolic changes in all P. putida DOT-T1E strains, as major pathways impacted by propranolol
stress. It is possible that glutamine could be being consumed by the cells in order to respond
to high energy demands due to propranolol exposure. Another possible suggestion is that the
decrease in the level of glutamine may be due to the biosynthesis of ornithine which could be
the key stress-responsive metabolite involved to cope with stress following perturbation by
propranolol. Therefore, cells may convert glutamate into ornithine instead of glutamine,
resulting in a decrease in the level of glutamine. In contrast, in comparison to the wild type
both mutants undergo different metabolic changes in other detected metabolites, mainly aliphatic amino acids, aromatic amino acids, and the aspartate family. This might be explained
by the lack of the efflux pump in each mutant leading to the induction of certain metabolic
pathways resulting in the production or consumption of certain amino acids associated with
specific pumps.

Conclusion
Here we have shown that propranolol had a measurable biological effect on all three strains of
bacteria studied. The results demonstrated that the mutant P. putida DOT-T1E-18 was more
sensitive to propranolol than the other strains analysed due to the lack of TtgABC pump. With
respect to exposure to propranolol, data from FT-IR revealed that propranolol had an effect on
protein components of the bacterial cells. The investigation of the characterization of the metabolome of P. putida DOT-T1E strains upon exposure to propranolol revealed the important
role of efflux pump activity and the production of ornithine as major key elements for adaptation mechanisms. This information can be useful in bioengineering to create engineered P.
putida strains or even other bacteria with superior tolerance characteristic for bioprocesses,
which in turn can help to remediate simple or complex mixtures of pollutants from environment. Similar to the case where lactate tolerance was improved in an engineered strain producing ascorbic acid, a well-known reactive-oxygen species scavenger [83]. Furthermore, both
screening tools and metabolic profiling in combination with multivariate statistical methods,
seem ideally suited to monitoring the phenotypic responses occurring within microbial cultures under different growth conditions and subjected to abiotic stress.
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Fig 6. Schematic diagram of central carbon metabolism in P. putida DOT-T1E-18 adapted to propranolol
showing the level of metabolites for cells exposed to propranolol compared to the control ones.
Metabolites were detected and identified by GC-MS. Metabolites indicated in black were observed, while
metabolites indicated in grey were not detected. The median m/z intensity (red line) in the box- whisker plots
was used to compare the level of metabolites. (A) Represent the level of metabolites at 10 min, while (B) the
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level of metabolite at 60 min. Traffic light system represents different concentration of propranolol. Red, yellow
and green represent exposed cells to 0.2, 0.4 and 0.6 mg/mL of propranolol respectively. Up-arrow, downarrow and steady arrow indicate an increase, a decrease and no change in the level of metabolite respectively.
The number of arrows represents the level of metabolites. Slight change (single arrow), medium change
(double arrows) and high change (triple arrows).
doi:10.1371/journal.pone.0156509.g006

Supporting Information
S1 Fig. MB-PCA scores plot of GC-MS data for the wild type and the mutants in the absence
of propranolol. Colours represent different strains. (A) P. putida DOT-T1E is the wild type
(red), (B) P. putida DOT-T1E-PS28 (green), and (C) P. putida DOT-T1E-18 (blue).
(PDF)
S2 Fig. Box-whisker plots of a few selected most significant metabolites between the wild
type and the mutants in the absence of propranolol. (A) P. putida DOT-T1E is the wild type,
(B) P. putida DOT-T1E-PS28, and (C) P. putida DOT-T1E-18. Variables 9 (unknown), Variables 29 (leucine), Variables 37 (leucine^), Variables 70 (unknown), Variables 134 (à-Dglucopyranoside ), Variables 163 (D-ribonic acid/ D-glucose ), Variables 185 (á-N-acetylneuraminic acid/ D-Glucose ), Variables 188 (sucrose), and Variables 198 (á-N-acetylneuraminic
acid ). ^ multiple derivatives of same compound.  multiple assignments as identification is
putative only.
(PDF)
S3 Fig. Schematic metabolic pathway diagram of central carbon metabolism in P. putida
DOT-T1E showing the level of metabolites for both mutants compared to the wild type.
Metabolites were detected and identified by GC-MS. Metabolites indicated in black were
observed, while metabolites indicated in grey were not detected. The median m/z intensity (red
line) in the box-whisker plots was used to compare the level of metabolites. Blue and brown
represent the mutant DOT-T1E-PS28 and DOT-T1E-18 respectively. Up-arrow, down-arrow
and steady arrow indicate an increase, a decrease and no change in the level of metabolite
respectively. The number of arrows represents the level of metabolites. Slight change (single
arrow) and medium change (double arrows).
(PDF)
S4 Fig. Validated PC-DFA models of (A) P. putida DOT-T1E, (B) P. putida DOT-T1E-PS28, (C) P. putida DOT-T1E-18 upon 0.2, 0.4 and 0.6 mg mL-1 Propranolol shock.
Symbols coding: control with no propranolol (circles), cells exposed to 0.2 mg mL-1 propranolol (squares), 0.4 mg mL-1 propranolol (triangles), and 0.6 mg mL-1 propranolol (upside down
triangles). Opened symbols represent the test set while closed symbols represent the training
set.
(PDF)
S5 Fig. MB-PCA score plot of GC-MS data showing the effect of different concentrations
on P. putida strains. Colours represent different dosage of propranolol. (D0) exposed to 0 mg/
mL propranolol (blue), (D1) exposed to 0.2 mg mL-1 propranolol (green), and (D2) exposed to
0.4 mg mL-1 propranolol (pink). (D3) exposed to 0.6 mg mL-1 propranolol (red).
(PDF)
S6 Fig. MB-PCA loading plot of GC-MS data showing the most significant metabolites in
the presence of different concentrations of propranolol. Significant loadings were observed
in the positive and negative sides of the plot.
(PDF)
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S7 Fig. Schematic metabolic diagram of central carbon metabolism in P. putida DOT-T1E-PS28 adapted to propranolol showing the level of metabolites for cells exposed to propranolol compared to the control. Metabolites were detected and identified by GC-MS.
Metabolites indicated in black were observed, while metabolites indicated in grey were not
detected. The median m/z intensity (red line) in the box- whisker plots was used to compare
the level of metabolites. (A) Represent the level of metabolites at 10 min, while (B) the level of
metabolite at 60 min. Traffic light system represents different concentration of propranolol.
Red, yellow and green represent exposed cells to 0.2, 0.4 and 0.6 mg mL-1 of propranolol
respectively. Up-arrow, down-arrow and steady arrow indicate an increase, a decrease and no
change in the level of metabolite respectively. The number of arrows represents the level of
metabolites. Slight change (single arrow), medium change (double arrows) and high change
(triple arrows).
(PDF)
S8 Fig. Box-whisker plots of the detected metabolites of central carbon metabolism in P.
putida DOT-T1E, DOT-T1E-PS28 and DOT-T1E-18. Dashed lines separate different concentration levels of propranolol and solid line separates different strains. The label is constructed in a format of “Aac”, “A” represents strains, varies from A to C: A = P. putida
DOT-T1E; B = P. putida DOT-T1E-PS28 and C = P. putida DOT-T1E-18. “a” represents 4 different concentration levels, varies from 0 to 3: 0 = control; 1 = 0.2 mg mL-1; 2 = 0.4 mg mL-1
and 3 = 0.6 mg mL-1 propranolol. “c” represents time points, 1 = T0 (0 min); 2 = T1 (10 min)
and 3 = T2 (1 h). Such plots give a comprehensive view of how the concentration levels of the
metabolite changing under each unique combination of the factors (strains, dosage of propranolol and time). Variables 14 (alanine), Variables 20 (valine), Variables 29 (leucine), and Variables 34 (isoleucine).
(PDF)
S9 Fig. Box-whisker plots of the detected metabolites of central carbon metabolism in P.
putida DOT-T1E, DOT-T1E-PS28 and DOT-T1E-18. Dashed lines separate different concentration levels of propranolol and solid line separates different strains. The label is constructed in a format of “Aac”, “A” represents strains, varies from A to C: A = P. putida
DOT-T1E; B = P. putida DOT-T1E-PS28 and C = P. putida DOT-T1E-18. “a” represents 4 different concentration levels, varies from 0 to 3: 0 = control; 1 = 0.2 mg mL-1; 2 = 0.4 mg mL-1
and 3 = 0.6 mg mL-1 propranolol. “c” represents time points, 1 = T0 (0 min); 2 = T1 (10 min)
and 3 = T2 (1 h). Such plots give a comprehensive view of how the concentration levels of the
metabolite changing under each unique combination of the factors (strains, dosage of propranolol and time). Variables 40 (glycine), Variables 53 (threonine), Variables 54 (serine), and Variables 78 (aspartic acid).
(PDF)
S10 Fig. Box-whisker plots of the detected metabolites of central carbon metabolism in P.
putida DOT-T1E, DOT-T1E-PS28 and DOT-T1E-18. Dashed lines separate different concentration levels of propranolol and solid line separates different strains. The label is constructed in a format of “Aac”, “A” represents strains, varies from A to C: A = P. putida DOTT1E; B = P. putida DOT-T1E-PS28 and C = P. putida DOT-T1E-18. “a” represents 4 different
concentration levels, varies from 0 to 3: 0 = control; 1 = 0.2 mg mL-1; 2 = 0.4 mg mL-1 and
3 = 0.6 mg mL-1 propranolol. “c” represents time points, 1 = T0 (0 min); 2 = T1 (10 min)
and 3 = T2 (1 h). Such plots give a comprehensive view of how the concentration levels of
the metabolite changing under each unique combination of the factors (strains, dosage of
propranolol and time). Variables 81 (methionine), Variables 88 (glutamine), Variables 95
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(phenylalanine), and Variables 103 (fumarate).
(PDF)
S11 Fig. Box-whisker plots of the detected metabolites of central carbon metabolism in P.
putida DOT-T1E, DOT-T1E-PS28 and DOT-T1E-18. Dashed lines separate different concentration levels of propranolol and solid line separates different strains. The label is constructed in a format of “Aac”, “A” represents strains, varies from A to C: A = P. putida
DOT-T1E; B = P. putida DOT-T1E-PS28 and C = P. putida DOT-T1E-18. “a” represents 4 different concentration levels, varies from 0 to 3: 0 = control; 1 = 0.2 mg mL-1; 2 = 0.4 mg mL-1
and 3 = 0.6 mg mL-1 propranolol. “c” represents time points, 1 = T0 (0 min); 2 = T1 (10 min)
and 3 = T2 (1 h). Such plots give a comprehensive view of how the concentration levels of the
metabolite changing under each unique combination of the factors (strains, dosage of propranolol and time). Variables 109 (citrate), Variables 119 (lysine), Variables 135 (tyrosine), and
Variables 177 (tryptophan).
(PDF)
S1 Table. The level of metabolites for both mutants compared to the wild type in the central
carbon metabolism in P. putida DOT-T1E. Metabolites were detected and identified by
GC-MS.
(PDF)
S2 Table. Results from the propranolol MIC experiments using P. putida DOT-T1E, DOT-T1E-PS28 and DOT-T1E-18. Culture growth was observed after overnight incubation.
(PDF)
S3 Table. Viability of P. putida cells 1 h later after exposure to propranolol.
(PDF)

Author Contributions
Conceived and designed the experiments: AS RG. Performed the experiments: AS DKT NA
DIE NJWR. Analyzed the data: YX. Contributed reagents/materials/analysis tools: RG. Wrote
the paper: AS YX DTK NA DIE RG NJWR.

References
1.

Escher BI, Bramaz N, Eggen RIL, Richter M. In vitro assessment of modes of toxic action of pharmaceuticals in aquatic life. Environ Sci Technol. 2005; 39(9):3090–100. doi: 10.1021/es048590e PMID:
15926557.

2.

Fent K, Weston AA, Caminada D. Ecotoxicology of human pharmaceuticals. Aquat Toxicol. 2006; 76
(2):122–59. doi: 10.1016/j.aquatox.2005.09.009 PMID: 16257063.

3.

Breton R, Boxall A. Pharmaceuticals and personal care products in the environment: Regulatory drivers
and research needs. Qsar & Combinatorial Science. 2003; 22(3):399–409. doi: 10.1002/qsar.
200390030

4.

Ashton D, Hilton M, Thomas KV. Investigating the environmental transport of human pharmaceuticals
to streams in the United Kingdom. Sci Total Environ. 2004; 333(1–3):167–84. doi: 10.1016/j.scitotenv.
2004.04.062 PMID: 15364527.

5.

Thomas KV, Hilton MJ. The occurrence of selected human pharmaceutical compounds in UK estuaries. Marine Pollution Bulletin. 2004; 49(5–6):436–44. doi: 10.1016/j.marpolbul.2004.02.028 PMID:
15325211.

6.

Carlsson C, Johansson A-K, Alvan G, Bergman K, Kuhler T. Are pharmaceuticals potent environmental
pollutants? Part I: Environmental risk assessments of selected active pharmaceutical ingredients. Sci
Total Environ. 2006; 364(1–3):67–87. doi: 10.1016/j.scitotenv.2005.06.035 PMID: 16257037.

PLOS ONE | DOI:10.1371/journal.pone.0156509 June 22, 2016

19 / 23

Metabolomics Analysis of Pseudomonas putida Challenged with Propranolol

7.

Carlsson C, Johansson AK, Alvan G, Bergman K, Kuhler T. Are pharmaceuticals potent environmental
pollutants? Part II: Environmental risk assessments of selected pharmaceutical excipients. Sci Total
Environ. 2006; 364(1–3):88–95. PMID: 16260028.

8.

Seiler JP. Pharmacodynamic activity of drugs and ecotoxicology—can the two be connected? Toxicol
Lett. 2002; 131(1–2):105–15. Pii s0378-4274(02)00045-0 doi: 10.1016/s0378-4274(02)00045-0 PMID:
11988363.

9.

Huggett DB, Brooks BW, Peterson B, Foran CM, Schlenk D. Toxicity of select beta adrenergic receptor-blocking pharmaceuticals (B-blockers) on aquatic organisms. Arch Environ Contam Toxicol. 2002;
43(2):229–35. doi: 10.1007/s00244-002-1182-7 PMID: 12115049.

10.

Daughton CG, Ternes TA. Pharmaceuticals and personal care products in the environment: Agents of
subtle change? Environ. Health Perspect. 1999; 107:907–38. doi: 10.2307/3434573 PMID: 9569937.

11.

Jones OAH, Voulvoulis N, Lester JN. Aquatic environmental assessment of the top 25 English prescription pharmaceuticals. Water Res. 2002; 36(20):5013–22. Pii s0043-1354(02)00227-0 doi: 10.1016/
s0043-1354(02)00227-0 PMID: 12448549.

12.

Halling-Sorensen B, Nielsen SN, Lanzky PF, Ingerslev F, Lutzhoft HCH, Jorgensen SE. Occurrence,
fate and effects of pharmaceutical substances in the environment—A review. Chemosphere. 1998; 36
(2):357–94. doi: 10.1016/s0045-6535(97)00354-8 PMID: 9569937.

13.

Pouliquen H, Lebris H, Pinault L. Experimental-study of the therapeutic application of oxytetracycline,
its attenuation in sediment and sea-water, and implications for farm culture of benthic organisms. Mar
Ecol Prog Ser. 1992; 89(1):93–8. doi: 10.3354/meps089093

14.

Thacker PD. Pharmaceutical data elude researchers. Environ Sci Technol. 2005; 39(9):193–4. PMID:
15926528.

15.

Zhang T, Zhang X-X, Ye L. Plasmid metagenome reveals high levels of antibiotic resistance genes and
mobile genetic elements in activated sludge. PLOS ONE. 2011; 6(10). e26041 doi: 10.1371/journal.
pone.0026041 PMID: 22016806.

16.

Liu M, Zhang Y, Yang M, Tian Z, Ren L, Zhang S. Abundance and distribution of tetracycline resistance
genes and mobile elements in an oxytetracycline production wastewater treatment system. Environ Sci
Technol. 2012; 46(14):7551–7. doi: 10.1021/es301145m PMID: 22709269.

17.

Johnning A, Moore ERB, Svensson-Stadler L, Shouche YS, Larsson DGJ, Kristiansson E. Acquired
genetic mechanisms of a multiresistant bacterium isolated from a treatment plant receiving wastewater
from antibiotic production. Appl Environ Microbiol. 2013; 79(23):7256–63. doi: 10.1128/aem.02141-13
PMID: 24038701.

18.

Marathe NP, Regina VR, Walujkar SA, Charan SS, Moore ERB, Larsson DGJ, et al. A treatment plant
receiving waste water from multiple bulk drug manufacturers is a reservoir for highly multi-drug resistant
integron-bearing bacteria. PLOS ONE. 2013; 8(10). e77310 doi: 10.1371/journal.pone.0077310 PMID:
24204801.

19.

Keweloh H, Weyrauch G, Rehm HJ. Phenol-induced membrane-changes in free and immobilized
Escherichia-coli. Appl Microbiol Biotechnol. 1990; 33(1):66–71. PMID: 1366564.

20.

Ramos JL, Duque E, RodriguezHerva JJ, Godoy P, Haidour A, Reyes F, et al. Mechanisms for solvent
tolerance in bacteria. J Biol Chem. 1997; 272(7):3887–90. PMID: 9020089.

21.

Volkers RJM, Ballerstedt H, Ruijssenaars H, de Bont JAM, de Winde JH, Wery J. TrgI, toluene
repressed gene I, a novel gene involved in toluene-tolerance in Pseudomonas putida S12. Extremophiles. 2009; 13(2):283–97. doi: 10.1007/s00792-008-0216-0 PMID: 19089528.

22.

Wijte D, van Baar BLM, Heck AJR, Altelaar AFM. Probing the proteome response to toluene exposure
in the solvent tolerant Pseudomonas putida S12. Journal of Proteome Research. 2011; 10(2):394–403.
doi: 10.1021/pr100401n PMID: 20979388.

23.

Paulsen IT, Brown MH, Skurray RA. Proton-dependent multidrug efflux systems. Microbiol Rev. 1996;
60(4):575–608. PMID: 8987357.

24.

Putman M, van Veen HW, Konings WN. Molecular properties of bacterial multidrug transporters. Microbiol Mol Biol Rev. 2000; 64(4):672–93. doi: 10.1128/mmbr.64.4.672-693.2000 PMID: 11104814.

25.

Ramos JL, Duque E, Godoy P, Segura A. Efflux pumps involved in toluene tolerance in Pseudomonas
putida DOT-T1E. J Bacteriol. 1998; 180(13):3323–9. PMID: 9642183.

26.

Mosqueda G, Ramos JL. A set of genes encoding a second toluene efflux system in Pseudomonas
putida DOT-T1E is linked to the tod genes for toluene metabolism. J Bacteriol. 2000; 182(4):937–43.
doi: 10.1128/jb.182.4.937-943.2000 PMID: 10648517.

27.

Rojas A, Duque E, Mosqueda G, Golden G, Hurtado A, Ramos JL, et al. Three efflux pumps are
required to provide efficient tolerance to toluene in Pseudomonas putida DOT-T1E. J Bacteriol. 2001;
183(13):3967–73. doi: 10.1128/jb.183.13.3967-3973.2001 PMID: 11395460.

PLOS ONE | DOI:10.1371/journal.pone.0156509 June 22, 2016

20 / 23

Metabolomics Analysis of Pseudomonas putida Challenged with Propranolol

28.

Saier MH, Paulsen IT. Phylogeny of multidrug transporters. Seminars in Cell & Developmental Biology.
2001; 12(3):205–13. doi: 10.1006/scdb.2000.0246 PMID: 11428913.

29.

Li XZ, Zhang L, Poole K. Role of the multidrug efflux systems of Pseudomonas aeruginosa in organic
solvent tolerance. J Bacteriol. 1998; 180(11):2987–91. PMID: 9603892.

30.

Molina-Santiago C, Daddaoua A, Fillet S, Duque E, Ramos J-L. Interspecies signalling: Pseudomonas
putida efflux pump TtgGHI is activated by indole to increase antibiotic resistance. Environ Microbiol.
2014; 16(5):1267–81. doi: 10.1111/1462-2920.12368 PMID: 24373097.

31.

Rojas A, Duque E, Schmid A, Hurtado A, Ramos JL, Segura A. Biotransformation in double-phase systems: Physiological responses of Pseudomonas putida DOT-T1E to a double phase made of aliphatic
alcohols and biosynthesis of substituted catechols. Appl. Environ. Microbiol. 2004; 70(6):3637–43. doi:
10.1128/aem.70.6.3637-3643.2004 PMID: 15184168

32.

Nicolaou SA, Gaida SM, Papoutsakis ET. A comparative view of metabolite and substrate stress and
tolerance in microbial bioprocessing: From biofuels and chemicals, to biocatalysis and bioremediation.
Metab. Eng. 2010; 12(4):307–31. doi: 10.1016/j.ymben.2010.03.004 PMID: 20346409.

33.

Pandey J, Chauhan A, Jain RK. Integrative approaches for assessing the ecological sustainability of in
situ bioremediation. FEMS Microbiol. Rev. 2009; 33(2):324–75. doi: 10.1111/j.1574-6976.2008.00133.
x PMID: 19178567.

34.

Garcia V, Godoy P, Daniels C, Hurtado A, Ramos J-L, Segura A. Functional analysis of new transporters involved in stress tolerance in Pseudomonas putida DOT-T1E. Environmental Microbiology
Reports. 2010; 2(3):389–95. doi: 10.1111/j.1758-2229.2009.00093.x PMID: 23766111.

35.

Fiehn O. Metabolomics—the link between genotypes and phenotypes. Plant Mol Biol. 2002; 48(1–
2):155–71. doi: 10.1023/a:1013713905833 PMID: 11860207.

36.

Fiehn O. Combining genomics, metabolome analysis, and biochemical modelling to understand metabolic networks. Comp Funct Genomics. 2001; 2(3):155–68. doi: 10.1002/cfg.82 PMID: 18628911.

37.

Westerhoff HV, Kolodkin A, Conradie R, Wilkinson SJ, Bruggeman FJ, Krab K, et al. Systems biology
towards life in silico: mathematics of the control of living cells. J Math Biol. 2009; 58(1–2):7–34. doi: 10.
1007/s00285-008-0160-8 PMID: 18278498.

38.

Daran-Lapujade P, Rossell S, van Gulik WM, Luttik MAH, de Groot MJL, Slijper M, et al. The fluxes
through glycolytic enzymes in Saccharomyces cerevisiae are predominantly regulated at posttranscriptional levels. Proc Natl Acad Sci U S A. 2007; 104(40):15753–8. doi: 10.1073/pnas.0707476104 PMID:
17898166.

39.

Ellis DI, Dunn WB, Griffin JL, Allwood JW, Goodacre R. Metabolic fingerprinting as a diagnostic tool.
Pharmacogenomics. 2007; 8(9):1243–66. doi: 10.2217/14622416.8.9.1243 PMID: 17924839.

40.

Ellis DI, Harrigan GG, Goodacre R. Metabolic fingerprinting with Fourier transform infrared spectroscopy. Metabolic Profiling: Its role in biomarker discovery and gene function analysis. 2003:111–24.

41.

Ellis DI, Goodacre R. Metabolic fingerprinting in disease diagnosis: biomedical applications of infrared
and Raman spectroscopy. Analyst. 2006; 131(8):875–85. doi: 10.1039/b602376m PMID: 17028718.

42.

Baker MJ, Trevisan J, Bassan P, Bhargava R, Butler HJ, Dorling KM, et al. Using Fourier transform IR
spectroscopy to analyze biological materials. Nature Protocols. 2014; 9(8):1771–91. doi: 10.1038/
nprot.2014.110 PMID: 24992094

43.

Baker MJ, Hussain SR, Lovergne L, Untereiner V, Hughes C, Lukaszewski RA, et al. Developing and
understanding biofluid vibrational spectroscopy: a critical review. Chem. Soc. Rev. 2016; 45(7):1803–
18. PMID: 26612430. doi: 10.1039/c5cs00585j

44.

Naumann D, Helm D, Labischinski H. Microbiological characterizations by FT-IR spectroscopy. Nature.
1991; 351(6321):81–2. doi: 10.1038/351081a0 PMID: 1902911.

45.

Helm D, Labischinski H, Schallehn G, Naumann D. Classification and identification of bacteria by Fourier-transform infrared-spectroscopy. Journal of General Microbiology. 1991; 137:69–79. PMID:
1710644

46.

Dunn WB, Bailey NJC, Johnson HE. Measuring the metabolome: current analytical technologies. Analyst. 2005; 130(5):606–25. doi: 10.1039/b418288j PMID: 15852128.

47.

Bino RJ, Hall RD, Fiehn O, Kopka J, Saito K, Draper J, et al. Potential of metabolomics as a functional
genomics tool. Trends Plant Sci. 2004; 9(9):418–25. doi: 10.1016/j.tplants.2004.07.004 PMID:
15337491.

48.

Broadhurst DI, Kell DB. Statistical strategies for avoiding false discoveries in metabolomics and related
experiments. Metabolomics. 2006; 2(4):171–96. doi: 10.1007/s11306-006-0037-z

49.

Kell DB, Oliver SG. Here is the evidence, now what is the hypothesis? The complementary roles of
inductive and hypothesis-driven science in the post-genomic era. Bioessays. 2004; 26(1):99–105. doi:
10.1002/bies.10385 PMID: 14696046.

PLOS ONE | DOI:10.1371/journal.pone.0156509 June 22, 2016

21 / 23

Metabolomics Analysis of Pseudomonas putida Challenged with Propranolol

50.

Goodacre R, Vaidyanathan S, Dunn WB, Harrigan GG, Kell DB. Metabolomics by numbers: acquiring
and understanding global metabolite data. Trends Biotechnol. 2004; 22(5):245–52. doi: 10.1016/j.
tibtech.2004.03.007 PMID: 15109811.

51.

Winder CL, Gordon SV, Dale J, Hewinson RG, Goodacre R. Metabolic fingerprints of Mycobacterium
bovis cluster with molecular type: implications for genotype-phenotype links. Microbiology-Sgm. 2006;
152:2757–65. PMID: 16946270.

52.

Martens H, Nielsen JP, Engelsen SB. Light scattering and light absorbance separated by extended
multiplicative signal correction. Application to near-infrared transmission analysis of powder mixtures.
Anal Chem. 2003; 75(3):394–404. doi: 10.1021/ac020194w PMID: 12585463.

53.

Wold S, Esbensen K, Geladi P. Principal component analysis. Chemometrics Intellig Lab Syst. 1987; 2
(1–3):37–52. doi: 10.1016/0169-7439(87)80084-9

54.

Macfie HJH, Gutteridge CS, Norris JR. Use of canonical variates analysis in differentiation of bacteria
by pyrolysis gas-liquid-chromatography. J Gen Microbiol. 1978; 104(1):67–74. PMID: 624936.

55.

Johnson HE, Broadhurst D, Goodacre R, Smith AR. Metabolic fingerprinting of salt-stressed tomatoes.
Phytochemistry. 2003; 62(6):919–28. doi: 10.1016/s0031-9422(02)00722-7 PMID: 12590119.

56.

Villas-Bôas SG, Mas S, Åkesson M, Smedsgaard J, Nielsen J. Mass spectrometry in metabolome analysis. Mass Spectrometry Reviews. 2005; 24(5):613–46. PMID: 15389842.

57.

Winder CL, Dunn WB, Schuler S, Broadhurst D, Jarvis R, Stephens GM, et al. Global metabolic profiling
of Escherichia coli cultures: an evaluation of methods for quenching and extraction of intracellular
metabolites. Anal Chem. 2008; 80(8):2939–48. doi: 10.1021/ac7023409 PMID: 18331064.

58.

Fiehn O, Wohlgemuth G, Scholz M, Kind T, Lee DY, Lu Y, et al. Quality control for plant metabolomics:
reporting MSI-compliant studies. Plant J. 2008; 53(4):691–704. doi: 10.1111/j.1365-313X.2007.03387.
x PMID: 18269577.

59.

Wedge DC, Allwood JW, Dunn W, Vaughan AA, Simpson K, Brown M, et al. Is serum or plasma more
appropriate for intersubject comparisons in metabolomic studies? An assessment in patients with
small-cell lung cancer. Anal Chem. 2011; 83(17):6689–97. doi: 10.1021/ac2012224 PMID: 21766834

60.

Begley P, Francis-McIntyre S, Dunn WB, Broadhurst DI, Halsall A, Tseng A, et al. Development and
performance of a gas chromatography-time-of-flight mass spectrometry analysis for large-scale nontargeted metabolomic studies of human serum. Anal Chem. 2009; 81(16):7038–46. doi: 10.1021/
ac9011599 PMID: 19606840.

61.

Dunn WB, Broadhurst D, Begley P, Zelena E, Francis-McIntyre S, Anderson N, et al. Procedures for
large-scale metabolic profiling of serum and plasma using gas chromatography and liquid chromatography coupled to mass spectrometry. Nature Protocols. 2011; 6(7):1060–83. doi: 10.1038/nprot.2011.
335 PMID: 21720319.

62.

Sumner LW, Amberg A, Barrett D, Beale MH, Beger R, Daykin CA, et al. Proposed minimum reporting
standards for chemical analysis. Metabolomics. 2007; 3(3):211–21. doi: 10.1007/s11306-007-0082-2
PMID: 24039616.

63.

Smilde AK, Westerhuis JA, de Jong S. A framework for sequential multiblock component methods. J
Chemometrics. 2003; 17(6):323–37. doi: 10.1002/cem.811

64.

Xu Y, Goodacre R. Multiblock principal component analysis: an efficient tool for analyzing metabolomics data which contain two influential factors. Metabolomics. 2012; 8(1):37–51. doi: 10.1007/s11306011-0361-9

65.

Isken S, Derks A, Wolffs PFG, de Bont JAM. Effect of organic solvents on the yield of solvent-tolerant
Pseudomonas putida S12. Appl Environ Microbiol. 1999; 65(6):2631–5. PMID: 10347053.

66.

Segura A, Godoy P, van Dillewijn P, Hurtado A, Arroyo N, Santacruz S, et al. Proteomic analysis
reveals the participation of energy- and stress-related proteins in the response of Pseudomonas putida
DOT-T1E to toluene. J Bacteriol. 2005; 187(17):5937–45. doi: 10.1128/jb.187.17.5937-5945.2005
PMID: 16109935.

67.

van der Werf MJ, Overkamp KM, Muilwijk B, Koek MM, van der Werff-van der Vat BJC, Jellema RH,
et al. Comprehensive analysis of the metabolome of Pseudomonas putida S12 grown on different carbon sources. Molecular Biosystems. 2008; 4(4):315–27. doi: 10.1039/b717340g PMID: 18354785.

68.

Kol S, Merlo ME, Scheltema RA, de Vries M, Vonk RJ, Kikkert NA, et al. Metabolomic characterization
of the salt stress response in streptomyces coelicolor. Appl Environ Microbiol. 2010; 76(8):2574–81.
doi: 10.1128/aem.01992-09 PMID: 20190082.

69.

Brito-Echeverria J, Lucio M, Lopez-Lopez A, Anton J, Schmitt-Kopplin P, Rossello-Mora R. Response
to adverse conditions in two strains of the extremely halophilic species Salinibacter ruber. Extremophiles. 2011; 15(3):379–89. doi: 10.1007/s00792-011-0366-3 PMID: 21461978.

PLOS ONE | DOI:10.1371/journal.pone.0156509 June 22, 2016

22 / 23

Metabolomics Analysis of Pseudomonas putida Challenged with Propranolol

70.

Allwood JW, AlRabiah H, Correa E, Vaughan A, Xu Y, Upton M, et al. A workflow for bacterial metabolic
fingerprinting and lipid profiling: application to ciprofloxacin challenged Escherichia coli. Metabolomics.
2015; 11(2):438–53. doi: 10.1007/s11306-014-0674-6

71.

Mashego MR, Rumbold K, De Mey M, Vandamme E, Soetaert W, Heijnen JJ. Microbial metabolomics:
past, present and future methodologies. Biotechnol Lett. 2007; 29(1):1–16. doi: 10.1007/s10529-0069218-0 PMID: 17091378.

72.

Anton J, Lucio M, Pena A, Cifuentes A, Brito-Echeverria J, Moritz F, et al. High metabolomic microdiversity within co-occurring isolates of the extremely halophilic bacterium Salinibacter ruber. PLOS ONE.
2013; 8(5). e64701 doi: 10.1371/journal.pone.0064701 PMID: 23741374.

73.

Kim D-H, Allwood JW, Moore RE, Marsden-Edwards E, Dunn WB, Xu Y, et al. A metabolomics investigation into the effects of HIV protease inhibitors on HPV16 E6 expressing cervical carcinoma cells.
Molecular Biosystems. 2014; 10(3):398–411. doi: 10.1039/c3mb70423h PMID: 24413339.

74.

Dunn WB, Lin W, Broadhurst D, Begley P, Brown M, Zelena E, et al. Molecular phenotyping of a UK
population: defining the human serum metabolome. Metabolomics. 2015; 11(1):9–26. doi: 10.1007/
s11306-014-0707-1 PubMed WOS:000348343300003.

75.

Ellis DI, Goodacre R. Metabolomics-assisted synthetic biology. Curr Opin Biotechnol. 2012; 23(1):22–
8. doi: 10.1016/j.copbio.2011.10.014 PMID: 22104721.

76.

Teran W, Felipe A, Segura A, Rojas A, Ramos JL, Gallegos MT. Antibiotic-dependent induction of
Pseudomonas putida DOT-T1E TtgABC efflux pump is mediated by the drug binding repressor TtgR.
Antimicrob Agents Chemother. 2003; 47(10):3067–72. doi: 10.1128/aac.47.10.3067-3072.2003 PMID:
14506010.

77.

Duque E, Rodriguez-Herva J-J, de la Torre J, Dominguez-Cuevas P, Munoz-Rojas J, Ramos J-L. The
RpoT regulon of Pseudomonas putida DOT-T1E and its role in stress endurance against solvents. J
Bacteriol. 2007; 189(1):207–19. doi: 10.1128/jb.00950-06 PMID: 17071759.

78.

Roca A, Rodriguez-Herva J-J, Duque E, Ramos JL. Physiological responses of Pseudomonas putida
to formaldehyde during detoxification. Microbial Biotechnology. 2008; 1(2):158–69. doi: 10.1111/j.
1751-7915.2007.00014.x PMID: 21261833.

79.

Eaton RW. p-Cumate catabolic pathway in Pseudomonas putida F1: cloning and characterization of
DNA carrying the cmt operon. J Bacteriol. 1996; 178(5):1351–62. PMID: 8631713.

80.

Rojo F. Carbon catabolite repression in Pseudomonas: optimizing metabolic versatility and interactions
with the environment. FEMS Microbiol Rev. 2010; 34(5):658–84. doi: 10.1111/j.1574-6976.2010.
00218.x PMID: 20412307.

81.

Antonia Molina-Henares M, de la Torre J, Garcia-Salamanca A, Jesus Molina-Henares A, Carmen Herrera M, Ramos JL, et al. Identification of conditionally essential genes for growth of Pseudomonas
putida KT2440 on minimal medium through the screening of a genome-wide mutant library. Environ
Microbiol. 2010; 12(6):1468–85. doi: 10.1111/j.1462-2920.2010.02166.x PMID: 20158506.

82.

Angel Vences-Guzman M, Guan Z, Itzel Escobedo-Hinojosa W, Roberto Bermudez-Barrientos J, Geiger O, Sohlenkamp C. Discovery of a bifunctional acyltransferase responsible for ornithine lipid synthesis in Serratia proteamaculans. Environ. Microbio. 2015; 17(5):1487–96. doi: 10.1111/1462-2920.
12562 PMID: 25040623.

83.

Abbott DA, Zelle RM, Pronk JT, van Maris AJA. Metabolic engineering of Saccharomyces cerevisiae for
production of carboxylic acids: current status and challenges. FEMS Yeast Res. 2009; 9(8):1123–36.
doi: 10.1111/j.1567-1364.2009.00537.x PubMed WOS:000271264400001. PMID: 19566685

84.

Ramos JL, Duque E, Huertas MJ, Haidour A. Isolation and expansion of the catabolic potential of a
Pseudomonas-putida strain able to grow in the presence of high-concentrations of aromatic-hydrocarbons. J Bacteriol. 1995; 177(14):3911–6. PMID: 7608060.

PLOS ONE | DOI:10.1371/journal.pone.0156509 June 22, 2016

23 / 23

