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High-throughput phenotyping of uropathogenic E. coli
isolates with Fourier transform infrared spectroscopy†

Haitham AlRabiah,a Elon Correa,a Mathew Uptonb and Royston Goodacre*a

Fourier transform infrared (FT-IR) spectroscopy is an established rapid whole-organism fingerprinting

method that generates metabolic fingerprints from bacteria that reflect the phenotype of the

microorganism under investigation. However, whilst FT-IR spectroscopy is fast (typically 10 s to 1 min per

sample), the approaches for microbial sample preparation can be time consuming as plate culture or

shake flasks are used for growth of the organism. We report a new approach that allows micro-

cultivation of bacteria from low volumes (typically 200 mL) to be coupled with FT-IR spectroscopy. This

approach is fast and easy to perform and gives equivalent data to the lengthier and more expensive

shake flask cultivations (sample volume ¼ 20 mL). With this micro-culture approach we also

demonstrate high reproducibility of the metabolic fingerprints. The approach allowed separation of

different isolates of Escherichia coli involved in urinary tract infection, including members of the globally

disseminated ST131 clone, with respect to both genotype and resistance or otherwise to the antibiotic

Ciprofloxacin.
Introduction

One of themost common infections in humans, and in females in
particular, is urinary tract infection (UTI). Research has led to the
assumption that worldwide UTI will affect approximately 50% of
women at some point in their lives.1,2 Of these approximately 50%
will have recurrent UTI and some of these women will suffer from
chronic UTIs.3 Escherichia coli is the microorganism most
commonly contributing to UTI (both community and nosocomial
(an infection acquired whilst in hospital)).4 In an international
survey of midstream urine samples taken at 252 centres in 17
countries it was found that 77% of all isolates, 80% of general
infections and40%ofnosocomial infections couldbe attributed to
E. coli.5,6 More recent molecular epidemiological analyses indicate
that a relatively limited number of clones of uropathogenic E. coli
(UPEC) cause themajority of UTI andmembers of these clones are
oen multi-drug resistant.7 A particularly important clone is
sequence type (ST)131, which is globally disseminated.8

In order to identify UTI pathogens traditional biochemical
methods based on growth and nutritional properties are used.
However, in general these are protracted (based on the growth
rate of the pathogen), which can compromise the effectiveness
of treatment of infections. Whilst recent molecular techniques
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have led to more rapid solutions for characterising microor-
ganisms, unfortunately they tend to rely on already know DNA
sequences for identication and the costs incurred by such
methods, coupled with the highly specialised equipment render
them impractical for use in routine laboratories.9,10 Therefore
fast, accurate, automated methods that are relatively inexpen-
sive need to be developed. The ideal technique would be
successful in identifying sources of infection effectively as well
as making differentiation to sub-species level possible, for
epidemiological purposes. One possible solution for this so-
called whole organism ngerprinting is Fourier transform
infrared (FT-IR) spectroscopy, which is an effective technique
for bacterial identication and discrimination. The advantages
of this method are that it is non-destructive and can create
distinct spectral ngerprints for different microorganisms.11–13

The FT-IR spectra generated from bacteria can be used to
examine cell components such as proteins, nucleic acids,
carbohydrates and lipids, and are manifest due to the vibra-
tional modes of different functional group complements within
these biochemical classes.14 Research has shown that FT-IR
spectroscopy, alongside multivariate data analysis, can give
quick, user friendly, relatively inexpensive screening with the
ability to differentiate bacteria at different taxonomic levels.15–18

Current methods for FT-IR require that the bacteria are grown
and then sampled and this can be labour intensive when many
different bacterial isolates need to be analysed. Whilst Naumann
and colleagues have increased the speed of analysis using micro-
cultivation and infrared analysis via FT-IR microscopy, this
unfortunately requires expensive instrumentation and quite
detailed image analysis for automation.19 Thus, the aim of this
Analyst, 2013, 138, 1363–1369 | 1363
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study was to develop a high throughput methodology that readily
couples bacterial growth requirements with FT-IR spectroscopy.
This approach we illustrate for the discrimination between UPEC
isolates with different genetic sequence types and different
susceptibilities to quinolones; a group of antibiotics that inhibit
nucleic acid synthesis directly by targeting DNA gyrase and
topoisomerase IV. The developed method is rapid, less labour
intensive than larger scale approaches and up to 200 samples can
be simultaneously analysed under identical growth conditions,
which is a prerequisite forwhole organismngerprintingmethods
that measure bacterial phenotype rather than genotype per se.

Materials and methods
1.1 Microorganisms

TenUPEC isolates were recovered fromurine samples submitted
to the bacteriology laboratory at CentralManchester Foundation
Trust. These consisted of two isolates that were quinolone
sensitive (isolates 173 and 191 of ST131) and eight isolates that
were quinolone resistant (isolates 160, 163 and 164 of ST131;
isolates 152, 161, 162, 169 and 171 that were non-ST131).

Each isolate was streaked on an agar plate to obtain axenic
colonies. Biomass was collected from these single colonies to
prepare 1 mL 20% glycerol working inocula stocks, which were
stored at�20 �C. Isolates were routinely cultured in LB medium
at 37 �C for 18 h.

1.2 Media

Lysogeny broth (LB) was prepared by dissolving 10 g of tryptone
(Formedia, Hunstanton, UK), 5 g of yeast extract (USP, Cleve-
land, USA) and 10 g of sodium chloride (Fisher Scientic Ltd,
Loughborough, UK), in 1 L of reverse osmosis water and aer
this it was autoclaved (121 �C, 15 min and 15 psi).

1.3 Antibiotics

In order to calculate the minimum inhibitory concentration
(MIC) for Ciprooxacin, 100 mg of the hydrochloride salt
(Discovery ne chemicals, Dorset, UK) was dissolved in 50 mL
distilled water. The nal concentrations tested were: 100, 80, 50,
40, 25, 20, 12.5, 10, 8, 6.25, 5, 3.125, 2.5, 1.56, 1.25, 1, 0.78, 0.625,
0.5, 0.39, 0.3125, 0.3, 0.25, 0.1563, 0.1, 0.078, 0.05, 0.039, 0.03,
0.025, 0.02, 0.0195, and 0.0025 mg L�1 according to ref. 20.

1.4 Growth conditions

For the start of each experiment, 49mLofmediumwas inoculated
with 1 mL of working stock from the freezer and incubated at 37
�C, in a shaking incubator at 200 rpm for 24 h. Aer incubation
overnight, cultures (1 mL) were diluted with 49 mL fresh media
and further incubated at 37 �C, 200 rpm for 1 h. These new axenic
cultures were diluted to 0.5McFarland standard at optical density
(OD) 600 nm using Biomate 5 (Thermo, Hemel Hempstead, UK)
and used as experimental inocula.

In order to standardise the inocula for growth curve experi-
ments, 10 mL of the culture was diluted and washed two times
with physiological saline (0.9% NaCl). The bacterial turbidity
was adjusted to be equivalent to a 0.5 McFarland standard (OD
0.1 � 0.02) at optical density (OD) 600 nm using a Biomate 5
(Thermo, Hemel Hempstead, UK).
1364 | Analyst, 2013, 138, 1363–1369
The bacterial growth curves (typically n ¼ 5 per experiment)
were measured at OD 600 nm in a bioscreen spectrophotometer
(Labsystems, Basingstoke, UK). This ‘bioscreen’ was run at the
following settings: 10 min preheating, then an incubation
temperature of 37 �C, with continuous medium shake,
measurement interval of 10 min and in general 18 h for the total
experiment. Typical growth curves, including when bacteria
were exposed to antibiotics, are shown in Fig. S1.†
1.5 FT-IR spectroscopy

1.5.1 Sample preparation. Five different methods of
sample preparation were investigated in order to develop a
high-throughput method for discrimination between E. coli
isolates of different clonal lineages; see ESI Fig. S2 and S3† for
cartoons of this process.

1.5.1.1 Method 1. 19 mL of LB medium was inoculated with
1 mL of 0.5 McFarland standard equivalent inocula of patho-
genic isolates (see Section 1.4) in 100 mL asks and incubated
for 18 h at 37 �C and 200 rpm. 450 mL from each culture was
collected and the biomass was washed 3 times with normal
saline and re-suspended in 400 mL of normal saline. 20 mL was
spotted onto a zinc selenide (ZnSe) plate (Bruker Ltd, Coventry,
UK) and oven dried at 40 �C for 45 min.

1.5.1.2 Method 2. 19 mL of LB medium was inoculated with
1 mL of 0.5 McFarland standard inocula of pathogenic isolates
in 100 mL asks and incubated for 18 h at 37 �C and 200 rpm.
20 mL from each ask was spotted directly onto a ZnSe plate and
oven dried at 40 �C for 45 min.

1.5.1.3 Method 3. 190 mL of LB medium was inoculated with
10 mL of 0.5 McFarland standard inocula of pathogenic isolates
(seeSection1.4) inabioscreenplate and incubatedasdescribed in
Section 1.4. In order to produce enough biomass each condition
was cultured in 5 wells and 150 mL from each well was collected
andmixed. 20mL fromeachwellwas collected andspotteddirectly
on to a ZnSe plate and oven dried at 40 �C for 45 min.

1.5.1.4 Method 4. This was identical to Method 3 except that
aer collection the biomass was washed 3 times with normal
saline and re-suspended in 400 mL of normal saline. 20 mL was
spotted onto a ZnSe plate and oven dried at 40 �C for 45 min.

1.5.1.5 Method 5. The supernatants from Method 4 were
also collected and 20 mL was spotted on a ZnSe plate and oven
dried at 40 �C for 45 min.

1.5.2 Instrumentation. Prior to analysis 96-well ZnSe plates
were washed with 10% sodium dodecyl sulfate (SDS) solution,
rinsed three times with deionised water and then rinsed three
times with analytical grade propan-2-ol. The plates were nally
rinsed with deionised water and air-dried at room temperature.

High throughput screening (HTS) FT-IR spectroscopic anal-
ysis was carried out using a Bruker Equinox 55 infrared spec-
trometer (Bruker Ltd, Coventry, UK) equipped with an HTX�
module using previously published methods.21 FT-IR spectra
were recorded directly from the dried cell biomass in trans-
mission mode using a deuterated triglycine sulfate (DTGS)
detector. A background spectrum was collected for each
measurement from the reference well position (A1, 94 104 mm,
18 720 mm) of the ZnSe plates. All spectra were obtained in the
This journal is ª The Royal Society of Chemistry 2013
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Table 1 MIC of Ciprofloxacin hydrochloride for pathogenic isolates of E. coli of
different sequence types (ST131 and non-ST131) with different susceptibilities to
quinolones

Isolate
number

Sequence
type

Quinolone
phenotype

MIC range
determinationa (mg L)

152 non-
ST131

R 0.25–0.1

161 non-
ST131

R No effect

162 non-
ST131

R 12.5–10

169 non-
ST131

R No effect

171 non-
ST131

R 0.5–0.25

160 ST131 R No effect
163 ST131 R No effect
164 ST131 R 45–50
173 ST131 S 0.03–0.02
191 ST131 S 0.05–0.03

a The highest concentration used from Ciprooxacin hydrochloride is
100 mg L�1; R and S, indicate resistance or susceptibility to
quinolones, respectively.
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4000–600 cm�1 range, and 64 scans were acquired at 4 cm�1

resolution. These experimental conditions were maintained
during all measurements. Spectra acquisition and spectral
background subtractions were performed using OPUS soware
(Bruker Ltd, UK). The FTIR data were converted and analysed by
MATLAB 2010a (TheMathworks Inc., Natwick, US) andR version
2.13.1 (R Foundation for Statistical Computing, Vienna, Austria).

1.5.3 Data analysis. FT-IR data were rst baseline corrected
according to the extended multiplicative signal correction
(EMSC) scaling method22 then CO2 signals from (i) 2400–
2275 cm�1 were removed from the spectra (and lled with a
trend) and (ii) below 700 cm�1 were also removed21 because they
might be considered to be misleading by causing spurious
variations on multivariate analysis. The EMSC method was
originally developed to reduce the disturbing effect of light-
scattering, due to small particles scattering light more than
larger ones.23 This type of normalisation takes the information
registered in the spectra and attempts to separate physical light-
scattering effects from the actual light absorbed by molecules.

Data were then analysed using principal component analysis
(PCA). PCA is an unsupervised method with no a priori knowl-
edge of experimental structure and is used to reduce the
dimensionality of the data. The objective of PCA is to explain the
variance–covariance structure of a set of variables through a few
linear combinations of these variables.24 Much of the original
data variability can be accounted for by a small number of
principal components (PCs), which are then used for data
reduction and visual data interpretation. The PCA results are
discussed in terms of PCA scores and loadings; the PCs are the
transformed variable values and the loadings are the weights by
which the original data variables should be multiplied to obtain
the component scores. Aer PCA, a supervised method, known
as discriminant function analysis (DFA) was applied to the PCs
(i.e. PC-DFA). PC-DFA depends on the prior knowledge of
experimental structure (i.e., the experimental class structure)
and retained PCs to discriminate between groups (different
classes).25,26 DFA is a supervised technique that discriminates
groups using a priori knowledge of class membership. The
algorithm works to maximise between-group variance and
minimise within-group variance.27 In the present work, the PCs
were used as inputs for DFA and the results were validated by
1000 bootstrap cross-validations. In this process 50 PC-DFA
models were built which had from the 1st to the nth PC selected
(where n was set to a maximum of 50). Each of the models was
rigorously tested using resampling methods to check that the
clustering was not over-tted. Bootstrap is a re-sampling tech-
nique that can be applied as cross-validation to estimate the
prediction performance of a model. The basic idea of this
method is to select randomly, with replacement, N samples
from a set containing exactly N samples. All selected samples,
including the repetitions, are then used as training set and the
non-selected samples are used as test set.28 One can think of
this as having all samples analysed (N ¼ ||X|| for our case) in a
bag. A single sample is then taken out of the bag randomly and
its number noted – this sample now forms part of the training
data, and the sample is placed back into the bag. This random
sample picking process is repeated until ||X|| samples are in the
This journal is ª The Royal Society of Chemistry 2013
training set. Some samples will be used multiple times, and on
average 63.2% of all of the samples will have been selected for
training, and the remaining 36.8% will be used as the test data.

For the best model, which was typically built using the rst
30 PCs, 1000 bootstraps were conducted (i.e., 1000 PC-DFA
models were generated) and statistics performed on the test set
only. We calculated 95% condence interval (CI) and in the PC-
DFA scores plots quote in parentheses the lower and upper
bounds of the CI obtained for all 1000 models, we also provide
the chi-square (c2) statistics computed on the contingency table
represented by the classication matrix, also known as confu-
sion matrix, built over the 1000 models. The objective of this c2

test was to compare the difference between the mean expected
(real instances) and the mean observed (predicted instances)
values in terms of the true positive, true negative, false positive
and false negative cells of the classication matrix. The null
hypothesis is that the expected and observed means are equal,
which would suggest that the models are accurate. Therefore,
the higher the p-value of the c2 statistics (closer to 1) the
stronger the evidence is to fail to reject the null hypothesis and
thus the models are considered statistically valid.

Conversion of FT-IR absorbance spectra to an XY data matrix
and the following multivariate data analyses were performed in
MATLAB 2010a and R version 2.13. All scripts used for data
analysis are available from the authors on request.

Results and discussions

Pathogenic isolates of E. coli of different sequence types (ST131
and non-ST131) were challenged with different concentrations
of Ciprooxacin hydrochloride, which is completely soluble in
water,20 to determine the susceptibility to the drug and the MIC
of each isolate (Fig. S1† displays example growth curves). It was
found that isolates 160, 161, 163 and 169 were fully resistant,
whilst isolates 173 and 191 were fully sensitive. In addition,
Analyst, 2013, 138, 1363–1369 | 1365
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Fig. 1 (a) Raw FT-IR spectra obtained from isolates 152, 160, 161, 162, 163, 164, 169, 171, 173 and 191 before washing the bacterial cells; the spectra are offset in the
Y-axis for ease of visualisation. (b) PC-DFA scores plot of FT-IR spectra from the non-washed samples (30 PCs were extracted from PCA and used as inputs to DFA, these
30 PCs explain 99.97% of the totals explained variance); the legend beside the plot shows the 95% confidence interval for the 10 bacterial isolates estimated from the
DFA model validation over 1000 independent bootstrap cross-validations.
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isolates 152, 162, 164 and 171 showed different levels of
susceptibility to Ciprooxacin (Table 1).

Initial experiments in micro-culture on the bioscreen
instrument were conducted using a modied method of sample
preparation on just two isolates (162 and 163); these were
chosen as they had different gene sequences and the results
were compared with those of the standard shake ask method.
The rst step in modifying the conditions was the use of a
bioscreen plate rather than asks, which has some advantages
1366 | Analyst, 2013, 138, 1363–1369
over the usual method of preparing samples in shaking asks.
First, it is less laborious because the growth curves are gener-
ated directly and the same culture can then be used for analysis
by FT-IR. This allows more condence as growth prole and
FT-IR spectra are from exactly the same biological replicate. It is
also more accurate, because the automation process in the
bioscreen eliminates errors and reduces the variation that
might be produced by manual techniques. Another advantage is
that the effort of the manual technique is reduced. Finally,
This journal is ª The Royal Society of Chemistry 2013
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bioscreens have enough room to handle two 100-well sterile
honeycomb plates, making it possible to run 200 samples at the
same time under exactly the same conditions, which is difficult
when following the classical microbial growth method.

To compare the new method and the shake ask method on
isolates 162 and 163, each was cultured in multiple biological
replicates both in bioscreen plates and in 100 mL asks, under
the same conditions. Aer growth the biomass was collected
(Fig. S2 and S3†) and analysed using FT-IR spectroscopy either
directly or aer washing with physiological saline. The data
from FT-IR were subjected to PCA and the four scores plots from
each of the four different conditions are reported in the ESI
(Fig. S4).† An additional plot of all cultures together (Fig. S5†)
also helps illustrate the effects of washing and of culturing in
bioscreen plates versus shake asks. A clear distinction between
these isolates regardless of the method of culturing can be
observed and this is irrespective of the culture volume of the two
methods: 20 mL for the ask cultures compared to just 200 mL
in the bioscreen micro-culture instrument.

As the previous experiments showed that micro-culture and
asks gave equivalent clustering and considering the advan-
tages of the micro-cultivation strategy this approach was
explored further. Another series of experiments on ten isolates
was conducted to determine the effects of biomass washing by
analysing the samples in three different preparation methods:
direct analysis (non-washed samples), washed samples, and the
supernatants from the washed samples were also analysed by
FT-IR spectroscopy and the resulting spectroscopic ngerprints
compared using cluster analysis.

The FT-IR spectra from the direct analysis of the bacterial
biomass is shown in Fig. 1a and these all display very similar
features and this demonstrates the need for cluster analysis
using PC-DFA. It can be see clearly from Fig. 1b that isolates of
ST131 formed a denite and tight cluster that was located on
the right (positive side) of DF1, while non-ST131 isolates were
spread on the le (negative side) of DF1. This separation
according to ST was encouraging from these non-washed
samples and was not observed in either the supernatants
(Fig. S6†) or washed samples (Fig. S7†). Further analysis of the
STs individually from the non-washed samples (Fig. 2) revealed
that there did appear to be some separation according to
whether the E. coli isolates were resistant or otherwise to
Ciprooxacin. This was not observed in the washed bacterial
cells or their supernatants (data not shown).

If we inspect Fig. 2 in more detail it can be readily observed
that the sensitive isolates (red symbols) were generally closer to
each other compared with the resistant isolates (blue symbols)
in both ST131 and non-ST131 bacteria. With respect to ST131
isolates (Fig. 2a), another potential advantage of this FT-IR
spectroscopic analysis is that the distribution of these isolates
with the same genetic sequence might depend on their
susceptibility to Ciprooxacin since the sensitive ones are
separated from resistant isolates in the second discriminant
function (DF2).

In simple terms, the main differences between these sample
preparation methods are that the direct analysis will measure
everything: the bacteria themselves aswell as any effect they have
This journal is ª The Royal Society of Chemistry 2013
had on medium consumption and bacterial excretions (exome-
tabolome). Whilst during the washing process these two factors
are recovered and analysed separately. As the differences
between the direct analysis and the other two sample prepara-
tionmethods are so profound, they do require some explanation.

The rst area where difference may occur is due changes to
the medium during growth. The non-washed samples of
isolates from both ST groups contained the media and the
discrimination might be due to members of one ST preferen-
tially consuming specic ingredients in the medium more than
the other ST.29 Whilst differentiation was not obviously mani-
fest in the supernatant analysis (Fig. S6†), combination of the
supernatant with the cells may have contributed to spectral
differences clearly observed with respect to ST (Fig. 2). It has
been reported previously that different E. coli strains utilise
different compounds,30,31 which supports the above hypothesis
and we have recently demonstrated that UPEC from different
STs vary signicantly in their metabolic potential, indicating
the importance of biochemical variation between isolates.29

Secondly, the washing process (even in physiological saline;
0.9% NaCl) may cause variations in the biomass due to stress
and lysis. The third and most important area concerns the
impact of secretions from the isolates. The exometabolome has
been the subject of studies in many different elds, such as
clinical medicine32 and plant-pathology33 as well as micro-
biology.34–36 In functional genomics studies, where the aim is to
assign function to genes that lack annotation, metabolic foot-
printing can be used to assess the effect of gene knockouts on
the phenotype of microbial mutants. Thus it has been demon-
strated that using analytical techniques such as FT-IR spec-
troscopy and mass spectrometry (GC-MS and DIMS) it is
possible to discriminate between different E. coli and yeast
isolates with gene mutations.35,37,38

All three suggestions could be valid and in order to under-
stand more about why the washing of cells alters the phenotypic
information and hence clustering requires further investiga-
tion. This could include using less complex media and the
supernatant needs to be analysed by higher resolution analysis
afforded by mass spectrometry to see if certain metabolites in
the bacterial footprint correspond to different ST or antibiotic
phenotype.

Concluding remarks

A modied method of sample preparation for FT-IR spectros-
copy was examined and applied to a group of UPEC. The rst
step was to compare between micro-culturing in a bioscreen
and traditional shake ask culture, and equivalent phenotypes
were revealed using FT-IR spectroscopy. Following this, further
whole organism ngerprinting analyses established that the
most information rich and informative FT-IR spectra were
generated when biomass was analysed directly from the micro-
cultures. We therefore have condence in the validity and
reproducibility of this approach and believe it can be utilised to
handle large numbers of bacterial isolates without the need for
sample washing.

From this study it can be seen that a high throughput
micro-culture method coupled with FT-IR spectroscopy
Analyst, 2013, 138, 1363–1369 | 1367
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Fig. 2 PC-DFA scores plot of FT-IR spectra from the non-washedmethod for (a) ST131 isolates and (b) non-ST131 sensitive isolates. In both cases 30 PCs were extracted
from PCA and used as inputs to DFA. Those 30 PCs explain 99.98% of the data variance on both data sets ST131 and non-ST131.
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enabled discrimination between uropathogenic bacterial
isolates from important clones. Due to the high throughput
nature of this approach it has the major advantage that one
is now able to analyse several hundred or even thousands of
bacterial samples per day. In addition, it is non-
destructive and inexpensive, requiring only simple sample
preparation. It can therefore be concluded that this method
would be suitable for future FT-IR spectroscopic-based
1368 | Analyst, 2013, 138, 1363–1369
investigations of bacteria for identication or character-
isation purposes.

HR thanks The Saudi Ministry of higher education and
King Saud University for funding. EC and RG are grateful to the
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project (Grant 261809) nanced by the European Commission
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nological Development.
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