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iarrheagenic Escherichia coli
identified by FTIR and machine learning: a feasible
strategy to improve the group classification

Yasmin Garcia Marangoni-Ghoreyshi,a Thiago Franca,b José Esteves,b Ana Maranni,b

Karine Dorneles Pereira Portes,c Cicero Cena *b and Cassia R. B. Leala

The identification of multidrug-resistant strains from E. coli species responsible for diarrhea in calves still

faces many laboratory limitations and is necessary for adequately monitoring the microorganism spread

and control. Then, there is a need to develop a screening tool for bacterial strain identification in

microbiology laboratories, which must show easy implementation, fast response, and accurate results.

The use of FTIR spectroscopy to identify microorganisms has been successfully demonstrated in the

literature, including many bacterial strains; here, we explored the FTIR potential for multi-resistant E. coli

identification. First, we applied principal component analysis to observe the group formation tendency;

the first results showed no clustering tendency with a messy sample score distribution; then, we

improved these results by adequately selecting the main principal components which most contribute to

group separation. Finally, using machine learning algorithms, a predicting model showed 75% overall

accuracy, demonstrating the method's viability as a screaming test for microorganism identification.
Introduction

The introduction of antibiotics into clinical use was the most
signicant medical advance of the 20th century. The rapid
discovery of several classes of antibiotics in a relatively short
period has led to the overuse of these drugs, which promotes
increasing antimicrobial resistance and antibiotics effective-
ness loss.1 The O'Neill report2 predicted that without urgent
action, ten million people a year will die from drug-resistant
infections by 2050. The WHO World Health Organization3

lists bacterial agents and their respective resistance to antimi-
crobials to warn the world about the growing global resistance
to antimicrobials, divided into critical, high, and medium
priority.

Essential strategies have been adopted in this scenario for
world public health maintenance, between them the identica-
tion of multidrug-resistant bacteria in herds of animals,4 since we
have observed the migration of this microorganism to a human–
animal–environment interface, such as Acinetobacter baumannii,5,6

Pseudomonas aeruginosa,7,8 Staphylococcus aureus;9 Salmonella
spp.,10,11 Campylobacter spp.,12 and Escherichia coli.13–15
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Besides, diarrhea in calves is one of the leading causes of
economic losses in Brazilian and worldwide livestock. Since the
beginning of the 20th century, the worldwide scientic
community has pointed to the bacteria E. coli as one of the
leading agents involved in diarrhea of infectious origin; there-
fore, this bacterial genus and its pathogenic strains began to be
studied and identied.16–19

The E. coli bacteria is considered a commensal of the
microbiota; however, a small part of the strains has patho-
genicity responsible for diseases, and the differentiation of
pathogenic (diarrheagenic) from non-pathogenic strains is
based on the production of virulence factors.17 Once E. coli
bacteria with virulence factors spread in the cattle herd,
serious concerns arise due to its capability of expressing
enzymes that confer resistance to multiple antimicro-
bials.17,20,21 Animal feces, which have multiresistant strains,
serve as constant reservoirs for bacteria dissemination to
humans,22,23 the environment, and other animals,24,25 which
hinders adequate therapy, increased morbidity, mortality,
and causes economic losses to producers and industry.26,27

Phenotypic and molecular methods have been used in
bacterial culture to analyze the nucleic acid sequences and
identify microorganisms with multidrug resistance character-
istics. Still, their variable discriminatory capacity, high cost, and
time-consuming experimental routine are difficult the imple-
mentation as a standard laboratory procedure.28,29

To overcome such limitations, several studies have been
developed by using Fourier Transform Infrared Spectroscopy
(FTIR) as a screening test,30,31 which can obtain information about
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the sample chemical compounds through their vibrational
molecularmodes, enabling the identication of samplemolecular
composition (nucleic acids, proteins, lipids, and carbohydrates) of
these bacterial cells.32–34

The potential use of FTIR spectroscopy to discriminate, classify
and identify microorganisms has been successfully demonstrated
in the literature, including many bacterial strains from Gram-
positive and Gram-negative species.32,35–41 The specic spectral
patterns observed for each molecular group can be revealed with
multivariate analysis and/or machine learning algorithms aid,
which enable FTIR spectroscopy as an alternative for rapid
bacterial identication at the subspecies level.42,43 Despite its great
applicability for microorganism identication in recent years, this
technique's potential in microbiology routines is still under-
estimated due to the microbiological community's difficult
acceptance and comprehension of the methodology.31

Therefore, we explore using FTIR spectroscopy associated
with machine learning algorithms for data analysis to identify
and classify multidrug-resistant strains from E. coli species
responsible for diarrhea in calves, which may add value to the
microbiology laboratory toolbox and society.26,27,31 Our study is
focused on developing a simple laboratory routine for sample
preparation and data acquisition. Our data analysis aims to
improve the method's accuracy for future implementation as
a screening tool in bacterial strain identication in microbi-
ology laboratories.

Methods
Sample preparation and FTIR spectra acquisition

A total of 80 Escherichia coli samples were analyzed. The
sample set was divided into 40 samples obtained by repeti-
tions from standard E. coli ATCC®. And 40 samples were
identied as multidrug-resistant (MR) E. coli isolates. These
isolates came from stool and rectal swabs of beef calves aged
from one to 60 days. Fecal samples were collected from Cer-
rado and Pantanal biomes farms in Mato Grosso do Sul,
Brazil. The study was conducted at the Veterinary Bacteriology
Laboratory at the Universidade Federal de Mato Grosso do Sul
(UFMS), under ethical committee approval – fromMarch 2021
to December 2022 – CEUA 1.134/2020. Relevant guidelines
and regulations are carried out in all methods.

First, the isolates were screened for analysis and placed in
Brain Heart Infusion (BHI) broth for activation, subsequently
spread on MacConkey Agar to verify purity and isolate selected
colonies. Then, the colonies of MR E. coli and ATCC E. coli were
suspended in 1 mL of BHI broth, and a resulting turbid inoc-
ulum was adjusted to the 0.5 McFarland scale (108 cfu mL−1)
before the measurements.

A small aliquot (30 mL) of the bacterial isolate was carefully
deposited onto a at silicon substrate (SiO2) by casting, fol-
lowed by drying at 50 °C per 30 minutes. This procedure was
repeated three times until the obtention of a thick lm. Each
sample was produced in duplicate. The samples were
analyzed in two different spots from the center to the border
to avoid inhomogeneity in the sample composition due to the
drying process.44 Finally, the mid-infrared spectra were
24910 | RSC Adv., 2023, 13, 24909–24917
obtained using an attenuated total reectance accessory
(ATR) at Fourier Transform Infrared Spectrophotometer
(Spectrum 100, PerkinElmer). The spectra were collected from
4000 to 700 cm−1, with 4 cm−1 resolution and 10 scans. This
entire experimental roadmap is illustrated in Fig. 1.
Data analysis and sample classication

The data analysis was performed in Python (version 3.9.12)
using the Scikit-learn package (version 1.1.2).45 First, the FTIR
spectra from two different spots of duplicate samples were
averaged and then subjected to the Standard Normal Variate
(SNV) pre-processing method, which removes the variation
from the baseline and rescales the spectral intensity to prevent
interference in the data analysis due to random experimental
variations.46

The average FTIR-SNV spectra for MR E. coli and ATCC E. coli
group, in the 4000 to 800 cm−1 range, were submitted to prin-
cipal component analysis (PCA).47 PCA is an unsupervised
method that will project our pre-processed data set into a new
dimension (PCs – principal components) which aims to maxi-
mize the data variance; this dimensionally reduced data set
retains most of the information from the original variables and
shows how each data sample is distributed in this new
dimension (score plot), allowing cluster the similar samples
and distinguish groups. Each PC represents a percentage of the
data variance and will enable us to analyze the main spectral
range that most contribute to the data variance percentage
through the loading plot. PCA is an essential step in visualizing
the group classication tendency. Then, the Hotelling T2 test
was performed to remove outliers. Here we analyzed three
different ranges: (i) 4000 to 800 cm−1; (ii) 3000 to 2800 cm−1,
and (iii) 1800 to 800 cm−1, to use only those vibrational modes
that improve the group clustering and classication and elim-
inate highly correlated data.48

The sample classication is performed by prediction models
built by machine learning (ML) algorithms using PCs output
data from 70% sample set. Before sample classication tests, we
must determine the ideal number of PCs used byML algorithms
to avoid overtting and undertting.49,50 Here we used the
feature selection Recursive Feature Elimination (RFE), which
selects the main PCs that most contribute to achieving high
accuracy and remove other PCs with the weakest contribution to
correct sample classication inML tests.51 The use or removal of
a determined PC was made based on the accuracy achieved
using Linear Discriminant Analysis (LDA) to classify the
samples in a Leave One Out Cross-Validation (LOOCV) test.

In a brief description, Discriminant Analysis (DA) classies
the sample based on the distance between the sample data and
the contour built by using a linear (L) or quadratic (Q) function
to separate the classes (group).52 In LOOCV, one sample is taken
from the data set, and the others are used to build the predic-
tion model (training). Then, the prediction model accuracy is
tested using the sample data withdrawal from the data set. The
procedure is repeated until all sample data have been tested.53

Aer determining the ideal number of PCs and which PCs
most contribute to sample classication in each spectral range
© 2023 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 Illustrative flowchart describing the main steps from the sample (E. coli) preparation to FTIR spectra acquisition.
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analyzed, a LOOCV test was performed – by using the respective
RFE-PCs data for each range – based on three different
methods: (i) DA (described above); (ii) k-Nearest Neighbor
(KNN), which uses the Euclidean distance between k closest
neighbors to classify the sample;54 and (iii) Support Vector
Machine (SVM), which organizes each sample class through the
optimization of a hyperplane – the hyperplane can be linear or
nonlinear, being optimized to reach high performance –

between the classes.55 Finally, we determined the best spectral
range, ML algorithm, and PCs to build a predicting model,
whose ability for generalization was tested in an external vali-
dation test using 30% of the sample set.
Fig. 2 Average FTIR-SNV spectra for (a) E. coli ATCC (blue line) and (b)
multidrug-resistant (MR) E. coli (red line) isolates. The main vibrational
assignments are indicated in detail, and their related molecular groups
(proteins, lipids, carbohydrates, and fatty acids) are identified by colors.
The symbol d indicates the deformation vibrations.
Results and discussion

The average FTIR-SNV spectra for E. coli ATCC and MR E. coli
samples, Fig. 2, exhibit remarkable similarity between them,
with a small standard deviation into the data set. It suggests
that direct identication of the isolate is impossible, and the
data set shows great coherence. There is a remarkable pres-
ence of the three most pronounced bands in the spectra; the
rst, around 1600 cm−1 is the result of overlapped bands 1639
and 1583 cm−1, assigned to amides I and II from proteins,
which is relatively wide, suggesting the presence of a third
band, mainly due to the small shoulder observed around
1500 cm−1. The vibrational bands assigned to amides I (N–H
and C]O) and II (N–H and C–N) have shown signicant
© 2023 The Author(s). Published by the Royal Society of Chemistry
contributions to biological sample classication in the liter-
ature.56,57 The second band, around 1400 cm−1, can be
assigned to C–H and C]O vibrational modes from lipids and
proteins, while the third band, around 1080 cm−1, is usually
assigned to nucleic acid and phospholipids. Also, weak bands
RSC Adv., 2023, 13, 24909–24917 | 24911
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assigned to C–H and C–H–O vibrational modes from carbo-
hydrate below 1000 cm−1 was identied in the spectra.58,59

Fig. 3 shows the principal component analysis results for the
FTIR-SNV spectral data from E. coli ATCC and MR E. coli sample
groups. On the le side, we can observe the score plot, and on
the right side, the loading plot for (i) 4000 to 800 cm−1; (ii) 3000
to 2800 cm−1, and (iii) 1800 to 800 cm−1 range. For all cases
analyzed, two main characteristics stand out, the score plot
exhibits a single cluster for both groups, which hinders the
future group classication, and the loading shows that themain
contribution for the data variance comes from the respective
vibrational bands identied in the FTIR spectra. We found PC1,
Fig. 3 Principal component analysis for E. coli ATCC (blue circles/stars)
FTIR-SNV spectra. The score plot and respective loading for the three diffe
to 2800 cm−1; and (e and f) 1800 to 800 cm−1. The circles represent 70%
represent 30% of the sample data set used for external validation.

24912 | RSC Adv., 2023, 13, 24909–24917
PC2, and PC3 responsible for 79.3%, 89.7%, and 81.7% of data
variance at 4000 to 800 cm−1, 3000 to 2800 cm−1, and 1800 to
800 cm−1 ranges, respectively; besides this great contribution
for data variance, previous studies have shown that the rst PCs
can be ignored, and high order PCs can be used to improve the
group classication for ML algorithms.60

Usually, the proper choice of spectral range helps to improve
group classication and clustering formation61 since we use
only spectral information that most contributes to clustering
instead of those with highly correlated data, which hinders
cluster formation. But here, we couldn't succeed with this
strategy probably because of the high similarities between the
and multidrug-resistant (MR) E. coli (red circles/stars) isolates average
rent ranges were analyzed: (a and b) 4000 to 800 cm−1; (c and d) 3000
of the sample data set used to build the predicting model, and the stars

© 2023 The Author(s). Published by the Royal Society of Chemistry



Fig. 4 Violin plot for nine main PCs normalized scores selected by RFE in 1800 to 800 cm−1 range from E. coli ATCC® 25922 (blue) and
multidrug-resistant (MR) E. coli (red) isolates. The thick dashed line represents the data distributionmedian. The data variance percentage of each
PC is described above each plot.
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groups involved and the highly correlated data present. The
presence of antibiotic resistance genes in the MR E. coli group
was mainly identied as resulting of the ESBL enzyme –

previous study – which is responsible for amine beta-lactam
ring hydrolysis, resulting in antibiotics inactivation on the
bacterial cell walls. Since it represents a break in the C–N bond
(amide group) and the appearance of N–H and O–H bonding,
almost no difference in the IR spectra will be observed. Because
the C–N and N–H vibrational modes are superimposed around
1580 cm−1, and the O–H vibrational mode, around 3278 cm−1,
is too wide to provide enough information for group
differentiation.

Then, an alternative to improve group clustering and sepa-
ration is using feature selection Recursive Feature Elimination
(RFE) to nd the best PCs (data projection) that most contribute
to data separation. The RFE can select PCs that most contribute
to achieving high accuracy and remove those with a small
contribution. Here, the main PCs were determined by the
overall accuracy achieved in a Leave One Out Cross-Validation
(LOOCV) test using Linear Discriminant Analysis (LDA).60 The
main PCs found for our data were: PC1 and PC2 for the 4000 to
Fig. 5 (a) Score plot clustering improvement due to PCs selection by RF
(blue square), and (b) multidrug-resistant (MR) E. coli (red circles) isolate

© 2023 The Author(s). Published by the Royal Society of Chemistry
800 cm−1 range, responsible for 62.83% of data variance; 49 rst
PCs for the 3000 to 2800 cm−1 range, responsible for 99.9% of
data variance; and PC3, PC4, PC9, PC18, PC23, and PC36 for the
1800 to 800 cm−1 range responsible for 11.30% of data variance.

Fig. 4 shows the violin plot for the six most relevant PCs, in
the 1800 to 800 cm−1 range, with a prevalence of a monomodal
distribution for the score data project over its respective PC for
both sample groups. A bimodal distribution can also be
observed for the ATCC group at PC3 and MR group at PC18 and
PC23. But the more important characteristic to be observed is
the median value (dashed thick line around the peak center),
which assumes a better distinct position projection over the axis
for these PCs compared to the others and improves the clus-
tering and group classication of our data in the LOOCV test
with LDA.

Fig. 5 shows the score plot and loading for RFE-PCs: PC3,
PC4, and PC9, which did not improve the clustering formation
and were responsible for only 11.1% of the data variance.
Besides that, the loading plot for each PC, Fig. 5 (right column),
shows a contribution for data variance in the 1800 to 800 cm−1

range in accordance with the main bands identied in the FTIR-
E, and (b) loading for PC4, PC17, and PC28 from E. coli ATCC® 25922
s.

RSC Adv., 2023, 13, 24909–24917 | 24913



Fig. 6 (a) Overall accuracy obtained in the LOOCV tests for Discriminant Analysis (DA), K-Nearest Neighbor (KNN), and Support Vector Machine
(SVM) algorithms. Different ranges were analyzed with respective RFE-PCs: (i) 4000 to 800 cm−1 (gray bar color with right inclined line pattern)
using 2 PCs; (ii) 3000 to 2800 cm−1 (light blue color with horizontal line pattern) by using 49 PCs; (iii) 1800 to 800 cm−1 (purple color with left
inclined line pattern) by using 6 PCs. The highest overall accuracy was 88.5% for linear SVM at 1800 to 800 cm−1 range. Confusion matrix for the
performance of linear SVM algorithm in 1800 to 800 cm−1 range using 6 PCs (b) LOOCV test with 70% data set, and (c) external validation test
with 30% data set. The input PCA data from average FTIR-SNV spectra of E. coli ATCC® 25922 and multidrug-resistant (MR) E. coli isolates.

Fig. 7 (a) Overall accuracy obtained in the LOOCV tests for Discriminant Analysis (DA), K-Nearest Neighbor (KNN), and Support Vector Machine
(SVM) algorithms. Different ranges were analyzed by using PC1, PC2, and PC3: (i) 4000 to 800 cm−1 (gray bar color with right inclined line
pattern); (ii) 3000 to 2800 cm−1 (light blue color with horizontal line pattern); (iii) 1800 to 800 cm−1 (purple color with left inclined line pattern).
The highest overall accuracy was 80.8% for linear DA and linear SVM at 4000 to 800 cm−1 range. Confusion matrix for the performance of linear
DA algorithm in 4000 to 800 cm−1 range using 3 PCs (b) LOOCV test with 70% data set, and (c) external validation test with 30% data set. The
input PCA data from average FTIR-SNV spectra of E. coli ATCC® 25922 and multidrug-resistant (MR) E. coli isolates.

24914 | RSC Adv., 2023, 13, 24909–24917 © 2023 The Author(s). Published by the Royal Society of Chemistry
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SNV spectra (Fig. 2) assigned to protein and phospholipids
molecules. In this case, with remarkable similarity among the
samples, then between the spectra – high data correlation – the
rst PCs can be responsible for a signicant percentage of data
variance, with a small contribution to group separation.
However, low data variance PCs can still be helpful for group
classication and better inuence the algorithm performance,
as demonstrated in the literature.60

The RFE-PCs were submitted to machine learning algo-
rithms (DA, SVM, and KNN) to build a prediction model for
sample classication; the overall accuracy achieved for each
model by using different functions for classication in the
LOOCV test is summarized in Fig. 6(a). The maximum overall
accuracy achieved by the predictingmodels was 88.5% for linear
SVM using 6 PCs – responsible for 11.30% of data variance –

within the 1800 to 800 cm−1 range. An external validation test
was performed using 30% of the sample set, Fig. 6(c), achieving
an overall accuracy of 75%, demonstrating a good generaliza-
tion capacity of the prediction model. A slight deviation in the
accuracy percentage between LOOCV and the external valida-
tion test is expected.

The real contribution of the RFE-PCs in the improvement of
the overall accuracy in the classication test was demonstrated
by using the PC1, PC2, and PC3, Fig. 7. Here, Fig. 7(a), we ob-
tained a maximum overall accuracy of 80.8% in the LOOCV test
for linear DA and linear SVM at 4000–800 cm−1 range, Fig. 7(b).
The drop in the overall accuracy value was in the same order as
before, exhibiting 66.7%. As can be observed in Fig. 6 and 7, the
prediction model fails more to identify E. coli ATCC samples,
which is less problematic for a trial method considering the
need for large-scale tests to make a fast decision in livestock
management.

The current study presented an easy and suitable method-
ology for identifying MR-E. Coli bacteria by FTIR spectroscopy
and machine learning algorithms, but we must remember that
the methods and results can still be improved. Hence, the
possibility for new studies is open. Here, we discussed the FTIR
limitations to evidenced spectral changes due role played by
ESBL enzyme to create MR bacteria, so new photonic tech-
niques must be explored for better data acquisition. Our study
explores a promising route to build a prediction model with
good performance in the external validation test. However, we
can still search for the best hyperparameters for the algorithm
or even explore new pre-processing data methods and algo-
rithms to build the prediction model and improve its general-
ization capacity in the external validation test.

Conclusions

In 1800 to 800 cm−1 range, the FTIR spectra of multi-resistant
diarrheagenic Escherichia coli isolates obtained from calves'
feces showed great potential for microorganism identication.
The usual principal component analysis could not provide
a promising clustering formation for future sample classica-
tion. Then, we applied the feature selection Recursive Feature
Elimination (RFE) algorithm, from which the most important
PCs were chosen before being used in machine learning
© 2023 The Author(s). Published by the Royal Society of Chemistry
algorithms. The score plot of PC3 × PC4 × PC9 clearly
demonstrated the improvement of clustering tendency and
group separation; here, 6 PCs were selected by RFE and used to
build a prediction model using linear SVM. The prediction
model showed an 88.5% overall accuracy in the LOOCV test and
achieved 75% overall accuracy, with 66% sensitivity and 83%
specicity in the external validation test.
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