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Abstract

Current methods for diagnosing acute and complex infections mostly rely on culture-based methods and,
for biofilms, fluorescence in-situ hybridization. These techniques are labor-intensive and can take 2-4 days
to return a test result, especially considering an extra culturing step required for the antibiotic
susceptibility testing (AST). This places a significant burden on healthcare providers, delaying treatment
and leading to adverse patient outcomes. Here, we report the complementary use of our newly developed
multi-excitation Raman spectroscopy (ME-RS) method with whole-genome sequencing (WGS). Four WHO
priority pathogens are AST phenotyped and their antimicrobial resistance (AMR) profile determined by
WGS. On application of ME-RS method we find high correlation with the WGS characterization. Highly
accurate classification based on the species (98.93%), wild-type/non-wild type (99.45%), and presence or
absence of thick peptidoglycan layers in cell walls (100%), as well as at the individual strain level (99.29%).
These results clearly demonstrate the potential of ME-RS as a rapid and first-stage tool for species,
resistance and strain-level classification which can be followed up by WGS for confirmation. Such a
workflow can facilitate efficient antimicrobial stewardship to handle and prevent the spread of AMR.

Introduction

It has been more than 30 years since a new class of antibiotics was introduced to the market. This,
together with the increased and inappropriate use of existing antibiotics means that we are heading
towards a world in which many antibiotics are no longer effective. In addition to becoming the third
leading cause of death?, antimicrobial resistance (AMR) has an enormous impact on worldwide economy.
Each year the USA is losing US $55 billion and EU/EEA €1.6 billion due to the AMR?. In 2017 the World
Health Organization (WHO) issued a report where the most critical pathogens were stratified into groups
based on their threat for the increasing AMR spread and on urgency of action required®. ESKAPE
pathogens (vancomycin-resistant Enterococcus faecium (VRE), methicillin-resistant and vancomycin-
resistant  Staphylococcus aureus (MRSA/VRSA), carbapenem-resistant and third-generation
cephalosporin-resistant Klebsiella pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa and
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Enterobacter spp.) are included into the critical and high-priority pathogen groups. These pathogens have
acquired resistance towards many antibiotics, including last-resort antibiotics such as carbapenems and
colistin and are thus associated with high morbidity and mortality rates*. In 2019, 1.27 million people died
due to resistant bacteria infections and 73% of them were caused by E. coli, S. aureus, K. pneumoniae, S.
pneumoniae, A. baumannii and P. aeruginosa®.

A critical unmet need in the prevention of antimicrobial resistance (AMR) is rapid, accurate, and point-of-
care (PoC) diagnosis to avoid the incorrect use of antibiotics. Without new diagnostics, the appropriate
use of antibiotics and the treatment of patients with resistant bacterial infections will become increasingly
challenging, compromising medical interventions such as surgeries, transplants, and chemotherapy. A
recent retrospective study from a children’s hospital in Madrid (Spain) revealed that on giving at least one
active antibiotic at the onset of bacteremia caused by carbapenem-resistant bacteria, the survival rate
was increased by 80 % compared to when no active antibiotics were prescribed?.

However, current culture-based methods used to detect and identify agents of infection are inadequate
and slow. Incubation times of 24-48h are necessary to capture the most culturable bacteria associated
with the disease. Additional time is required for pathogen ID (2-4h) and in the case of expected AMR for
antibiotic susceptibility testing (AST) (18-24h), although for blood cultures, this time has been recently
reduced to 4-6 hours using RAST method developed by EUCAST®. Thus, the time interval from collecting
the patient sample at the ward until the information is available on the antibiotic susceptibility profile is
in the best case 2-3 days in the clinical routine.

A plethora of molecular techniques have been developed to reduce the time needed to identify infectious
agents and their resistance profiles, including PCR-based or microarray-based technologies’. Although
they save around 24-48 hours compared to classical AST, they only target known/expected organisms and
resistance mechanisms and thus a panel of tests should be performed on each isolate risking that less
common pathogens or untargeted resistance mechanisms remain unnoticed. Whole genome sequencing
(WGS) can overcome this problem since there is no need for targeted primers/probes to be used. With
the rise of real-time sequencing and its affordability, WGS becomes a potent alternative to time-
consuming culture-dependent traditional methods. We have recently demonstrated that using Oxford
Nanopore Technologies (ONT) MinlON and Flongle sequencing platform, infectious agent and its
resistance profile can be identified within 10 min — 1 hour after the start of sequencing®. However, around
3 hours is still required to prepare the sample for sequencing.

Raman spectroscopy can provide a rapid alternative and overcome many of the problems associated with
the current techniques. Since it is culture-free, Raman spectroscopy allows results to be obtained in
minutes, rather than several hours and can thus be significantly faster. Unlike ELISA, mass spectrometry,
infrared spectroscopy and fluorescence-based techniques, Raman spectroscopy is reagentless and avoids
complex sample-preparation steps. Like infrared spectroscopy, Raman uses light to probe the molecular
vibrations within the sample, generating a specific molecular ‘fingerprint’ that can be used to identify
molecular, biotic, and abiotic components within a sample. However, infrared spectroscopy is highly
sensitive to the presence of water, which is ubiquitous in biological samples. In contrast, Raman is highly
water-insensitive, offering it an advantage over its sister technique.

Previously, Raman spectroscopy has been used to examine a wide range of biological samples, including
an array of microbiological samples in clinical settings. KloB et al used Raman spectroscopy to characterize
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several respiratory pathogens at the species level®, and Ghebremedhin et al also used the technique to
achieve differentiation of 31 clinical isolates of A. baumanii at the strain level®.

Surface-Enhanced Raman Spectroscopy (SERS) is a variation of Raman spectroscopy that offers
advantages over spontaneous Raman spectroscopy in terms of speed and an improved limit of detection.
In SERS, Raman signals are enhanced by electromagnetic and/or chemical interactions with nanoscale
metallic structures, such as gold or silver nanoparticles. SERS has been used to distinguish isolates of E.
coli based on their sensitivity to carbapenem antibiotics'!, and to identify pathogens common in Cystic
Fibrosis sufferers in pellets with silver nanoparticles?. SERS has also been used to map colonies of
Pseudomonas aeruginosa via laser scanning and tracking of a P. aeruginosa biomarker*'’Despite being
sensitive and fast, SERS has several drawbacks. Most importantly it requires the introduction of exogenous
nanomaterials for signal enhancement. The nanostructures must have consistent enhancements, and
interact extremely closely and reproducibly with the analyte, which can be difficult to control. Resonance
Raman Spectroscopy (RRS) overcomes the requirement for exogeneous materials to provide signal
enhancement. RRS utilizes the principle that the cross-section of Raman-active modes varies with
wavelength, and improves significantly, as the excitation nears pre-resonance or resonance with an
electronic state of the sample. RRS has been used to detect cytochrome cd: in bacteria®, and UV
resonance has been utilized to study both endospore biomarkers and whole bacteria®®. Grun et al studied
the possibility of using multiple excitation wavelengths to generate 2D spectra®. Their method relied on
the use of a pulsed Ti:sapphire laser to generate a tunable excitation from 700-940 nm. This light was
converted to third or fourth harmonics to yield excitation from 210-280 nm. Spectra were recorded at 30
wavelengths per species, with approximately 1 minute of switching time between excitations.

Recently we reported the method of multi-excitation Raman spectroscopy (ME-RS) for the strain-level
detection of pathogens?’. This method combined the use of multiple Raman spectra obtained with
different wavelengths to interrogate bacterial samples. The natural variations in peak intensity ratios due
to the dependence of the Raman cross-section on wavelength gives a more information-rich dataset with
only a few minutes of additional analysis time. The combined information was processed by multivariate
analysis, in the form of a support vector machine (SVM). This ME-RS approach performed better compared
to use of single-excitations individually, and offered highly accurate, strain-level classification, even inside
a complex artificial sputum media (99.75% accuracy). Further, an accuracy of 100% was obtained for
differentiation of methicillin-resistant and methicillin-sensitive S. aureus strains.

Here, we apply our newly developed multi-excitation Raman spectroscopy?! method to the identification
of clinical isolates of four WHO priority pathogens (E. coli, K. pneumoniae, S. aureus and A. baumannii)
with known antibiotic susceptibility phenotypes and resistomes®?%2%, Spectra were concatenated and
used to train a Support Vector Machine (SVM), resulting in highly accurate strain and species identification
of the isolates. This work demonstrates the potential for ME-RS technique as a rapid first-stage method
for informing the prescription of appropriate antibiotics prior to more extensive confirmatory lab-based
testing by WGS. A combined workflow with ME-RS and WGS could be transformative for the detection
and identification of infections and AMR in human and animal health.
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Methods

Dataset description

Wild-type (-WT) and phenotypically resistant (-R) strains of Gram-negative Acinetobacter baumannii (INN-
WT, K55-33-R), Escherichia coli (CCUG17620-WT; A2-39-R), Klebsiella pneumoniae (225-R) and Gram-
positive Staphylococcus aureus (NCTC8325-WT; CCUG35600-R) were used for the study. Phenotypic
information on E. coli, K. pneumoniae and S. aureus strains was previously published in®224, Minimum
inhibitory concentration (MIC) values of Acinetobacter strains against ciprofloxacin, gentamicin,
meropenem and colistin were determined by broth microdilution using Sensititre surveillance EUVSEC 96
well plates (ThermoFisher, USA) as described in?. Isolates were classified as susceptible (wild type) and
resistant according to the European Committee on Antimicrobial Susceptibility Testing (EUCAST)
Breakpoints v 12.0 (December 2021).

Genome sequencing & Bioinformatics for AMR and resistance

Genomic background of E. coli, K. pneumoniae and S. aureus used for this study was extensively
characterized in our previously published work®%224, In brief, isolates were sequenced using either
lllumina?3, ONT (MinlON and Flongle)®?? or both?*. Regardless of the technology used, sequencing data
were filtered for quality and length, and subsequently assembled using either SPAdes v 3.13.1 (lllumina)
or Unicycler v 0.4.9 (ONT MinION). In case data from both technologies were available, hybrid genome
assembly was performed using Unicycler v 0.4.9.

A. baumannii isolates were processed as described in%, sequenced on a MiSeq Illumina platform using
MiSeq v3 chemistry. Sequencing reads were demultiplexed, quality-filtered and assembled using SPAdes
v 3.13.1 following previously published protocol®.

Genome assemblies were searched for ARGs using Abricate v 1.0.1 which performs mass screening against
multiple ARG databases (NCBI, ARG-ANNOT, ResFinder, MEGARES). Eighty percent identity and 80 % query
coverage were used as cutoffs. Plasmids were searched against PLSDB database using 90 % identity as a
cutoff?,

Bacterial culture

Isolates were kept in 25 % glycerol stock at —80 °C. A loop-full of each isolate stock was streaked on BHI
agar plates and cultured overnight at 37 °C. After visual confirmation of colonies’ homogeneity (shape,
size, color), 5-10 colonies were picked and transferred to 1.5 ml BHI broth and cultured overnight at 37
°C. After confirmed growth (OD600 >1.0), 500 pl of bacterial culture were transferred to 500 pl of 50 %
glycerol solution. The stock was then sent to the Raman spectroscopy lab on dry ice, where they were
kept at =20 °C until the experiment.

BHI medium was prepared from the BHI powder (VWR, USA), following the manufacturer’s protocol. 15
g/l of agar was added to the medium for preparing the plates.

Raman microspectroscopy

To prepare samples for spectroscopic analysis, bacterial cultures were washed three times in deionized
water by centrifugation (4000g, 10 minutes) in a Heraeus Megafuge centrifuge. The resulting pellet was
applied to a fused quartz slide (UQG Optics, UK), and dried with gentle heating.

Raman microspectroscopy experiments were conducted using a Renishaw InVia Raman microscope
(Renishaw, UK), with a Leica DM 2500-M bright field microscope and an automated 100 nm-encoded XYZ
stage. The samples were excited using 532 nm and 785 nm lasers directed through a Nikon 100x air
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objective (NA = 0.85), with collection after a Rayleigh edge filter appropriate to each excitation
wavelength, and a diffraction grating (532nm: 1600 L/mm, 785nm: 1200 L/mm) that dispersed the Raman-
scattered light onto a Peltier-cooled CCD (1024 pixels x 256 pixels). Calibration of the Raman shift was
carried out using an internal silicon wafer using the peak at 521 cm™. Spectra were acquired over three
accumulations of 5 s each.

Spectral data processing and chemometric analysis

All spectra were cleared of cosmic rays prior to analysis using Renishaw Wire 5.1 software and then
imported into iRootLab version 0.17.8.22-d for Matlab28 for further processing. Spectra were truncated
to the 600-1600 cm™* spectral region and then background subtracted, wavelet denoised to smooth them,
and normalized to their maximum intensity. Concatenation of multi-excitation spectra was performed by
appending the 532nm spectrum to the end of the 785nm spectrum. Wavenumber variables were changed
to integer ‘observation’ values to prevent issues arising from having multiple intensity values at each
wavenumber.

Two-hundred and ten spectra were used to train the SVM classified (30 for each strain), and the same
number of spectra was used for validation. For this study, iRootLab’s in-built Principal Component Analysis
(PCA), SVM, and k-fold cross-validation functionality was applied to the processed spectra to classify the
bacteria by strain. In SVM, the default iRootLab parameters for ¢ and gamma (c = 1, gamma = 1) were
used. The analytical process is schematically summarized in Figure 1. The full step-by-step methods for
the SVM have been included as Figure S1.
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Figure 1: Diagrammatic representation of the workflow for spectral analysis. Spontaneous Raman spectra
are recorded at two wavelengths, and then concatenated onto one another. Raman shift (wavelength or
wavenumber) variables are replaced with a positive integer, termed an observation. The combined data
of intensity vs observational variables is then fed into a support vector machine for training and testing
purposes.
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Results and Discussion:

Sequencing

Wild type strains of E. coli (CCUG17620) and A. baumannii (INN) did not possess any antimicrobial
resistance genes, whereas the S. aureus NCTC 8325 genome contained genome encoded fosB gene.
Resistant strains, on the other hand, possessed plasmids with a wide variety of genes conferring resistance
towards penicillins, 3™ generation cephalosporins, carbapenems, tetracyclines, fosfomycin and
aminoglycosides (Table 1). In methicillin-resistant S. aureus CCUG35600, ARGs were chromosomally
encoded (Table 1).

Twenty percent of K. pneumoniae 225 genome aligned to E. coli CCUG17620 and an average nucleotide
identity (ANI) between these isolates was 84.6%. In case of E. coli A2-39, 18.6 % of K. pneumoniae 225
genomes were aligned and ANI was found to be 84.4 %.

Table 1: Overview of isolates’ phenotype and genomic background.

N Isolate Phenotype (antibiotic) stc;riimg Plasmid Antibiotic Resistance Genes
E. coli CCUG . .
1 17620 wild type negative yes -
resistant (cefotaxime CTX-M-2; TEM-18; sull;
2 E. coli A2-39 e ! negative yes mdf(A); tetA; dfrAl; aadAl;
ceftazidime)
aac(3)-Vla
Klebsiella resistant (chloramphenicol .
! HV-187; fosA; A; B32
3 pneumoniae 225 tigecycline) negative yes S 87; TosA; oaxA; ogxB3
S. aureus NCTC . .
4 8325 wild type positive no fosB
S gureus CCUG re5|sta‘nt (m(‘ethlallln,‘ N mecA,; tetK; fosB; ant(9)-la;
5 tetracycline, clindamycin, positive no erm(A); blal_of_Z; blaR1;
35600 .
erythromycin) blaPC1
Acinetobacter . .
6 INN wild type negative no -
aph(3”)-Ib; aph(6)-Id; tet(B);
Acinetobacter resistant (ciprofloxacin, . blaADC-30; blaOXA-66;
7 ) negative yes "
K55-13 gentamycin, meropenem) ant(3”)-lla; aac(3)-la; sul2;
aac(6’)-Ip; blaOXA-72

Raman spectral data

Using our previously reported method for multi-excitation Raman spectroscopy?! or ME-RS, spectra of
seven strains of WHO priority pathogens were recorded at 532 nm and 785 nm excitation. Class mean
spectra (n = 30) for both excitations are presented in Figure 2. In both cases, there is a large degree of
spectral similarity between the different classes, except for S. aureus 8325 at 532 nm excitation. This strain
exhibits large peaks at 1157 cm™ and 1525 cm?, which are associated with the conjugated -C=C- backbone
of carotenoids®®?’. These molecules are pre-resonantly excited at wavelengths around this region?®%,
Several other peaks can be observed across both spectra. Within the 532 nm spectra, we assign the 747
cm! peak to the presence of DNA%, along with the 781 cm™® peak, which arises from ring breathing modes
of cytosine3!. The peak at 1004 cm™ arises from the ring breathing mode of phenylalanine32. The sharp
peak at 1128 cm™* contains contributions from lipid C-C modes and C-N stretches in protein3*3*, Lastly, we
attribute the feature at 1585 cm™ to olefinic C=C modes in proteins®>. Within the 785 nm spectra, many
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of the features of the 532 nm spectra are preserved, but additional peaks are also seen. We ascribe the
feature at 1030 cm™ to a mixture of C-C and C-H modes in phenylalanine3?3>, Lastly, we attribute the broad
peak around 1450 cm™ to a complex mixture of C-H modes associated with molecules such as proteins,
lipids, and nucleic acids3436-38,
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Figure 2: Normalized class means (offset for clarity) of the Raman spectra for the 7 bacterial strains used
in this study, taken using (A) 532 nm excitation, and (B) 785 nm excitation. (n = 30) The presented spectra
illustrate the changes in peak intensity ratios that arise from changes in the excitation wavelength.

To determine the ability of the multi-excitation method to elucidate several biologically relevant
characteristics of the WHO pathogens and to also see their correlation with the sequencing information,
we utilized SVM with ten-fold cross validation, and performed PCA as a point of comparison. Initially, we
analysed the samples based on their species and the presence or absence of a thick peptidoglycan layer
in the cell wall (i.e., Gram-positive versus Gram-negative). The results for the SVM analyses are shown in
Figure 3 A&B. Using this method, we achieved 100% accuracy for the differentiation of Gram-positive and
Gram-negative bacteria. PCA for Gram-positive and Gram-negative bacteria also showed clear separation
of the two classes along PC1 (Figure S2 B), with no overlap of the 95% confidence intervals of the groups.
It is a very promising result since Acinetobacter is known to be occasionally falsely classified as a Gram-
positive bacterium?®, which can impair proper infection treatment“.
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A mean classification accuracy of 99.93% for species-level classification was also achieved by the SVM
analysis of ME-RS data. 2 out of 60 A. baumanii spectra were incorrectly classified as K. pneumoniae, and
1 of 60 E. coli spectra were identified as A. baumanii. In comparison, the species-level PCA exhibited
significant overlap of the 95% confidence intervals of all species other than S. aureus (Figure S2 A). S.
aureus’ separation from the other species is congruent with the species’ structural differences in its cell
wall. Similarly, all inter-species classification errors in the SVM analyses occurred between Gram-negative
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Figure 3: (A) Classification accuracies for SVM species-level identification of the bacterial strains used in
this study. (B) Classification accuracies for SVM delineation of gram-positive and gram-negative bacteria.
The size of green circles corresponds to the number of correct identifications for that species. Red circles
indicate incorrect classifications. A total of 210 concatenated ME-RS spectra were input into SVM.

We also attempted to differentiate the bacteria according to their drug resistance phenotype (i.e.,
resistant versus wild type), and to classify each strain in the study as a unique class. For this proof-of-
concept study, we only separated bacteria into resistant (plasmid-mediated or chromosomal resistance
to any antibiotic) and wild type (susceptible to all antibiotics or chromosomal mediated resistance). A
mean accuracy of 99.45% was achieved across the two classes, with all misclassifications occurring in the
wild type class (Figure 4). Whilst any misclassification is undesirable, it is preferable that any
misclassification be a false positive for drug resistance rather than a false negative, which may have
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negative consequences in terms of adverse outcomes for patients or animals. On the other hand the PCA
plot of the phenotype information revealed extensive overlap of the wild type and resistant classes (Figure
S3 A). Interestingly, although S. aureus NCTC 8325 has fosfomycin resistance gene, it was still separated
from S. aureus CCUG35600 MRSA strain. The same was true for E. coli isolates, where spectra from an
ESBL-positive strain were separated from a wild-type E. coli strain. Unfortunately, wild type K. pneumoniae
isolate was not included in this study. K. pneumoniae are intrinsically resistant to ampicillins, and it will be
important to include a wild-type K. pneumoniae strain in the follow-up experiments. At this stage, our
experimental data is rather limited, and it is yet to be established whether ME-RS can distinguish between
resistance to a given antibiotic. Nevertheless, this study clearly highlights that ME-RS has the potential to
be used as a rapid antibiotic susceptibility assessment tool.

Lastly, we tested our method as a means of classifying each strain separately and performed a PCA for
comparison. The results of this analysis are shown in Figure 4 B and Figure S3 B. In the PCA space, S. aureus
is well resolved from the Gram-negative species used in the study, with both strains also being resolved
from one another, suggesting that even PCA can differentiate drug-resistant and drug sensitive strains in
this species; however, the Gram-negative species exhibit sizeable overlap between both species and
strains. Clearly, this is highly undesirable. This strain-level classification essentially represents a
simultaneous classification along both phenotype and species lines, and the SVM model performed
extremely well, achieving a mean classification accuracy of 99.29%. Within this model, A. baumannii
strains were classified correctly 100% of the time, as were S. aureus NCTC8325 and E. coli A2-39. 3.33% of
E. coli CCUG17620 was misclassified as K. pneumoniae 225, and 1.67% of S. aureus CCUG35600 was
misclassified as S. aureus NCTC8325. E. coli CCUG17620 had 20.3 % of its genome aligned to K.
pneumoniae 225 genome, whereas E. coli A2-39 shared 18.6 %. Average nucleotide identity (ANI) of these
strains to K. pneumoniae equaled 84.6 % and 84.4 % respectively. Both the E. coli and S. aureus
misclassifications result in a misidentification of the sample’s drug-resistance phenotype, which is
undesirable; however, as both sets of misclassifications incorrectly identified the sample as drug-resistant,
the clinical decision to change to a different antibiotic to circumvent resistance is unlikely to be
problematic in treating an infection. Interestingly, comparison of the species and strain level classifiers
suggests that underlying phenotype may influence species identification. In the species-level
classification, A. baumannii was misidentified as K. pneumoniae in a small number of instances. This
misclassification, along with misclassifications of E. coli as A. baumannii disappeared when classifying
strains independently. It is possible that this is caused by physical changes arising from genetic differences
between the strains, which may confound the more general species classifier. Given this, and the
importance of AMR in the modern clinical setting, it may be preferable to classify unknown samples along
strain lines.
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Figure 4: (A) Classification accuracies for SYM delineation of bacteria exhibiting drug sensitivity and those
exhibiting drug resistance. (B) Classification accuracies for SVM strain-level identification of the bacteria
used in this study. The size of green balls corresponds to the number of correct identifications for that
species. Red balls indicate incorrect classifications. A total of 210 spectra with 30 spectra of each strain
were input into SVM.

Previously, Raman spectroscopy has been used with single excitation wavelengths to detect pathogens
from patient samples, but exposure times involved in the analysis required photobleaching steps of 15-
30 minutes to allow Raman spectral features to become prominent enough to achieve an accuracy above
95%"*1. As we have previously reported, our methodology provides clear spectra in around a minute for
classification of two species, even in artificial sputum?. Here, we have extended the previous work to
more species of clinical significance with similar levels of accuracy. Ho et al utilized deep learning to

identify pathogens based on their Raman spectra, and reported an accuracy if 99.7%, which is comparable
to the accuracies we obtain in this work.
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Conclusions

Here, we have demonstrated the extension of our multi-excitation Raman spectroscopy method to four
WHO priority pathogens with known antibiotic susceptibility phenotypes and resistomes. Multi-excitation
Raman combined with multivariate analysis was applied to a variety of biologically relevant classification
problems. Mean classification accuracies for species, Gram staining, drug resistance phenotype, and strain
were 99.93%, 100%, 99.45%, and 99.29%, respectively, which is consistent with previously reported
findings. The classification by ME-RS is well supported by the detailed phenotypic and gene resistance
profiling data. We observe a small (<1%) number of misclassifications which are explained by phenotypic
differences and genome alignment. These findings demonstrate the utility of our method to assist in the
identification of a range of WHO priority pathogens, and to provide relevant information about
microbiological samples, which can later be verified by genomics or conventional microbiological assays.
Our results establish the potential of ME-RS as a rapid first-stage analytical tool that can complement WGS
for phenotype prediction and resistome analysis. Such a workflow can be hugely impactful to handle and
prevent the spread of AMR and could lead to potential future use in clinical microbiology.

Acknowledgements

This research was funded by the Norwegian research council, grant number 273609, to AMR-Diag, and to
the internal strategic research grant 2021 from the Inland Norway University of Applied Sciences. The
authors would like to thank Anne Bergljot and Arne Taxt for help with the selection of the bacterial isolates
and Stephan A. Frye for performing the WGS. SM, AL, GD and NH acknowledge funding from EPSRC grant
EP/T020997/1 and EPSRC Impact Acceleration Account (IAA) award. JSW and CJH acknowledge funding
from the BBSRC and Innovate UK, IKC National Biofilms Innovation Centre BB/R012415/1.


https://doi.org/10.1101/2022.02.08.479540
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.02.08.479540; this version posted February 8, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

References

1 Murray, C. J. L. et al. Global burden of bacterial antimicrobial resistance in 2019: a systematic
analysis. The Lancet, doi:10.1016/50140-6736(21)02724-0 (2022).

2 Ahmad, M. & Khan, A. U. Global economic impact of antibiotic resistance: A review. J Glob
Antimicrob Resist 19, 313-316, doi:10.1016/j.jgar.2019.05.024 (2019).

3 WHO. (2017).

4 Ma, Y. X. et al. Considerations and Caveats in Combating ESKAPE Pathogens against Nosocomial
Infections. Adv Sci (Weinh) 7, 1901872, doi:10.1002/advs.201901872 (2020).

5 Ara-Montojo, M. F. et al. Predictors of mortality and clinical characteristics among carbapenem-

resistant or carbapenemase-producing Enterobacteriaceae bloodstream infections in Spanish
children. Journal of Antimicrobial Chemotherapy 76, 220-225, doi:10.1093/jac/dkaa397 (2021).

6 Akerlund, A. et al. EUCAST rapid antimicrobial susceptibility testing (RAST) in blood cultures:
validation in 55 European laboratories. Journal of Antimicrobial Chemotherapy 75, 3230-3238,
doi:10.1093/jac/dkaa333 (2020).

7 Vasala, A., Hytonen, V. P. & Laitinen, O. H. Modern Tools for Rapid Diagnostics of Antimicrobial
Resistance. Front Cell Infect Microbiol 10, 308, doi:10.3389/fcimb.2020.00308 (2020).
8 Avershina, E., Frye, S. A,, Ali, J., Taxt, A. M. & Ahmad, A. Ultrafast and cost-effective pathogen

identification and resistance gene detection in a clinical setting using Nanopore Flongle
sequencing. Front Microb (2022).

9 KloR, S. et al. Destruction-free procedure for the isolation of bacteria from sputum samples for
Raman spectroscopic analysis. Analytical and Bioanalytical Chemistry 407, 8333-8341,
doi:10.1007/500216-015-8743-x (2015).

10 Ghebremedhin, M., Heitkamp, R., Yesupriya, S., Clay, B. & Crane, N. J. Accurate and Rapid
Differentiation of Acinetobacter baumannii Strains by Raman Spectroscopy: a Comparative
Study. J Clin Microbiol 55, 2480-2490, doi:10.1128/JCM.01744-16 (2017).

11 Li, J. et al. Label-free identification carbapenem-resistant Escherichia coli based on surface-
enhanced resonance Raman scattering. RSC Advances 8, 4761-4765, doi:10.1039/c7ra13063e
(2018).

12 Allen, D., Kelly, J., Gilpin, D., Bell, S. & Tunney, M. Detection and characterisation of bacteria
causing lung infection in people with Cystic Fibrosis (CF) by surface-enhanced Raman
spectroscopy (SERS). Access Microbiology 1, doi:https://doi.org/10.1099/acmi.ac2019.p00267

(2019).

13 Tadesse, L. F. et al. Toward rapid infectious disease diagnosis with advances in surface-enhanced
Raman spectroscopy. The Journal of Chemical Physics 152, 240902, doi:10.1063/1.5142767
(2020).

14 Premasiri, W. R. et al. The biochemical origins of the surface-enhanced Raman spectra of

bacteria: a metabolomics profiling by SERS. Analytical and Bioanalytical Chemistry 408, 4631-
4647, doi:10.1007/s00216-016-9540-x (2016).

15 Jarvis, R. M. & Goodacre, R. Discrimination of Bacteria Using Surface-Enhanced Raman
Spectroscopy. Analytical Chemistry 76, 40-47, doi:10.1021/ac034689c (2004).

16 Polisetti, S., Baig, N. F., Morales-Soto, N., Shrout, J. D. & Bohn, P. W. Spatial Mapping of
Pyocyanin in Pseudomonas Aeruginosa Bacterial Communities Using Surface Enhanced Raman
Scattering. Applied Spectroscopy 71, 215-223, doi:10.1177/0003702816654167 (2016).

17 Jarvis, R. M. & Goodacre, R. Characterisation and identification of bacteria using SERS. Chemical
Society Reviews 37, 931-936 (2008).
18 Cotton, T., Timkovich, R. & Cork, M. Resonance Raman and surface-enhanced resonance Raman

studies of cytochrome cd1. FEBS Letters, doi:10.1016/0014-5793 (1981).


https://doi.org/10.1099/acmi.ac2019.po0267
https://doi.org/10.1101/2022.02.08.479540
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.02.08.479540; this version posted February 8, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

19 Manoharan, R. et al. Uv Resonance Raman-Spectra of Bacteria, Bacterial-Spores, Protoplasts and
Calcium Dipicolinate. J Microbiol Meth 11, 1-15, doi:Doi 10.1016/0167-7012(90)90042-5 (1990).

20 Grun, J. et al. Identification of Bacteria from Two-Dimensional Resonant-Raman Spectra.
Analytical Chemistry 79, 5489-5493, doi:10.1021/ac070681h (2007).

21 Lister, A. P. et al. Multi-Excitation Raman Spectroscopy for Label-Free, Strain-Level

Characterization of Bacterial Pathogens in Artificial Sputum Media. Analytical Chemistry 94, 669-
677, doi:10.1021/acs.analchem.1c02501 (2022).

22 Taxt, A. M., Avershina, E., Frye, S. A., Naseer, U. & Ahmad, R. Rapid identification of pathogens,
antibiotic resistance genes and plasmids in blood cultures by nanopore sequencing. Scientific
reports 10, 1-11 (2020).

23 Avershina, E. et al. AMR-Diag: Neural network based genotype-to-phenotype prediction of
resistance towards B-lactams in Escherichia coli and Klebsiella pneumoniae. Computational and
Structural Biotechnology Journal 19, 1896-1896, doi:10.1016/J.CSBJ.2021.03.027 (2021).

24 Khezri, A., Avershina, E. & Ahmad, R. Hybrid Assembly Provides Improved Resolution of
Plasmids, Antimicrobial Resistance Genes, and Virulence Factors in Escherichia coli and
Klebsiella pneumoniae Clinical Isolates. Microorganisms 9, doi:10.3390/microorganisms9122560

(2021).

25 Galata, V., Fehlmann, T., Backes, C. & Keller, A. PLSDB: a resource of complete bacterial
plasmids. Nucleic Acids Research 47, D195-D202, doi:10.1093/nar/gky1050 (2019).

26 Mahadevan-Jansen, A. Raman spectroscopy for the detection of cancers and precancers. Journal
of Biomedical Optics 1, 31, do0i:10.1117/12.227815 (1996).

27 Puppels, G. J., Garritsen, H. S. P., Kummer, J. A. & Greve, J. Carotenoids located in human

lymphocyte subpopulations and natural killer cells by Raman microspectroscopy. Cytometry 14,
251-256, doi:10.1002/cyt0.990140303 (1993).

28 Andreeva, A., Apostolova, |. & Velitchkova, M. Temperature dependence of resonance Raman
spectra of carotenoids. Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy
78, 1261-1265, doi:https://doi.org/10.1016/j.saa.2010.12.071 (2011).

29 Withnall, R., Chowdhry, B. Z., Silver, J., Edwards, H. G. M. & de Oliveira, L. F. C. Raman spectra of
carotenoids in natural products. Spectrochimica Acta Part A: Molecular and Biomolecular
Spectroscopy 59, 2207-2212, doi:https://doi.org/10.1016/51386-1425(03)00064-7 (2003).

30 Binoy, J. et al. NIR-FT Raman and FT-IR spectral studies andab initio calculations of the anti-
cancer drug combretastatin-A4. Journal of Raman Spectroscopy 35, 939-946,
doi:10.1002/jrs.1236 (2004).

31 Stone, N., Kendall, C., Smith, J., Crow, P. & Barr, H. Raman spectroscopy for identification of
epithelial cancers. Faraday Discussions 126, 141-157, doi:10.1039/B304992B (2004).

32 Huang, Z. et al. Near-infrared Raman spectroscopy for optical diagnosis of lung cancer.
International Journal of Cancer 107, 1047-1052, doi:10.1002/ijc.11500 (2003).

33 Frank, C. J., McCreery, R. L. & Redd, D. C. B. Raman Spectroscopy of Normal and Diseased
Human Breast Tissues. Analytical Chemistry 67, 777-783, do0i:10.1021/ac00101a001 (1995).

34 Cheng, W.-T,, Liu, M.-T,, Liu, H.-N. & Lin, S.-Y. Micro-Raman spectroscopy used to identify and
grade human skin pilomatrixoma. Microscopy Research and Technique 68, 75-79,
doi:10.1002/jemt.20229 (2005).

35 Katainen, E. et al. Quantification of the Amphetamine Content in Seized Street Samples by
Raman Spectroscopy. Journal of Forensic Sciences 52, 88-92, doi:10.1111/j.1556-
4029.2006.00306.x (2007).

36 Hanlon, E. B. et al. Prospects forin vivoRaman spectroscopy. Physics in Medicine and Biology 45,
R1-R59, doi:10.1088/0031-9155/45/2/201 (2000).



https://doi.org/10.1016/j.saa.2010.12.071
https://doi.org/10.1016/S1386-1425(03)00064-7
https://doi.org/10.1101/2022.02.08.479540
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.02.08.479540; this version posted February 8, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

37 Lakshmi, R. J. et al. Tissue Raman Spectroscopy for the Study of Radiation Damage: Brain
Irradiation of Mice. Radiation Research 157, 175-182, doi:10.1667/0033-
7587(2002)157[0175:TRSFTS]2.0.CO;2 (2002).

38 Lau, D. P. et al. Raman spectroscopy for optical diagnosis in normal and cancerous tissue of the
nasopharynx?preliminary findings. Lasers in Surgery and Medicine 32, 210-214,
do0i:10.1002/Ism.10084 (2003).

39 Bazzi, A. M., Al-Tawfig, J. A. & Rabaan, A. A. Misinterpretation of Gram Stain from the Stationary
Growth Phase of Positive Blood Cultures for Brucella and Acinetobacter Species. Open Microbiol
J11,126-131, doi:10.2174/1874285801711010126 (2017).

40 Chew, K. L. & Chew, K. L. Acinetobacter ursingii masquerading as Gram-positive cocci. Clinical
Microbiology and Infection 24, 856-857, doi:10.1016/j.cmi.2018.04.016 (2018).
41 Rusciano, G. et al. Raman spectroscopy as a new tool for early detection of bacteria in patients

with cystic fibrosis. Laser Physics Letters 10, 075603, doi:10.1088/1612-2011/10/7/075603
(2013).


https://doi.org/10.1101/2022.02.08.479540
http://creativecommons.org/licenses/by-nc-nd/4.0/

