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ABSTRACT: The spread of multidrug resistant bacteria has
become a global concern. One of the most important and emergent
classes of multidrug-resistant bacteria is extended-spectrum β-
lactamase-producing bacteria (ESBL-positive = ESBL+). Due to
widespread and continuous evolution of ESBL-producing bacteria,
they become increasingly resistant to many of the commonly used
antibiotics, leading to an increase in the mortality associated with
resulting infections. Timely detection of ESBL-producing bacteria
and rapid determination of their susceptibility to appropriate
antibiotics can reduce the spread of these bacteria and the
consequent complications. Routine methods used for the detection
of ESBL-producing bacteria are time-consuming, requiring at least
48 h to obtain results. In this study, we evaluated the potential of
infrared spectroscopic microscopy, combined with multivariate analysis for rapid detection of ESBL-producing Escherichia coli
(E. coli) isolated from urinary-tract infection (UTI) samples. Our measurements were conducted on 837 samples of
uropathogenic E. coli (UPEC), including 268 ESBL+ and 569 ESBL-negative (ESBL−) samples. All samples were obtained from
bacterial colonies after 24 h culture (first culture) from midstream patients’ urine. Our results revealed that it is possible to
detect ESBL-producing bacteria, with a 97% success rate, 99% sensitivity, and 94% specificity for the tested samples, in a time
span of few minutes following the first culture.

β-Lactams are the most widely used class of antibiotics,
including penicillins, cephalosporins, carbapenems, monobac-
tams, and cephamycins.1 These antibiotics are characterized by
having a β-lactam ring, which effects the bactericidal activity by
ligating to penicillin-binding proteins and inhibiting the
synthesis of the bacterial peptidoglycan cell wall.
ESBL is one group of β-lactamase enzymes that are

produced by a variety of Gram-negative bacteria, leading to
inactivation of β-lactam antibiotics by hydrolysis.2 Since the
first report of ESBL+ organisms in the 1980s, these organisms
have received increasing attention because bacteria with ESBL
are resistant to more than 40 antibiotics.2

Moreover, with the lack of new antibiotics, the spread of
ESBL-producing bacteria becomes a growing problem,3−6

leading to an increase in the mortality rate associated with
ESBL-producing bacterial infections.7 Even though the major
ESBL-producing organisms isolated worldwide are E. coli and
Klebsiella pneumonia (K. pneumonia), these enzymes have also
been identified in other members of the Enterobacteriaceae
family.6,8−10 In the 1980s and 1990s, K. pneumoniae was the
bacterial species most likely to express ESBLs; however, in the
2000s E. coli-expressing ESBLs became dominant.11−16 Various
molecular methods may be used for detection and identi-
fication of genes encoding ESBL in various ESBL-producing
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species, including different assays based on PCR.17−20

However, these genotypic tests are not in routine use, and
they are usually performed for epidemiological studies.
Routinely, EBSL is detected phenotypically, which requires

two steps. The first is the screening step, which is based on
testing the organism for resistance to cephalosporin that is
hydrolyzed by the three groups of ESBL. The second step is a
conformity step, which is based on the fact that that all ESBLs
are inhibited by clavulanate. In this step, a combination of the
indicator cephalosporin and clavulanic acid must be estab-
lished. These methods are time-consuming, requiring at least
48 h to obtain results.
ESBL test results are essential for appropriate and effective

treatment. Random prescription of antibiotics by physicians
before obtaining laboratory results may seriously affect the
patient’s outcome and contribute to further development of
bacterial resistance to antibiotics. Thus, reducing the ESBL test
time is highly crucial and may save patients’ lives and potential
spread. Ongoing studies are aimed at developing new, faster
ways for detection of ESBL-producing bacteria such as
MALDI-TOF.21−23

In this research, we used Fourier transform infrared
spectroscopic (FTIR) microscopy in tandem with classifiers
based on k-nearest neighbors (kNN) and polynomial support
vector machines (SVM) as a potential tool for fast detection of
ESBL-producing E. coli bacteria. Infrared spectroscopic
techniques are noninvasive and can detect minor molecular
and cellular changes associated with development of
abnormality.24 Such methods have been used for detection
and identification of different biological entities such as
bacteria, fungi, and different cancer tissues.25 FTIR has also
been applied effectively to study a variety of biological samples
for the identification of different human diseases.26−33 It has
been successfully applied for detection, identification and
taxonomic classification of bacteria such as Escherichia coli,
Staphylococcus, and Bacillus.34−42

Recent studies highlighted the potential of IR spectroscopy,
coupled with machine-learning algorithms, for following
changes in bacterial cells under continuous exposure to
kanamycin43 and tetracycline44 antibiotics. Our recently
published studies demonstrated the potential of FTIR
microscopy as a sensitive diagnostic tool for rapid
identification of susceptibility of uropathogenic E. coli
(UPEC) to antibiotics.45,46

■ METHODOLOGY
Bacterial Sample Collection. For this study, 837 UPEC

samples were obtained on MacConkey agar plates from the
bacteriology laboratories in Soroka University Medical Center
(SUMC). Each bacterial sample was obtained from a different
patient and was represented by one FTIR spectrum only. The
samples were identified at the species level by MALDI-TOF
and were examined for ESBL-expression using disc tests. The
samples were also examined by the routine assay (minimum
inhibitory concentration, MIC) for susceptibility to the
following antibiotics: ampicilin, cefuroxime, piperacillin, nitro-
furantoin, ceftriaxone, gentamicin, ceftazidime, amoxicillin/
clavul A, amikacin, cotrimoxazole, nalidixic acid, ofloxacin,
piperacill/tazobact, ciprofloxacin, meropenem, and tobramy-
cin.
Sample Preparation for FTIR Microscopy Measure-

ments. Samples were picked up directly from bacterial
colonies on the plates and placed on zinc-selenide slides,

using a sterile bacteriological loop under sterile conditions.
The samples were spread carefully on the slide, minimizing
variations in thickness and enabling choice of the best site for
spectral measurements.

FTIR Measurements. FTIR measurements were per-
formed with an FTIR microscope (Nicolet -i10 infrared
microscope) using a liquid-nitrogen-cooled mercury−cadmi-
um-telluride (HgCdTe = MCT) detector, coupled to the FTIR
spectrometer. To achieve a high signal-to-noise ratio (SNR),
128 coadded scans were collected in transmission mode for
each sample, in the 600−4000 cm−1 wavenumber region and at
a spectral resolution of 4 cm−1. A subset of the bacterial
samples were examined three times on different days to assess
reproducibly of the IR spectra. We measured at least 16 spectra
from different sites of each bacterial sample. These acquisition
parameters enabled us to obtain high quality and reproducible
spectra.

Spectral Preprocessing. In well-established practice,
various manipulations of the raw spectra are performed to
enhance the SNR, improve discernment of the spectral
features, and facilitate spectral interpretation and analysis and
for comparison among spectra from samples with different
thicknesses.41 The acquired spectra were processed as follows:
(1) Atmospheric compensation was applied to eliminate

influences of CO2 and air humidity. (2) The spectra were
truncated to the range 900−1800 cm−1, to exclude the water
region at 3010−4000 cm−1 as well as the region 1800−2800
cm−1 where there are typically no spectroscopic features in
biological samples. (3) The resulting spectra were then
baseline-corrected, using the concave rubber-band method,47

with 64 consecutive points and five iterations. Baseline
correction eliminates variations due to shifts in baseline. By
using the concave rubber-band correction method, we divided
the spectrum into 64 equal-size ranges to construct the
baseline. For absorbance spectra, the minimum y-value of the
ranges is determined, and a polynomial function is fitted to
these minimum points. Then we subtract this function from
the spectrum to extract the baseline corrected spectrum. This
procedure was repeated for the number of iterations. (4) The
corrected spectra were then normalized using vector normal-
ization followed by offset correction. Normalization of spectra
eliminates the path length variation48 and is a prerequisite for
advanced statistical analysis of bacterial spectra.49 We
calculated the second derivative spectra using MATLAB with
13 smoothing points, and the resulting derivative spectra were
used for further analysis.

Statistical Analysis. To differentiate between the ESBL+

and ESBL− categories of E. coli, we tested several machine-
learning algorithms: kNN,50,51 SVM with polynomial kernel of
the first-,52 second-, and third-order. We performed numerous
experiments to classify between the two categories using the
mentioned classifiers with four different feature vectors: row
data (i.e., absorption spectra); second derivative spectra;
absorption spectra followed by PCA dimensionality reduction;
second-derivative spectra followed by PCA. For assessment of
potential accuracy, a 5-fold cross-validation approach was used.
Using K-folds, the data is divided into K exclusive and even
folds. The training set includes all of the folds except for one.
Then the classification of the excluded fold is predicted and
compared with the known classes. The procedure is repeated K
times, once for each fold, and thus the statistical accuracy is
estimated. This validation method is known to be optimistic
when compared with testing a trained algorithm on a naive
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data set; nonetheless, the K-folds method is valuable for
providing an initial indication of the potential of a new
diagnostic, when the data set is not large enough to invoke
separate training and testing sets for every set of conditions
(i.e., for the multiple types of antibiotics). When the number of
folds is equal to the data size, it is referred to a leave one out
(LOO). The validation results are described using the
confusion matrix in Table 1.

Sensitivity (SE) is defined as TP/(TP + FN) , specificity
(SP) is defined as TN/(FP + TN), and accuracy (Acc) is
defined as (TP + TN)/(TP + FN + FP + TN). Positive-
predictive value (PPV) is defined as TP/(TP + FP) while
negative-predictive value (NPV) is defined as TN/(FN + TN).

■ RESULTS AND DISCUSSION
In this study, we evaluated the potential of infrared
spectroscopy in tandem with supervised machine-learning,
SVM- and kNN-based classifiers, to classify 837 E. coli isolates
as ESBL+ or ESBL− in a few minutes following the first culture.
For this goal, 569 ESBL− and 268 ESBL+ E. coli isolates were
examined by this spectroscopic method, under approval of the
Institutional Review Helsinki Board at SUMC, in Beer-Sheva,
Israel. All the examined UTI samples were identified as E. coli
by MALDI-TOF and were classified into ESBL− or ESBL+ by
classical methods in the bacteriology lab at SUMC. There were
no significant safety hazards or risks associated with this
research.
Figure 1 shows the averaged spectra of ESBL− and ESBL+ E.

coli isolates in the 900−1800 cm−1 region after preprocessing.

The main features of the absorption bands are labeled in the
figure. The Amide I (1691−1622 cm−1),53,54 Amide II (1558−
1520 cm−1),55 and Amide III (1310−1240 cm−1)55,56 bands
are associated mainly with the stretching vibrations of protein
functional groups: N−H, C−N, and CO. The region 1471−
1430 cm−1 is associated mainly with bending vibrations of lipid
functional groups C−H and CH2.

53,55 The 1200−1272 cm−1

region is mainly associated with nucleic acid functional groups
PO2 and PO and their stretch modes.55,56 The 900−1200
cm−1 region is associated mainly with carbohydrates functional
groups C−O−C, C−O, C−O−P, and P−O−P and the
associated stretch vibrations.53,55,56

The subtle spectral differences that can be seen from Figure
1, between ESBL− and ESBL+ isolates, are not surprising,
because, in many cases, bacteria can develop resistance to a
specific antibiotic due to point mutations in their genome.57,58

Nonetheless, these changes were repeatedly detected by
infrared spectroscopy, for which the ability to monitor minute
molecular changes associated with developing resistivity has
been proved.24,46,59−64 Figure S-1 shows an inset of the
spectral region 950−1200 cm−1 of Figure 1, where the
observable differences manifest.
Due to the small spectral differences between ESBL− and

ESBL+, appropriate sample preparation is needed to yield a
strong infrared signal. Moreover, it is important to acquire
high-SNR spectra that are highly reproducible. Each of the
spectra included in this study is an average of at least 16
spectra measured from different sites of the same sample (data
not shown) in order to optimize the accuracy.
To check the variation among different sample preparations

of the same sample, spectra acquired from different colonies of
E. coli originating from the same plate are plotted in Figure 2a.
As can be seen from this figure, the variance among the three
spectra was small. The three samples were prepared and
measured on the same day using the same parameters. In
addition, when the same colony was measured on different
days, the spectra were almost identical, as can be seen in Figure
2b.
Moreover, although the spectra of ESBL− and ESBL+ E. coli

are highly similar and predominantly overlap (Figure 1), the
subtle spectral changes in the relative intensities and shapes in
the functional groups of the infrared spectrum invoke no band
shifts. Therefore, we chose variations of two different
supervised machine-learning classifier algorithms to analyze
the ESBL-producing UPEC isolates as described in Method-
ology.
Figure 3 displays the receiver operating characteristic

(ROC) curve based on the kNN classifier for ESBL-producing
bacteria, using second-derivative spectra followed by PCA,
which gave the best classification results. The ROC curve is a
convenient way to illustrate the performance of a binary
classifier, where the area under the curve (AUC) represents the
accuracy of the classifier. In our analysis, we defined ESBL+ as
the “positive” state and the ESBL− as the “negative” state. The
different classifier performances are summarized in Table 2.
As can be seen from Figure 1 and Table 2, even though the

spectral differences between ESBL+ and ESBL− spectra are
subtle, they are sufficiently repeatable to achieve good
classification performance to distinguish the two categories of
the spectra. This is an indication that FTIR microscopy is
highly sensitive for monitoring minor cellular biomolecular
changes47,48 associated with developing resistivity to specific
antimicrobial agents.

Table 1. Confusion Matrix of the Binary Classifier

prediction

positive state
(ESBL+)

negative state
(ESBL−)

true positive state (ESBL+) TP FN
negative state
(ESBL−)

FP TN

Figure 1. Average infrared absorption spectra of ESBL+ and ESBL− E.
coli isolates in the 900−1800 cm−1 region after preprocessing. The
main features of the absorption bands’ spectra are labeled in the
figure; subtle but repeatable differences are seen in the bands between
1000 and 1100 cm−1.
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Although the predominant mechanism of resistance to β-
lactams antibiotics in Gram-negative bacteria, including E. coli,
is the production of β-lactamases, there are other resistance
mechanisms of β-lactam antibiotics that are not related to β-
lactamase activity.65 Therefore, in the following analysis, we
evaluated the potential of this spectroscopic method to
differentiate between E. coli isolates that are resistant to
ampicillin in the context of their mechanism of acquiring the
resistivity: an ESBL-producing mechanism or other mecha-
nisms. The obtained data from the bacteriology lab at SUMC
for tested samples included the susceptibility to more than 10
different antibiotics (regardless of the mechanism), in addition
to an ESBL test as positive or negative.
For this goal, the averages of the 268 samples of ESBL+ were

compared to 335 samples that were ESBL− and still resistant to
ampicillin. These are displayed in Figure 4. As can be seen, the
spectral differences between the two classes are again small,
with subtle changes in the relative intensities and shapes in the
functional groups but with no band shifts. The major
differences are in the carbohydrate region 1000−1100 cm−1.
Figure S-2 shows an inset of the spectral region 950−1200

cm−1 from Figure 4, where the observable differences are
manifest.

Figure 2. (a) IR average spectra acquired from different colonies of
the same isolate. Each line belongs to different single colony. All the
samples were prepared and measured on the same day using the same
parameters. (b) IR average spectra acquired from the same colony at
different days. All the spectra are plotted in the 900−1800 cm−1

region after preprocessing.

Figure 3. Resulting ROC for classifying the E. coli isolates into ESBL+

and ESBL− categories using second derivative spectra followed by
PCA.

Table 2. Different Classifier Performances for Classifying
the E. coli Isolates Based on Production of β-Lactamases as
ESBL+ and ESBL− a

feature
vector SE SP Acc PPV NPV

SVM linear raw data 0.93 0.39 0.76 0.76 0.72
SVM−quadratic PCA, second

derivative
0.97 0.60 0.85 0.84 0.91

SVM−cubic second
derivative

0.92 0.79 0.87 0.90 0.81

SVM−cubic PCA, second
derivative

0.98 0.65 0.88 0.86 0.95

KNN PCA, second
derivative

0.99 0.94 0.98 0.97 0.99

aSE, Sensitivity; SP, specificity; Acc, accuracy; PPV, positive-
predictive value; NPV, negative-predictive value.

Figure 4. Average infrared absorption spectra of E. coli isolates that
are resistant to ampicillin in the 900−1800 cm−1 region after
preprocessing.
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In our previous studies,46,60 the differences due to
susceptibility are referred to as intervariance (differences
between the resistance and sensitive classes), while the
differences due to different mechanisms of acquiring resistivity
are referred to as intravariance (differences among the samples
belonging to the same class).
In the following analysis the differentiation is between the E.

coli isolates that are resistant to ampicillin as producing and
nonproducing ESBL (i.e., different mechanisms of acquiring
resistance to ampicillin). Thus, the differences due to the
mechanisms of resistance become intervariance. Figure 5

displays the ROC curve for the kNN classifier for the classes of
ESBL-producing and nonproducing variants. We defined
ESBL+ as the “positive” state and the ESBL− yet-resistant-to-
ampicillin as the “negative” state. The different machine-
learning classifiers’ performances are summarized in Table 3.

Again here, and as can be seen from Figure 5 and Table 3, even
though the spectral differences between ESBL+ and ESBL− and
resistant to ampicillin are subtle, they are still sufficiently
repeatable to achieve a good classification values between these
two categories.
As mentioned in the introduction, recent studies aimed at

developing fast assays for detection of ESBL-producing

bacteria include the use of MALDI-TOF.21,22,66 These studies
reported promising findings. However, due to the fact that
MALDI-TOF is based on protein mass differences,67 it is
complicated to deal with all of the types and subtypes of
existing ESBLs. Moreover, any changes in the protein mass of
these ESBL isoforms due to frequent random mutations
(which might not affect the activity of these enzymes) can lead
to incorrect identification by MALDI-TOF. On the other
hand, the FTIR spectroscopic technique is independent of the
protein mass difference, and enlarging the database to include
all the various types and subtypes of existing ESBLs, as well as
new mutations may assist in management of this problem.
Furthermore, infrared microscopy has additional advantages
over MALDI: it is simpler, is less expensive, and can be used
for all types of bacteria.
In summary, the promising results obtained in this study are

complementary to our previous studies,46,60 which demon-
strated the potential of the FTIR microscopy method to
successfully identify the susceptibility of E. coli to different
antibiotics regardless of the mechanism of antibiotic resistance.

■ CONCLUSIONS
Infrared spectroscopy, coupled with machine-learning classi-
fication algorithms for pattern recognition, can serve as a
powerful tool to determine whether E. coli isolates are ESBL-
producing, in a time span of minutes following the first culture.
The results of this study indicate promise for this spectroscopic
method to differentiate between different mechanisms of
acquired resistance to antibiotics.
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Table 3. SVM Classifier Performances for Classifying E. coli
Isolates as ESBL+ and ESBL− but Resistant to Ampicillina

feature
vector SE SP Acc PPV NPV

SVM linear raw data 0.78 0.59 0.70 0.70 0.66
SVM−quadratic PCA of the

raw data
0.79 0.66 0.73 0.75 0.70

SVM−cubic second
derivative

0.78 0.83 0.85 0.86 0.84

SVM−cubic PCA, second
derivative

0.94 0.91 0.93 0.92 0.93

KNN PCA, second
derivative

0.94 0.93 0.94 0.94 0.93

aSE, sensitivity; SP, specificity; Acc, accuracy; PPV, positive-
predictive value; NPV, negative-predictive value.
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