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Abstract

Fourier transform-infrared (FT-IR) spectroscopy has become an important tool for rapid analysis of complex biological samples. The
infrared absorbance spectrum could be regarded as a “fingerprint” which is characteristic of biochemical substances. In this study,
Pseudomonas putida NCIMB 9869 was grown with either 3,5-xylenol or m-cresol as the sole carbon source, each inducing different
metabolic pathways form-cresol biotransformation. FT-IR spectroscopywas capable of differentiating both induced cultures ofP. putida
NCIMB 9869 as well as the resulting biotransformation product mixtures. FT-IR spectral analysis indicated that carboxylic acids were
key chemicals responsible for distinguishing the products of the two catabolic pathways. Gas chromatography–mass spectrometry (GC-
MS) was performed to validate the FT-IR analysis, indicating that two carboxylic acids, 3-hydroxybenzoic acid and 2,5-dihy-
droxybenzoic acid, were present as m-cresol biotransformation products from 3,5-xylenol-grown cells, but were absent in m-cresol-
grown cells. The ability to use FT-IR to rapidly distinguish between biotransformation product mixtures as well as differentially induced
bacterial strains suggests this approach might be a valuable tool for screening large biotransformation assays for novel products and
metabolic mutants.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction

Biological metabolites are usually associated with bio-
logical functions, enzymes, and gene expressions (Good-
acre et al., 2004). Analysis techniques have been
developed to measure biological metabolites such as,
GC-MS (gas chromatography–mass spectrometry), LC-
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MS (liquid chromatography–mass spectrometry) and
NMR (nuclear magnetic resonance) (for a review, please
see Fiehn, 2001). However, many of these techniques are
best suited for in-depth analysis of only a few biological
samples due to their capital, labour and time costs. In this
light, there is a niche for the development of a rapid,
inexpensive high-throughput technique that provides suf-
ficient interrogative power to distinguish bacterial strains
on a genetic, phenotypic and/or metabolic level. In recent
years, vibrational spectroscopies such as Fourier trans-
form infrared (FT-IR) (Goodacre et al., 2000, 1998;
Oberreuter et al., 2002) and Raman spectroscopy (Huang
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et al., 2004; Jarvis and Goodacre, 2004a,b; Maquelin
et al., 2002a, 2000; Schuster et al., 2000a,b; Singer et al.,
2005) have been developed for analysing many char-
acteristics of microbiological samples. Raman spectros-
copy has been developed into a powerful tool for DNA,
protein and bacterial classification analysis. However, the
approach is still not a sufficiently high throughput as
compared with Fourier transform infrared spectroscopy
(FT-IR).

FT-IR spectroscopy measures vibrations of functional
groups of chemicals. The advantages of this system are
minimal sample preparation, as well as being rapid, non-
invasive, accurate, automated, inexpensive and quanti-
tative. The absorbance spectrum generated by FT-IR can
be used to identify specific chemical features and can be
used as a ‘fingerprint’ for mixed, complex samples. FT-
IR spectroscopy has been demonstrated to be an effective
tool for interrogating bacterial strains (Goodacre et al.,
2000, 1998). However, its efficacy in differentiating met-
abolic changes of differentially induced bacteria or
genetically identical bacterial strains on different growth
substrates remains untested.

In this paper we investigate the ability of FT-IR to
distinguish two different m-cresol metabolic pathways in
Pseudomonas putida NCIMB 9869 after growth on 3,5-
xylenol or m-cresol (Hopper and Kemp, 1980; Jain et al.,
1991). After growth on 3,5-xylenol, P. putida NCIMB
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Fig. 1. Different pathways for metabolism of m-cresol. After growing
with 3,5-xylenol orm-cresol,P. putidaNCIMB9869 uses the gentisate or
catechol pathways for oxidising m-cresol (Hopper and Taylor, 1975).
9869 metabolises m-cresol via m-hydroxybenzoate fol-
lowing the gentisate pathway (Hopper and Taylor, 1975).
However, after growth on m-cresol, the bacterium met-
abolises m-cresol via 3-methylcatechol, which is further
metabolised through the catechol pathway viameta-fission
(Fig. 1, re-drawn based on Hopper and Taylor, 1975). The
FT-IR spectral fingerprint was used to identify key
chemical moieties in the biotransformation products that
distinguish the two metabolic pathways. GC-MS was car-
ried out to validate the FT-IR analysis.

In addition, FT-IR also examined three genetically
distinct bacterial strains (Escherichia coli DH5α, P. pu-
tida NCIMB 9816, Acinetobacter sp. (ADP1 and green
fluorescent protein (GFP)-labelled ADP1-21GF; Huang
et al., 2005a). The ability to use FT-IR to rapidly
distinguish between biotransformation product mixtures
as well as differentially induced bacterial strains without
interference from GFP-labelling suggests this approach
might be a valuable tool for screening large biotransfor-
mation assays for novel products as well as metabolic
mutants.

2. Materials and methods

2.1. Strains and growth conditions

The six bacterial strains used in this study were E. coli
DH5α, P. putida NCIMB 9816 (Cane and Williams,
1982),Acinetobacter sp. ADP1 (Juni and Janik, 1969) and
Acinetobacter sp. ADP1-21GF (a GFP gene was inserted
into areC region (Huang et al., 2005a)), whichwere grown
in 100-ml Luria-Bertani (LB) medium. P. putida NCIMB
9869 was grown in medium containing per litre,
Na2HPO4, 4.33 g; KH2PO4, 2.65 g; NH4Cl, salts solution
(Hopper and Taylor, 1975), 4.0 ml; and either m-cresol
(0.03% w/v) or 3,5-xylenol (0.03% w/v) as sole carbon
source. P. putida NCIMB 9816, Acinetobacter sp. ADP1
andAcinetobacter sp. ADP1-21GFwere grown for 16 h at
28 °C and E. coli DH5α at 37 °C. P. putida NCIMB 9869
was grown for 16 h at 30 °C. Each strain was prepared in
quadruplicate. Cells were harvested by centrifugation at
3000 rpm, for 10 min, and washed three times with 0.85%
NaCl and resuspended in 0.85%NaCl achieving 109 cells/
ml before FT-IR measurement.

2.2. Oxidation of m-cresol by P. putida NCIMB 9869

P. putida NCIMB 9869 biodegrades m-cresol via m-
hydroxybenzoate after growth on 3,5-xylenol, following
the gentisate pathway (Hopper and Taylor, 1975). How-
ever, after growth on m-cresol, the bacterium metabo-
lises m-cresol via 3-methylcatechol, which is further
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metabolised through the catechol pathway via meta-
fission (Fig. 1).

One hundred-milliliter cultures of P. putida NCIMB
9869were grownwithm-cresol (0.03%w/v) or 3,5-xylenol
(0.03% w/v) as the sole carbon source. Five replicates of
each treatment were performed. Stationary-phase cultures
were harvested by centrifugation (12000×g for 10min) and
each resuspended in 2 ml of 42 mM phosphate buffer, pH
7.0. The 3,5-xylenol grown suspensions contained about
4.2 mg cells dry wt./ml and the m-cresol grown culture
about 6 mg cells dry wt./ml. These cultures were used to
oxidize m-cresol at 30 °C in a conventional Warburg ap-
paratus. The flasks contained 1.6 ml cell suspension (in
phosphate buffer solution), 0.2 ml 20% (w/v) KOH and
0.2 ml of 20 mM m-cresol. At the point where oxygen
uptake plateaued (slope approaches zero, Fig. 3), cells were
removed by centrifugation and the supernatant filtered
(0.2 μm filter); the filtrate was analysed by FT-IR. Each
sample was run eight times.

2.3. FT-IR analysis of bacterial strains

Analysis of each bacterial strain and metabolite
filtrate sample was performed (Goodacre et al., 2000,
1998) by adding a 10 μl sample into a 100-well alumi-
nium plate in quadruplicate. Before analysis, samples
were dried in an oven at 50 °C oven for 30 min. FT-IR
analysis was performed using a Bruker IFS28 FT-IR spec-
trometer equipped with a mercury–cadmium–telluride
detector cooled with liquid N2. Spectrums were collected
with Opus software (version 2.1), using a scan range of
4000–600 cm−1 and a resolution of 4 cm−1; each spec-
trum was represented by 882 points.

2.4. Cluster analysis

ASCII data were imported intoMatlab version 6.1 (The
MathWorks, Inc., 24 Prime Par Way, Natick, MA, USA)
and normalised with the smallest absorbance set to 0 and
the highest to +1 for each spectrum. Principal components
analysis (PCA; Jolliffe, 1986) was employed to reduce the
dimensionality of the FT-IR data from 882 to 20 principal
components (PCs) (N99% of the total explained variance).
Discriminant function analysis (DFA; Manly, 1994) sep-
arated groups based on these retained PCs and the a priori
knowledge of which spectra were replicates, a process that
does not bias the analysis. DFA was performed to max-
imize between-group variance andminimize within-group
variance. To validate discrimination performed by DFA,
projection analysis was employed to project test data to
PCA space and DFA space generated by the training set.
Briefly, PC-DFA was carried out as detailed above,
randomly chosen test FT-IR spectra, which were not
used in the construction of the PC-DFA model, were
mathematically projected first into PCA space and then
into DFA space generated by the training set (Jarvis and
Goodacre, 2004a,b).

The key bands contributing to DFA classifications
were recovered by inspection of PC-DFA loadings ran-
king or genetic algorithm (GA)-DFA analysis (Jarvis and
Goodacre, 2004a,b). These variables were used to re-
perform DFA analysis and the data would be considered
validated if the re-plotted PC-DFAwas the same as in the
previous PC-DFA analysis. The most discriminatory
bands for DFA classification were recovered, and DFA
analyses were re-performed for classification by using 11
or 15 of 882 most contributed bands.

2.5. Gas chromatography analysis

One hundred-microliter filtrates were dried by vacuum
extraction (DNA speed Vac, DNA 120, Savant Co.) and
resuspended in 50 μl methanol for analysis by gas chro-
matography–mass spectroscopy (GC-MS) measurement.
Derivatization of dried extracts was achieved by protecting
the carbonyl moieties by methoximation using 100 μl of a
20 mg ml−1 solution of methoxyamine hydrochloride
(Fluka) in pyridine (Fluka) at 30 °C for 90 min. Acidic
protons were subsequently derivatized with 100 μl N-
methyl-N-trimethylsilyltrifluoride (MSTFA, M and N) at
37 °C for 30 min. Samples of 2 μl of the extracts were
injected into a GC-MS system consisting of a Focus
autosampler (ATAS), anAgilent 6890Ngas chromatograph
and a Leco Pegasus III Time-of-Flight detector. Injection
temperaturewas 250 °C, the interfacewas set to 260 °C and
the ion source was adjusted to 230 °C. Helium flow was
1 ml min−1. After 5 min at 80 °C, oven temperature was
increased by 60 °C min−1 to 330 °C, held at 330 °C for
5 min and cooled to 80 °C. Peak finding was performed
using ChromaTof software (Leco). Salicylic acid in sam-
ples was quantified using a three-point calibration of
standard solutions prepared and analysed accordingly.

3. Results and discussion

3.1. Bacterial strains classification by FT-IR analysis

Six bacterial strains, E. coli DH5α, P. putida NCIMB
9816, Acinetobacter sp. ADP1 and its mutant Acineto-
bacter sp. ADP1-21GF and P. putida NCIMB 9869,
were measured by FT-IR after growth in the described
conditions. Statistical analysis of projection PC-DFA
was applied to the classification with the results plotted
in Fig. 2A. To validate the DFA analysis 12 spectra of
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each bacterium were used as a training data set to con-
struct a classification system and 4 independent spectra
were used as the test set. Each test set clustered amongst
the data present within its training set, thus validating the
groupings observed (Fig. 2A). The first discriminant
function (DF1) indicates the highest variation and DF2
demonstrates the second highest variation. The testing
data were all correctly allocated into their training clus-
ters and therefore validated the classification. Fig. 2A
shows that four different strains (E. coliDH5α, P. putida
NCIMB 9816, Acinetobacter sp. and P. putida NCIMB
9869) were clustered at four different positions on DF1.
Acinetobacter sp. ADP1 and ADP1-21GF also closely
clustered (Fig. 2A), reinforcing the fact that they are of
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Fig. 2. Bacterial FT-IR classification. (A) DFA classification with cross-valid
between the six bacterial samples. Normal letters represent training set and ital
were selected from 100 independent GA-DFA runs. The higher frequency lines, t
plot only based on 11 most contributed bands (1747–1728, 1689–1685, 1666,
follows; P. putidaNCIMB 9869 growthm-cresol (m), P. putidaNCIMB 9869 g
Acinetobacter sp. ADP1 (a), and Acinetobacter sp. ADP1-21GF (b).
the same genus and species, differing only in that
ADPW21-GF is engineered with a constitutively ex-
pressed GFP (Huang et al., 2005a). The tight clustering
of these strain variants indicates that GFP expression
does not lead to significant changes in the FT-IR profile,
presumably because the laser scan wavelengths of FT-IR
are in the infrared region. Moreover, the tight clustering
of these strain variants indicates that GFP expression
does not lead to significant changes in the FT-IR profile,
presumably because the FT-IR laser scan wavelengths
(infrared region) could not excite the GFP protein.

Although P. putida NCIMB 9869 and P. putida NC
IMB 9816 are closely related strains, their large sepa-
ration indicates growth media might have significant
)

50010001500200025003000350040004500
0

0.5

1

Wavenumber (cm-1)

0

10

20

F
re

qu
en

cy
 (

%
)

1 1.5 2

n

n
n

nn

n nn
n nn

n nn
n

unction 1

ation based on FT-IR bacterial measurements. It shows the relationship
ic bold represent independent test set. (B) Most frequent FT-IR variables
hemore significant bands responsible for theDFA classification. (C)DFA
1643, 1631 cm−1) which are derived from Table 1. Bacteria are coded as
rowth with 3,5-xylenol (x), E. coli DH5α (e), P. putidaNCIMB 9816, (n),



Table 1
Putative assignments of some bands most contributed for bacteria classification

DF top loadings (cm−1) Most frequently selected wavenumbers
(cm−1) by genetic algorithm

Assignment (Coates, 2000; Maquelin et al., 2002b)

DF1
1740 1740 NC_O str of esters
1736 1736 NC_O str of esters
1743 1743 C_O stretch from amide I region
1747 1747 C_O stretch from amide I region
1732 1732 NC_O str of esters
1632 Amide I of β-pleated sheet structures
1666 1666 Alkenyl C_C stretch
1643 1643 Alkenyl C_C stretch
1728 1728 NC_O str of esters
1018 Cyclohexane ring vibrations
1022 Cyclohexane ring vibrations

DF2
1685 Amide I band components resulting from antiparallel pleated sheets and

β-turns of proteins
1701 Amide I band components resulting from antiparallel

pleated sheets and β-turns of proteins
1736 NC_O stretch of esters
1697 Amide I band components

resulting from antiparallel pleated sheets and β-turns of proteins amide I band
1690 Amide I band components resulting from antiparallel

pleated sheets and β-turns of proteins
957 Aromatic C–H in-plane bend
960 Aromatic C–H in-plane bend
1693 Amide I band components resulting from antiparallel pleated sheets and

β-turns of proteins
953 Aromatic C–H in-plane bend
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Fig. 3. The oxidation of m-cresol by P. putida grown on m-cresol (○)
or 3,5-xylenol (•). The uptake for the endogenous flask has been
subtracted in each case.
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effects on bacterial FT-IR spectra (Fig. 2A). Of particular
note, P. putida NCIMB 9869 growing in m-cresol
(0.03% w/v) and 3,5-xylenol were positioned closely
against DF1 but differently against DF2, suggesting that
the growth medium induced the synthesis of different
enzyme systems and led to the changes of bacterial met-
abolic profiles (Hopper and Taylor, 1975) which were
distinguishable by FT-IR.

Key bands contributing to DFA classification in Fig.
2Awere identified by examining PC-DFA loadings and
carrying out 100 independent GA (genetic algorithm)-
DFA analysis. The recovered bands by PC-DFA loading
ranking and genetic algorithm (GA)-DFA analysis (Jarvis
and Goodacre, 2004a,b) were compared and the results
are listed in Table 1 along with their biological relevance.
The frequently selected bands of GA-DFA runs are shown
in Fig. 2B. Both DFA loading and GA-DFA analyses
indicate similar key bands which represent mostly fatty
acids and proteins responsible for classification (Table 1).
Among these key bands, interestingly, 1747 cm−1 was
also extracted as key for classification of urinary tract
isolates (Goodacre et al., 1998; Jarvis and Goodacre,
2005). Using 11 (1747–1728, 1689–1685, 1666, 1643,
1631 cm−1) of 882 bands extracted from these DFA
loadings andGA-DFA analyses, a newDFA classification
was plotted (Fig. 2C) further emphasizing the relevance of
these bands in differentiating the six bacterial strains.

Variations in gene expression could lead to changes
in bacterial metabolic profiles. Since FT-IR is measuring
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chemical fingerprints, it could be insensitive to the GFP
protein but sensitive enough to differentiate the bacteria
with subtle metabolic changes. Hence, FT-IR could be
potentially used as a rapid tool to screen for metabolic
pathway mutants.

3.2. Oxidation of and classification of different m-cresol
catabolic pathways

Some biodegradation genes are induced bymetabolites
of the parent compounds, for example, operons of naph-
thalene or other polycyclic aromatic hydrocarbons are
usually activated by salicylate or phthalate, rather than
naphthalene (King et al., 1990; Mahaffey et al., 1988).
Presumably, bacteria could release some water-soluble met-
abolites or inducers to rapidly induce and activate degra-
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Fig. 4. FT-IR metabolic classification. (A) DFA classification with cross-val
italic bold represent independent test set. (B) DFA plot only based on the m
which are derived from Table 2. Samples are coded as follows; P. putida NC
cresol oxidization (x); when grown with m-cresol, it uses the catechol pathwa
replicates of experiments.
dation operons of their sibling cells. Intermediate
metabolites are often detectable in the aqueous phase
during degradation (Huang et al., 2005b). It has been
reported that 3-hydroxybenzoic acid and 2,5-dihydrox-
ybenzoic acid can accumulate in media as well as induce
catabolic pathways (Feng et al., 1999; Zhao et al., 2004,
2005).

Complete oxidation of m-cresol by whole cells of m-
cresol-grown P. putida NCIMB 9869 was achieved in
30 min, whereas 3,5-xylenol-grown cells required
46 min (Fig. 3). GC-MS analysis indicated that 3-
hydroxybenzoic acid and 2,5-dihydroxybenzoic acid
(gentisic acid) were present in cell-free solution after 3,5-
xylenol-grown cells oxidized m-cresol, but were absent
in assays carried out by m-cresol-grown cells (data not
shown). This is in good agreement with the m-cresol
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Table 2
Putative assignments of some bands most contributed for metabolites
classification

DF1 top loadings, wavenumbers (cm−1) Assignment (Coates, 2000)

1562 Carboxylic acid
1566 Carboxylic acid
1558 Carboxylic acid
1570 Carboxylic acid
1454 Aromatic ring stretch
1377 Carboxylic acid
1470 Aromatic ring stretch
1381 Carboxylic acid
1373 Carboxylic acid
1466 Aromatic ring stretch
1473 Aromatic ring stretch
1369 Carboxylic acid
1462 Aromatic ring stretch
1385 Carboxylic acid
1389 Carboxylic acid
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oxidization pathways of P. putida NCIMB 9869 shown
in Fig. 1.

The differentially induced cells, representing the two
pathways of m-cresol oxidization were clearly separated
by DFA (Fig. 4A) and the testing data all correctly allo-
cated into their training clusters validating the classi-
fication. Greater variation was seen in the results for 3,5-
xylenol-grown cells than for m-cresol-grown cells. This
might be explained by the fact that m-cresol induces the
catechol rather than the gentisate pathway (Fig. 1). The
induction of another active metabolic pathway in 3,5-
xylenol-grown cells might have introduced some varia-
tions between samples, whereas no such metabolic shift
occurred in the m-cresol-grown cells. DFA loadings of
Fig. 4Awere inspected and 15 bands, detailed in Table 2,
were determined to contribute most significantly to the
differentiation, most notably the aromatic ring and car-
boxylic acid moieties. These moieties are consistent with
the induced pathway of P. putida NCIMB 9869 (Fig. 1).

The gentisate pathway generates both 3-hydroxyben-
zoic acid and 2,5-dihydroxybenzoic acid (Fig. 1), whereas
the catechol pathway generates 3-methylcatechol (Fig. 1).
GC-MS data indicates that both biotransformation product
mixtures contained sugar-like compounds, but traces of 3-
hydroxybenzoic acid and 2,5-dihydroxybenzoic acid were
only present in the medium of 3,5-xylenol-grown cells
after oxidation of m-cresol, thereby confirming the expre-
ssion of the gentisate pathway. 3-Methylcatechol was not
detected as a product of m-cresol biodegradation by m-
cresol-grown cells.

Since PC-DFA loading ranking and GA-DFA generat-
ed consistent results (Table 1), we only used PC-DFA
loading ranking to recover key FT-IR bands (Table 2). GC-
MS analysis was in good agreement with FT-IR analysis
which showed that bands of carboxylic acids and aromatic
rings were responsible for the difference between the two
pathways (Table 2). To validate the significance of these
bands, 15 bands of carboxylic acids and aromatic rings
(1558–1573, 1461–1469, 1365–1388 cm−1) from a total
of 882 bands were taken out and re-analyzed. The two
oxidization pathways can be differentiated by PCA. A bi-
PCA is plotted in Fig. 4B confirmed the significance of
these bands.

In conclusion, FT-IR spectral fingerprints were shown
to differentiate metabolic pathways ofm-cresol within the
same bacterial strain. Statistical analysis has identified
that carboxylic acid was a key chemical moiety differen-
tiating the products of the two pathways. GC-MS valida-
ted the FT-IR analysis suggesting that the carboxylic acids
3-hydroxybenzoic acid and 2,5-dihydroxybenzoic acid
were the chemical products unique to the 3,5-xylenol-
grown cell biotransformation. Hence, FT-IR might pro-
vide a rapid, non-destructive, cost-effective approach for
assessing the production of novel chemicals in complex
matrices.
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