
1 
 

 

 

 

 

 

 

Application of analytical chemistry methods 

based on metabolomics for antimicrobial 

resistance diagnostics in sepsis 

 

 

 

 

 

Thesis submitted in accordance with the requirements of the University of 

Liverpool for the degree of Doctor in Philosophy in the Faculty of Health and 

Life Sciences 

 by  

Shwan Ahmed 

August 2024 

 

 

 

 

Department of Biochemistry, Cell and Systems Biology, Institute of Systems, 

Molecular and Integrative Biology 



2 
 

Table of Contents 

Abstractééééééééééééééééééééééééééééééé..é..10 

Declaration ééééééééééééééééééééééééééééééé..11 

Abbreviations.éééééééé..........................................................................................12 

Acknowledgementséééééééééééééééééééééééééééé..16 

 

Chapter 1éééééééééééééééééééééééééééééééé.17 

1. General introductionééééééééééééééééééééééé.éé17 

1.1 Sepsisééééééééééééééééééééééééééééééé18 

1.1.1 Diagnosis of Sepsisééééééééééééééééééééééééé..18 

1.1.2 Management of sepsis éééééééééééééééééééééééé..19 

1.2 Antibioticsééééééééééééééééééééééééééééé21 

1.2.1 Major classes of antibioticséééééééééééééééééééééé..21 

1.2.2 Ciprofloxacin (CP)ééééééééééééééééééééééééé...22 

1.2.3 Amoxicillinéééééééééééééééééééééééééééé...23 

1.2.4 Vancomycinéééééééééééééééééééééééééééé..24 

1.2.5 Tazocin TZP (tazobactam-piperacillin)éééééééééééééééééé24 

1.2.6 Amikacinééééééééééééééééééééééééééééé..24 

1.3 Antimicrobial Resistanceééééééééééééééééééééééé.25 

1.4 An overview of Metabolomicsééééééééééééééééééééé.25 

1.5 Sample preparation and treatments in microbial metabolomicséééééééé..27 

1.6 Analytical platforms and applicationséééééééééééééééé.éé.29 

1.7 Vibrational spectroscopyééééééééééééééééééééé.éé.30 

1.7.1 FTIR spectroscopyééééééééééééééééééééééééé...31 

1.7.2 Raman spectroscopyééééééééééééééééééééééééé.33 

1.7.3 Optical-Photothermal Infrared (O-PTIR) Spectroscopyééééééééééé..35 

1.8 Mass spectrometryéééééééééééééééééééééééééé36 

1.8.1 Gas chromatography-mass spectrometry GC-MSéééééééééééééé38 

1.8.2 Liquid chromatography-mass spectrometry LC-MSééééééééééééé40 

1.9 Data processing and chemometricsééééééééééééééééééé..41 

1.9.1 Principal Component Analysis (PCA) éééééééééééééééééé.42 



3 
 

1.9.2 Principal Component Discriminant Functions Analysis (PC-DFA)ééééééé.43 

1.9.3 Validation approacheséééééééééééééééééééééééé..43 

1.10 Aim and objective of the thesisééééééééééééééééééééé45 

1.11 Referencesééééééééééééééééééééééééééééé46 

 

Chapter 2éééééééééééééééééééééééééééééééé.54 

Rapid Classification and Differentiation of Sepsis-associated Pathogens Using FT- IR 

Spectroscopy 

2.1 Abstractéééééééééééééééééééééééééééééé55 

2.2 Introductionéééééééééééééééééééééééééééé..56 

2.3 Materials and methodséééééééééééééééééééééééé.58 

2.3.1 Chemicals, bacterial isolates, growth conditions, and sample preparationéééé..58 

2.3.2 FT-IR spectroscopyééééééééééééééééééééééééé..60 

2.3.3 MALDI-TOF MSéééééééééééééééééééééééééé.61 

2.3.4 Data analysiséééééééééééééééééééééééééééé61 

2.4 Results and Discussionsééééééééééééééééééééééé...62 

2.4.1 QC correction and data alignmentéééééééééééééééééééé62 

2.4.2 Classification and discrimination of all isolateséééééééééééééé..64 

2.4.3 Differentiation between isolates (Gram-positive and Gram-negative)éééééé67 

2.4.4 Differentiation between isolates according to their antibiotic resistance profileéé.70 

2.4.4.1 Differentiation between S. aureus isolateséééééééééééééééé...70 

2.4.4.2 MRSA vs MSSAéééééééééééééééééééééééééé..72 

2.4.4.3 Enterococcus species and VREééééééééééééééééééééé72 

2.4.5 Discrimination and classifying Streptococcus and Candida specieséééééé...75 

2.5 Conclusionsééééééééééééééééééééééééééé.é.77 

2.6 Referencesééééééééééééééééééééééééééééé79 

2.7 Supplementary Informationéééééééééééééééééééééé..82 

 

Chapter 3éééééééééééééééééééééééééééééééé.88 

Simultaneous Raman and infrared spectroscopy: a novel combination for studying 

bacterial infections at the single cell level 

3.1     Abstractééééééééééééé.ééééééééééééééééé89 

3.2     Introductionééééééééééééééééééééééé.ééééé..90 



4 
 

3.3      Materials and methodséééééééééééééé...ééééééééé..92 

3.3.1 Growth conditions and sample preparationéééééééééééééééé..92 

3.3.2 FTIR spectroscopyéééééééééééééééééééééééééé92 

3.3.3 O-PTIR and Raman spectroscopyéééééééééééééééééééé93 

3.3.4 Data analysiséééééééééééééééééééééééééééé94 

3.4      Results and discussionéééééééééééééééééééééééé..94 

3.4.1 Infrared spectroscopyéééééééééééééééééééééééé...94 

3.4.2 Raman spectroscopyééééééééééééééééééééééééé.99 

3.5      Conclusionséééééééééééééé...ééééééééééééé.104 

3.6 Referenceséééééééééééééééééééééééé..éééé105 

3.7 Supplementary Informationéééééééééééééééééééééé108 

 

Chapter 4ééééééééééééééééééééééééééééééé...110 

Metabolic Response of Klebsiella oxytoca to Ciprofloxacin Exposure: A 

Metabolomics Approach 

4.1    Abstractéééééé.ééééééééééééééééééééééé.111 

4.2    Introductionééé.éééééééééééééééééééééééé...112 

4.3    Materials and methodsééééé.éééééééééééééééééé..114 

4.3.1    Bacterial isolates and growth conditionéééé.éééééééééé.éé...114 

4.3.2    Determination of ciprofloxacin minimum inhibitory concentration (MIC)é.éé.114 

4.3.3    FT-IR spectroscopyéééééééééééééééé..éééééééé.114 

4.3.3.1  Sample preparationééééééé.éééééééé..ééééééééé114 

4.3.3.2  FT-IR instrument setupéééééééééé.ééééééééééééé.115 

4.3.3.3  FT-IR data analysisééééééé.ééééééééééééééééé...115 

4.3.4   GC-MS analysiséééééééééé.ééééééé..éééééééé..115 

4.3.4.1  Quenching and extraction of intracellular metabolitesééééééééé.éé.115 

4.3.4.2  Derivatisationééééééééééééééééééééééééééé117 

4.3.4.3  GC-MS setup and data pre-processingééééééééééééééééé..117 

4.3.4.4  Data processing and statistical analysisééééééééééééééééé.118 

4.4    Results and Discussionsééééééééééé.éééééééééééé118 

4.4.1    Determination of the minimal inhibitory concentration (MIC) of ciprofloxacin in six 

isolates of K. oxytocaéééééééééééééééééééééééééééééé...118 



5 
 

4.4.2   Growth profiles of K. oxytoca strains upon exposure to different   concentrations of 

ciprofloxacin at mid-exponential phaseéééééééééééééééééé.éé.119 

4.4.3    FT-IR spectroscopy of collected k. oxytoca biomass samples based metabolic 

fingerprintingééééééééééééééééééééééééééééé..é120 

4.4.4   Metabolic profiling by GC-MSéé..ééé.ééééééééééééééé123 

4.4.5   Interpretation of the GC-MS metabolite profile dataééééééééé..ééé126 

4.5   

Conclusionsééééééééééééééé.ééééééééééééééé...130 

4.6   Referencesééééééééééééé.ééééééééééééééé.132 

4.7   Supplementary Informationéééé.éééééééééé.ééééééé..135 

 

Chapter 5ééééééééééééééééééééééééééééééé...144 

Metabolomics in sepsis: monitoring patientôs response to antibiotic therapy 

5.1      Abstractéééééééééééééééééééééééééééééé145 

5.2      Introductionéé.éééééééééééééééé..ééééééééé..146 

5.3      Materials and methodsééééééééééééé...éééééééééé.149 

5.3.1 Participants and sample categorieséééééé.ééééééééééééé149 

5.3.2 Sample collectionééééééééééééééééééééééééé...150 

5.3.3 FT-IR spectroscopyééééééééééééééééééééééééé150 

5.3.3.1 Sample preparationééééééééééééééééééééééééé.150 

5.3.3.2 FT-IR instrument setupééééééééééééééééééééééé...151 

5.3.3.3 FT-IR data analysisééééééééééééééééééé.éééééé151 

5.3.4 LC-MS analysisééééééééééééééééééééé.ééééé.152 

5.3.4.1 Extraction of plasma sampleséééééééééééééééé.ééééé152 

5.3.4.2 UHPLC MS/MS analysis of patient plasma sampleséééééééééééé153 

5.3.4.3 LC MS/MS data pre-processing and analysisééééééééééééééé154 

5.4       Results and discussionséééééé..ééééééééééééééééé154 

5.4.1 FT-IR spectroscopy of plasma samples based on metabolic fingerprintingééé...154 

5.4.1.1 Discrimination based on sepsis categorieséééééééééééééééé.155 

5.4.1.2 Discrimination based on phenotypingéééééééééééééééééé156 

5.4.1.3 Classification results for sepsis categories and phenotyping using PLS-DA model..157 

5.4.2 LC-MS analysis of plasma samples based metabolic profilingéééééééé..160 

5.4.2.1 Discrimination based on sepsis categories and phenotypeéééééééééé.160 



6 
 

5.4.2.2 Classification of patients based on sepsis categories and phenotypes using the PLS-

DA modeléééééééééééééééééééééééééééé...162 

5.4.2.3 Classification of patients based on the first sample taken when they were admitted to 

the hospital using the PLS-DA model.ééééééééééééééééé...165 

5.4.3 Monitor patient response to various antimicrobial therapiesééééééééé.166 

5.4.3.1 Identification of metabolites that change between the patient's early hospital 

admission and their discharge ééééééééééééééééééééé169 

5.5       Conclusionséééééé..ééééééééééééééééééééé..170 

5.6       References ééééééééééééééééééééééééééé171 

5.7       Supplementary Informationéééééééééééééééééééééé174 

Chapter 6ééééééééééééééééééééééééééééééé...175 

Discussion and conclusions 

6.1       General discussion and 

conclusionééééééééééééééééééééééééééééééé.175 

6.2       Study Limitations and Future Workéé.éééééééééééééééé182 

6.3       Conclusionééééééééé.éééééééééééééééééé...183 

6.4       Referenceséééééééééé.ééééééééééééééééé...185 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



7 
 

List of Figures 

 

Figure 1.1 Sepsis management pipeline for patients suspected with sepsisééééééé20 

Figure 1.2 Summary of antibiotic mode of action and antibiotic resistanceééééééé22  

Figure 1.3 Chemical structures of quinolone generations. Nalidixic acidéééééééé23 

Figure 1.4 General metabolomics workflow outlining the steps involvedééééééé..28  

Figure 1.5 The GC-MS general work flow for sample preparation éééééééééé.29 

Figure 1.6 A typical bacterial FT-IR spectrum displaying the main characteristic éééé..32 

Figure 1.7 Energy level diagram representing the various energy levelséééééééé..34 

Figure 1.8 Schematic description of O-PTIR mIRage instrument adaptedééééééé..36 

Figure 2.1 An overview of the FT-IR data analysis pipeline employed in this studyéééé62 

Figure 2.2 A) Quality control Raw spectra, B) Processed spectra, C) PCA scores éééé.63 

Figure 2.3 PCA scores plot of pre-processed spectral data of the organismséééééé..64  

Figure 2.4 PC-DFA scores plot (20PCs, TEV=98.72) of all isolates. Theééééééé...66 

Figure 2.5 PC-DFA scores plot A) Gram-negative isolates (15PCs, TEV=97.82)éééé..68 

Figure 2.6 PC-DFA scores plot for A) S. aureus and CNS isolateséééééééééé.71 

Figure 2.7 PC-DFA scores plot and PLS-DA results for a model classifyingéééé.éé74  

Figure 2.8 PC-DFA scores plot for A) Four different species of Streptococcus isolatesé.é76  

Figure S2.1 Spotting Pattern of Quality Control (QC) samples on The FT-IR plateééé...82 

Figure S2.2 PC1 loadings plot of FT-IR spectral data of all isolates. This is linkedééé...82  

Figure S2.3 A) Averaged pre-processed spectra for Bacillus species and B) DF3éééé..83  

Figure S2.4 PC-DFA score plot for K. oxytoca and K. pneumoniae isolatesééééééé84  

Figure S2.5 DF2 loadings plot of FT-IR spectral data of MRSA and MSSA isolatesééé.84  

Figure S2.6 A) The FT-IR spectra of Lipoteichoic acid and B) Averaged FT-IRééééé.85  

Figure S2.7 A) Averaged spectra for Streptococcus species and B) DF2 loadingséééé...86  

Figure S2.8 A) Averaged spectra for Candida species and B) DF1 loadingséééééé..87  

Figure 3.1 Average FTIR (red), O-PTIR/bulk (green), and O-PTIR/single cellsééééé95  

Figure 3.2 PCA (aïc) and PC-DFA (dïf) scores plot of FTIR (a and d), OPTIRééééé97 

Figure 3.3 Averaged second derivatives from FTIR (yellow), O-PTIR/bulkéééééé..99  

Figure 3.4  Average Raman spectra collected from bacterial isolates analysedééééé100 

Figure 3.5  (a) PCA scores plot of Raman data, same species are plotted in similarééé.102  

Figure S3.1 Average FTIR (red), O-PTIR/bulk (green), and O-PTIR/single cellséééé.108  

Figure S3.2 Average Raman spectra collected from single bacterial cells from theééé..109  

Figure 4.1 Typical growth curves of the six K. oxytoca isolates exhibitingééééééé119  



8 
 

Figure 4.2 PC-DFA scores plot generated from the first 5 PCs (TEV=92.78%) .ééééé120 

Figure 4.3 A) PC-DFA scores plot for FT-IR (PCs 1-15, TEV=98.95%) of theééééé122  

Figure 4.4 A) PC-DFA scores plot for GC-MS data (PCs 1-30, TEV=92.45%)ééééé124  

Figure 4.5 A) PCA scores plot for resistant (green) and susceptible (red) exposedéééé125  

Figure 4.6 A) Box-and-whisker plots showing up regulated metabolites inéééééé..127  

Figure S4.1 The typical Minimum Inhibitory Concentration of ciprofloxacinééééé..141  

Figure S4.2 DF1 loadings plot for FT-IR data for six isolates of K. oxytocaééééééé141  

Figure S4.3 Box-and-whisker plots showing down  regulator metabolites inééééé.é142  

Figure S4.4 ROC curve analysis of the significant metabolites upregulatedéééééé..143  

Figure S4.5  ROC curve analysis of the 15 significant metabolites in discriminatingé...é..143  

Figure S4.6 Multivariate ROC curve analysis of the top 15 significant metabolites éé..144 

Figure 5.1 Sepsis categories differentiation using FT-IR data  A) PCA scores plotéééé154  

Figure 5.2 Phenotyping differentiation using A) PCA scores plot and B) PC-DFAéééé155  

Figure 5.3 PLS-DA results for classifying sepsis categories based on subjects dividedéé.156  

Figure 5.4 PLS-DA results for classifying sepsis categories based on subjects dividedéé.157  

Figure 5.5  Sepsis categories differentiation using LC-MS data (+ve ion mode)éééé..159   

Figure 5.6 PC-DFA A) scores plot of the model including BS (n=7) and DV(n=3)ééé..161 

Figure 5.7  PLS-DA results for classifying sepsis categories based on subjectsééééé162  

Figure 5.8  PLS-DA results for classifying infection vs. septic shock. A) show theééé..162  

 Figure 5.9 PLS-DA results for classifying infection vs. sepsis biologicalééééééé.163  

Figure 5.10 PLS-DA results for classifying sepsis categories based on subjectsééééé165  

Figure 5.11 Represents the multiple sample points from a single patient (DIS5)éééé..166 

Figure 5.12 Represents the multiple sample points from single patient (DIS157)éééé.167  

Figure 5.13 The analysis work flow outlining steps and criteria involved from theéé..é..170 

FigureS.5.1PCA scores plot for LC-MS data showing QC samples tightly clusteringΧΧΧΦмтп 

Figure 6.1 Summarises the results of this thesis, which used various analyticalééééé182 

 

 

  

 

 

 

 



9 
 

List of Tables 

Table 1-1. Definitions of terms commonly used in metabolomicsééééééééééé26 

Table 2-1. Microorganisms analysed in this study. Each species representedéééé.éé..59  

Table 3-1. List of bacterial isolates including species and sub-species examinedé...ééé..93  

Table 3-2. Similarity between different datasets using Procrustes distanceéé...éééé.103 

Table S4-1. Calculated MICs of ciprofloxacin hydrochloride for six isolateséééé.éé136  

Table S4-2. List of 40 metabolites that were differentially expressed betweenééééé..137  

Table S4-3. The results of the pathway analysis highlighting the  affected pathwayséé....140  

Table 5-1. Demographic of patients based on both sepsis categories andééééééé..148  

Table 5-2. HPLC gradient elution program applied for HPLC-MS/MS analysisé...ééé.153  

Table 6-1. Some of analytical techniques commonly employed forééééééé...éé.177  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



10 
 

Abstract 

Sepsis is a life-threatening medical emergency that refers to the host's reaction to an infectious 

process that can result in organ failure and death. Rapid diagnosis of the pathogen including 

species, strain and perhaps most importantly its antimicrobial resistance profile, is urgently 

needed to improve diagnosis and management of sepsis. Without proper antibiotic stewardship, 

the clinical management of sepsis could be cast back to a pre-infective era where we have run 

out of antibiotics to treat these life-threatening infections. Detailed knowledge of the bacterial 

response to commonly used antibiotics is urgently needed to design more effective treatment 

strategies for such infections. Current bacterial typing and diagnostic methods necessitate time-

consuming sample culturing protocols, thus broad-spectrum antibiotics are often prescribed as 

first-line medications as soon as possible in order to minimise negative consequences induced 

by delayed therapy. However, such practices could support further the development of AMR. 

Developing metabolomics-driven discovery of novel biomarkers for point-of-care delivery and 

assessment of AMR would target therapy at the individual patient level, and would allow 

judicious selection of antibiotic treatment. In the collection of studies in this thesis, we applied 

metabolomics in the field of infectious disease to phenotype and characterise bacterial and 

fungal sepsis pathogens isolated from children. These pathogens were discriminated and 

identified at the species level using FTIR spectroscopy. In addition, using FTIR spectral data 

enabled the differentiation between methicillin-resistant Staphylococcus aureus (MRSA) and 

methicillin-susceptible Staphylococcus aureus (MSSA) strains, as well as between 

vancomycin-resistant Enterococcus and other Enterococcus strains. Then an emerging 

technology that provides infrared signatures via optical photothermal infrared (O-PTIR), and 

Raman spectroscopy simultaneously, was used to classify and differentiate 12 bacterial strains, 

including six isolates of Gram-negative and six Gram-positive bacteria, at the single-cell level. 

Our findings showed significant similarity and high reproducibility in the infrared signatures 

obtained by all three approaches including similar discrimination patterns when subjected to 

clustering algorithms. Upon ciprofloxacin treatment, the changes in the metabolic phenotype 

of these isolates were also investigated using FT-IR spectroscopy and gas chromatography 

coupled with mass spectrometry (GC-MS) and chemometrics. The pathogenôs antibiotic 

susceptibility was assessed, and our findings demonstrated that FTIR and GC-MS can 

differentiate between resistant and susceptible strains of Klebsiella oxytoca when exposed to 

different concentrations of ciprofloxacin. Additionally, we employed FTIR spectroscopy and 

LC-MS-based metabolomics techniques for untargeted analysis of 417 plasma samples 

collected from children with blood infections at Alder Hey Hospital. This study aimed at 

employing untargeted metabolomics approaches to distinguish between different sepsis 

categories scenarios and patients' response to different antibiotic treatment strategies, thus 

identifying particular biochemical markers for clinical application. 
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MIR   Mid Infrared 

MOA  Mechanisms Of Action 

MRSA  Methicillin Resistant Staphylococcus aureus 

MSSA  Methicillin Sensitive Staphylococcus aureus 
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MS   Mass Spectrometry 

MSI   Metabolomics Standards Initiative 

MSTFA  N-methyl-N-trimethylsilyl tri fluoroacetamide 

MVA   Multivariate Analysis 

NICI  Negative Ion Chemical Ionisation 

NMR   Nuclear Magnetic Resonance 

OD   Optical Density 

O-PTIR Optical-Photothermal Infrared Spectroscopy 

PB  Probable Bacteria 

PBPs  Penicillin Binding Proteins 

PC   Principal Component 

PCA   Principal Component Analysis 

PC-DFA Principal Component Discriminant Function Analysis 

PCR  Polymerase Chain Reaction 

PCT  Procalcitonin 

PG  Peptidoglycan 

PICU  Paediatric Intensive Care Unit 

PLS-DA Partial Least Squares Discriminant Analysis 

Q   Quadrupole 

QC   Quality Control 

QCL  Quantum Cascade Laser 

QMF   Quadrupole Mass Filter 

RI   Retention Index 

ROC  Receiver Operating Characteristic 

ROS  Reactive Oxygen Species 

RP   Reversed Phase 

RR  Respiratory Rate 

RSD   Relative Standard Deviation 

RT   Retention Time 
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RT-PCR Real-time Polymerase Chain Reaction 

SDS   Sodium Dodecyl Sulfate 

SOFA  Sequential Organ Failure Assessment 

TCA  Tricarboxylic acid 

TDM  Therapeutic Drug Monitoring 

TEV   Total Explained Variance 

TMS  Trimethylsilylation 

TOF   Time of Flight 

tRNAs  Aminoacyl Transfer RNAs   

TZP  Tazobactam Piperacillin 

VRE  Vancomycin Resistant Enterococci 

WGS  Whole Genome Sequencing 

WHO  World Health Organization 

ŬKG   Ŭ-Ketoglutarate 
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1.1 Sepsis 

ñSepsis is a life-threatening organ dysfunction caused by a dysregulated host response to 

infectionò (Singer et al., 2016), and it is associated with a significant rate of mortality and 

morbidity both in children and adults worldwide. In 2017, a study estimated that it affects over 

48.9 million people globally, and there were reports indicating 11.0 million sepsis-related 

deaths (range: 10.0 ï 12.0 million) (Rudd et al., 2020). Sepsis develops when the body's 

immune system responds in a dysregulated way to an infection, leading to systemic 

inflammatory responses that may result in organ dysfunction and failure. The complex 

underlying pathophysiology of sepsis involves multiple pro- and anti-inflammatory cytokines 

as well as chemokines and other signalling pathways (Hotchkiss et al., 2016). Therefore, 

developing accurate diagnostic and prognostic tools for the rapid diagnosis of sepsis and, 

perhaps most importantly, identifying antimicrobial resistance and susceptibility is urgently 

needed to improve sepsis recognition and management. Delayed administration of antibiotics 

and fluid resuscitation results in a 7.6% increase in mortality rates per hour in cases of septic 

shock (Kumar et al., 2006). The Sepsis-3 definition (Singer et al., 2016) emphasises that sepsis 

is characterised as a syndrome rather than a distinct disease, lacking a definitive diagnosis or a 

singular gold-standard test. It suggests the consideration of sepsis when patients with suspected 

infections demonstrate clinical signs. Key vital signs commonly discussed in the literature 

include variable temperature (both increased and decreased), elevated heart rate, and increased 

respiratory rate (RR) (Hotchkiss et al., 2016). Additionally, other clinically pertinent criteria 

include systolic or mean arterial blood pressure (BP), oxygen saturation, blood glucose level, 

in-hospital lactate, or abnormal white blood cell count during hospitalization (Lane et al., 

2016). Although bacterial infections are recognised as the predominant factor in the 

development of pathogenic sepsis, viruses and fungi exert notable influence on the aetiology 

of sepsis, especially in individuals with compromised immune systems (Dolin et al., 2019).  

 

1.1.1. Diagnosis of Sepsis:  

Sepsis is a critical medical emergency; thus, sepsis awareness should be raised. Timely and 

appropriate interventions, particularly the early detection of sepsis, which involves identifying 

the species, strain and its antimicrobial resistance profile, can assist the therapeutic strategy 

and significantly enhance the chances of survival for sepsis patients (Kim and Park, 2019). 

Despite significant efforts in recent years to characterise sepsis pathophysiology, the diagnosis 

of this condition persists depending on clinical parameters and standard laboratory markers 
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(Mangioni et al., 2020). Discriminating between sepsis and non-infectious inflammatory 

conditions is challenging, and although biomarkers are proposed to assist in this diagnostic 

endeavour, there is presently no single biochemical method available that enables a rapid and 

dependable differentiation between sepsis and non-infectious inflammation (Bloos and 

Reinhart, 2014). Several biomarkers and diagnostic techniques, such as procalcitonin, C-

reactive protein (CRP) and lactate levels, have been developed to aid in the diagnosis of sepsis. 

CRP, as an inflammatory marker, lacks the ability to effectively distinguish between the 

systemic inflammatory response and sepsis (Carrol et al., 2002). There are various methods 

used for diagnosing microbial infections with each having its benefits and limitations. Gram 

staining can provide a quick initial diagnosis but may be inconclusive needing interpretative 

expertise (Beveridge, 2001). Culture-based methods, allow for the growth of microorganisms 

on specific media leading to identification and susceptibility testing. However, these methods 

can take several days and may be less sensitive to fastidious or slow-growing microorganisms. 

Molecular methods, such as polymerase chain reaction (PCR) and nucleic acid sequencing, can 

provide rapid and sensitive diagnosis of microbial infections (Petti, 2007).  These 

methodologies detect the genetic material of microorganisms, thereby enabling the 

identification of pathogens that are difficult to culture or where they exist in very low numbers 

to be detected. They are also capable of providing information regarding genetic diversity as 

well as the resistance mechanisms of microorganisms. Additionally, as alternative techniques, 

Raman and infrared spectroscopies hold great promise as diagnostic tools for fast processing 

times, and in combination with microscopy can allow for the assessment of the bacterial 

samples at the single-cell level enabling culture-free detection of bacterial infections (Lima et 

al., 2022). Details of these technologies are discussed in the following sections.  

 

1.1.2.   Management 

The first step in sepsis management is identifying patients with suspected sepsis (prompt 

recognition and diagnosis of sepsis). This involves using clinical criteria, such as the Sequential 

Organ Failure Assessment (SOFA) score, and laboratory tests, such as the measurement of 

procalcitonin levels. Upon suspecting sepsis, it is crucial to collect blood cultures, promptly 

initiate broad-spectrum antibiotic treatment and the administration of intravenous (IV) 

intervention to mitigate their mortality risk (Figure 1.1) (Lane et al., 2018). Without appropriate 

antibiotic stewardship, the management of sepsis in clinical settings could be cast back to a 

time before the discovery of antibiotics, when treating these serious infections was significantly 
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Figure 1.1 Sepsis management pipeline for patients suspected with sepsis. 1) The first step is to 

identify patients with suspected sepsis by assessing clinical criteria such as SOFA scores. 2) 

conduct laboratory tests such as measuring procalcitonin levels. 3) Collect a blood sample from 

the patient, and 4) Promptly initiate broad-spectrum antibiotic treatment and intravenous fluid 

administration to mitigate the mortality risk. 

more challenging. Initiating timely and appropriate antimicrobial therapy is an essential 

component of the effective management of severe infections  avoiding the possibility of life-

threatening sepsis and septic shock. It has been demonstrated that the absence of suitable 

empirical treatment in patients with sepsis and septic shock is closely linked to a significant 

rise in morbidity and mortality (Rhodes et al., 2017). A thorough understanding of how bacteria 

respond to commonly prescribed antibiotics is urgently needed to design more effective 

treatment strategies for such infections. During clinical management for sepsis at its initial 

stages there are three critical decision-making steps made at different points: prior 

hospitalisation, on admission to hospital, and immediately post admission into hospital. These 

stages include assessing the severity of the illness, determining the cause of the infection, and 

selecting the most suitable definitive therapy (Inglis and Urosevic, 2017). The advancement of 

metabolomics-based identification of new biomarkers for point-of-care diagnosis and 

evaluation of antimicrobial resistance has the potential to customize therapy for individual 

patients, known as personalized therapy. This type of companion diagnostics could enable 

careful selection of antibiotic treatment.  
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1.2  Antibiotics 

Antibiotic use must be optimised in order to maximise success, eliminate undesirable antibiotic 

effects, and prevent rising drug resistance (Martínez et al., 2020). Antibiotics have been used 

to eradicate the persistence of infectious agents for many years. They are generally classified 

as having a "broad" or "narrow" spectrum. Broad-spectrum antibiotics are known to be 

effective against a wide range of bacteria. Whilst narrow spectrum antimicrobials are only 

effective against one or a few bacterial types. In critically ill patients, broad-spectrum 

antibiotics are helpful for initial empirical therapy. They cover a broader range of pathogens 

and are more likely to be effective against unidentified infectious agents. However, it is 

preferable to use narrow-spectrum agents whenever possible due to their lower likelihood of 

triggering the development of AMR and their ability to decrease common side effects like 

dysbiosis (Varley et al., 2009). There are several classes of antibiotics with different targets 

and modes of action (Figure 1.2), including interfering with the synthesis of the cell wall, 

inhibiting the synthesis of proteins, inhibiting the synthesis of nucleic acids, inhibiting 

metabolic pathways/bacterial enzymes, and disruption of the bacterial membrane structure 

(Abushaheen et al., 2020). Antibiotic resistance and antibiotic tolerance are two mechanisms 

by which these pathogenic bacteria can recover from antibiotic challenges. It has been observed 

that certain bacteria have acquired the ability to resist every antibiotic (multi-drug resistant) 

introduced into the market in the past 50 years (Tsakou et al., 2020). AMR is a serious threat 

to people's health and the global economy as a whole (Bartlett, 2011), affecting both developing 

and developed countries. The fundamental patterns of resistance mechanisms are the 

prevention of drug accumulation, modification of cell target, "bypass" of metabolic pathways, 

and inactivation of antibiotics (Kapoor et al., 2017b). The section below discusses the most 

commonly used antibiotics for the treatment of sepsis and investigates potential resistance 

mechanisms. 

 

1.2.1 Major classes of antibiotics used for sepsis treatment, mode of action and their 

possible resistance mechanisms: 

Figure 1.2 presents an overview of the mechanisms of action and potential resistance 

mechanisms associated with the major classes of antibiotics used in the treatment of sepsis. 
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Figure 1.2  Summary of antibiotic mode of action and antibiotic resistance strategies with antibiotic 

examples. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1.2.2  Ciprofloxacin (CP): 

Ciprofloxacin (Figure 1.3) is a fluoroquinolone that is part of the quinolone group that 

efficiently inhibits DNA replication by targeting topoisomerase enzymes and is widely used to 

treat many infections (Castro et al., 2013). Fluoroquinolones, a modern generation of 

quinolones with a broader antimicrobial activity and enhanced pharmacokinetic characteristics, 

were generated as second-generation antibiotics following the incorporation of a fluorine atom 

into the original quinolone antimicrobial agents. The use of integrated metabolomic-proteomic 

methods can be used to understand the biological impact of ciprofloxacin on target 

microorganisms such as Escherichia coli. In previous studies ciprofloxacin was shown to as 

affect the alanine, aspartate, and glutamate metabolism by inhibiting DNA replication and 

increasing the expression of DNA gyrase and DNA topoisomerase type I (Li  et al., 2018).  

Quinolone resistance has been identified in both Gram-positive and Gram-negative bacteria 

(Jacoby, 2005). Resistance tends to be caused by one of three mechanisms: changes in the 

enzymatic targets of quinolones (DNA gyrase), decreased permeability of the outer membrane, 

or the production of efflux mechanisms (King et al., 2000). Measuring the quantity of 

antibiotics inside the cell (intracellular) using mass spectrometry-based techniques is another 

approach to investigate and determine the efflux pump resistance mechanism. This technique 

(antimicrobial molecule detection inside the bacterial cell) was also used to investigate 

trimethoprim's mode of action on E. coli (Alrabiah et al., 2018).  
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Figure 1.3 Chemical structures of quinolone generations. Nalidixic acid, a first-generation quinolone, was 

frequently used in clinical applications. Ciprofloxacin and Norfloxacin are the main second-generation 

quinolones, which belong to the first generation of fluoroquinolones. Adapted from (Bush et al., 2020). 

 

 

  

 

 

  

 

 

 

 

 

 

1.2.3 Amoxicillin:  

Amoxicillin is a broad-spectrum, semi-synthetic and acid-stable antibiotic belonging to the 

penicillin (ɓ lactam antibiotics) family. It has been shown to be effective in both human and 

animal infections caused by a diverse range of Gram-positive and Gram-negative bacteria 

(Kaur et al., 2011). It has been noted that the mode of action of amoxicillin is through 

interfering with the synthesis of the cell wall. Peptidoglycan is the main component of the 

bacterial cell wall, which consists of long glycan chains crosslinked by short peptides,also 

known as Penicillin Binding Proteins (PBPs). These antibiotics, such as ɓ lactam antibiotics 

(amoxicillin) and glycopeptides (vancomycin) attack this physical barrier. ɓ lactam antibiotics 

are known to function by attaching to PBPs and inhibiting the formation of glycan cross-links 

in the bacterial cell wall. The most popular mechanism of this type of bacterial resistance is the 

production of ɓ-lactamase enzymes. These enzymes catalyze the hydrolysis of the amide bond 

within the lactam ring, resulting in the antibiotic becoming inactive (Abushaheen et al., 2020). 

The combination of amoxicillin with clavulanic acid, which became available for oral 

administration in 1984, broadens the antimicrobial spectrum of amoxicillin to encompass ɓ-

lactamase-producing strains of Staphylococcus aureus, Escherichia coli, Klebsiella, and 

certain anaerobic bacterial species (Michelow and McCracken, 2009). 

 

1.2.4 Vancomycin:  

Vancomycin acts on peptidoglycan (PG) metabolism and similar to ɓ-lactams inhibit cell wall 

synthesis. PG is essential for bacterial survival, as it acts as an exoskeleton, preventing cell 
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rupture caused by internal pressure (Boneca and Chiosis, 2003). It is also reported that 

vancomycin alters the cell membrane's permeability and inhibits ribonucleic acid synthesis 

selectively (Watanakunakorn, 1984). The main resistance mechanism for vancomycin is via 

altering cell wall precursors, glycopeptides do not cross link with D-alanyl-alanine, so it is 

changed to D-alanyl-lactate. In Gram-positive bacteria, glycopeptides inhibit cell wall 

synthesis by attaching to D-alanyl-D-alanine residues in peptidoglycan precursors (Kapoor et 

al., 2017a).  

 

1.2.5 Tazocin TZP (tazobactam-piperacillin):  

Tazocin has broad-spectrum antibacterial activity against most Gram-positive and Gram-

negative bacteria. It consists of a combination of ɓ-lactam and tazobactam, which is currently 

used in clinical settings (Laws et al., 2019). Piperacillin acts by inhibiting cell wall synthesis, 

and the possible resistance mechanism is also ɓ-lactamase resistance. To overcome this 

resistance mechanism, it is combined with tazobactam, which is ɓ-lactamase inhibitor (Young 

and Plosker, 2001). Hyperproduction of the TEM ɓ-lactamase (Temoneira ɓ-lactamase (De 

Angelis et al., 2020)) has been established as the most common resistance mechanism 

associated with organisms phenotype against TZP (Hubbard et al., 2020).  

 

1.2.6 Amikacin:  

Amikacin belongs to aminoglycoside (AG) antibiotics that target bacterial ribosomes (30S 

subunit). These broad-spectrum antibiotics interfere with protein synthesis. Many Gram-

negative and some Gram-positive bacteria can be treated with these antibiotics (Shakil et al., 

2008). The primary resistance mechanism involves the deactivation of AGs through a group of 

enzymes called aminoglycoside modifying enzymes (AMEs). AG resistance can also be 

accomplished by ribosome target mutations and, finally, by modifying the ribosome using a 

group of enzymes known as ribosomal methyltransferases (Garneau-Tsodikova and Labby, 

2016).  

 

1.3 Antimicrobial resistance  

AMR presents a significant risk to the overall health of the worldwide population, greatly 

undermining the effectiveness of preventive methods and treatment plans for enduring disease. 

Without carefully planned efforts to address and mitigate the impact of antibiotic resistance in 

https://en.wikipedia.org/wiki/Aminoglycoside


25 
 

a systematic manner, there is a potential scenario where this problem could result in an 

estimated annual death of 10 million by 2050 (Shallcross et al., 2015). The dramatic rise of 

AMR has been primarily attributed to inappropriate mis/over-usage of various antibacterial 

agents in healthcare settings and the agricultural industry (Dadgostar, 2019). AMR occurs when 

microorganisms such as bacteria develop resistance to drugs that were originally designed to 

eliminate them. This resistance causes traditional treatments ineffective, resulting in prolonged 

illness,  with high costs of medical care as well as an increase in infection spread (Prestinaci et 

al., 2015). In the clinical context, antimicrobial resistance is evident when a patient, suffering 

from an infection caused by a pathogenic microorganism, does not respond adequately to 

treatment with a specific antimicrobial (Macgowan and Surveillance, 2008). The 

lipopolysaccharide cell wall of Gram-negative bacteria poses an inherent resistance 

mechanism, preventing the penetration of certain antibiotics such as vancomycin (Uddin et al., 

2021). Resistance to drugs that target the cell wall is noteworthy, as it hinders their 

effectiveness. The high lipid content of the lipopolysaccharide layer limits the entry of 

hydrophilic drugs that depend on hydrogen bonds, while hydrophobic drugs without hydrogen 

bonding capability can penetrate the cell wall (Kapoor et al., 2017b). 

 

1.4 An overview of Metabolomics:  

Metabolomics is the comprehensive analysis of all the metabolites present in an organism or 

biological sample, including their detection, identification, and quantification. Metabolites are 

small molecules that are the products of various metabolic processes within living cells. These 

molecules include a wide range of substances such as amino acids, lipids, sugars, and organic 

acids (Idle and Gonzalez, 2007). In 1998, Oliver et al. initially introduced the term 

"metabolome," and Fiehn further elucidated metabolomics and its subcategories in 2002. In 

recent years, researchers have debated the exact definition of the "metabolome". Generally, it 

refers to all small-molecule compounds, known as metabolites, present in a cell (Oliver et al., 

1998; Fiehn, 2002). These metabolites are vital in metabolic reactions essential for the cell's 

maintenance, growth, and normal functioning within a specific physiological or developmental 

stage. The chemical and physical characteristics of the metabolome are more intricate 

compared to those of the proteome or transcriptome. This chemical and structural complexity 

makes studying the entire metabolome challenging due to limited detection ranges. 

Investigations have been directed towards diverse chemical species, encompassing polar 
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volatiles, non-volatiles, glycosides, lipids, and inorganic entities. Furthermore, metabolites 

manifest noteworthy heterogeneity in both physical characteristics and concentration levels. 

Consequently, the absence of a standardised and all-encompassing methodology currently 

hinders the systematic study of metabolomics (Dunn and Ellis, 2005).  

 

Table 1.1 Definitions of terms commonly used in metabolomics. 

 

Recent improvements in multi-omic platforms, including metabolomics, proteomics, 

transcriptomics and genomics can be used as a powerful tool to perform systems biology and 

Term Definition 

 

Metabolic 

fingerprinting  

This method is considered a quick, high-throughput global analysis to 

identify metabolic characteristics that differentiate between groups of 

subjects where the identification of each metabolite is not required. It 

has potential applications in screening, differentiation and 

classification, and minimal sample preparation is required (Ellis and 

Goodacre, 2006; Dunn and Ellis, 2005) 

 

 

 

 

Metabolite 

profiling  

Identifies and quantifies a set of metabolites within a specific 

metabolic pathway or category of similar chemical properties (e.g., 

lipids, carbohydrates, and amino acids). Chromatographic separation 

before detection and an appropriate sampling procedure can be 

employed to isolate metabolites from other cellular molecules, 

minimising any potential matrix effects during instrumental analysis  

(Fiehn, 2002; Goodacre et al., 2004). 

 

 

Metabolic 

footprinting  

Refers to detection and measurement of the exometabolome, which 

includes metabolites released outside the organism of interest, in 

addition to compounds from the microbial culture media present in the 

supernatant (i.e., unused components remaining within the growth 

medium (Pinu and Villas-Boas, 2017; Ellis et al., 2007a). 

 

 

 

Targeted analyses 

Analysis of one or more metabolites associated with a particular 

metabolic process involves both qualitative and quantitative methods. 

The focus is on the metabolites linked to a specific metabolic pathway. 

To eliminate interference from other cell constituents and compounds, 

a thorough sample purification process may be utilized (Qiu et al., 

2023; Ellis et al., 2007b). 
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identify key biomarkers in the host response associated with sepsis (Langley and Wong, 2017). 

Metabolomics-based approaches can be used to establish the organismôs phenotype and a more 

comprehensive understanding of how antibiotics interact with bacterial species. Furthermore, 

the metabolome demonstrates a close association with the organismôs phenotype, elucidating 

the primary responses to antibiotic pressure and the adaptations essential for the perpetuation 

of AMR mechanisms. The primary goal of this approach is the discrimination of metabolite 

patterns associated with a given pathological condition. Metabolomics studies detect and 

quantify metabolites in a biological system. They can be categorized into targeted analysis, 

metabolite profiling, fingerprinting, and footprinting. Definition of these concepts are available 

in Table 1.1. 

 

1.5 Sample preparation and treatments in microbial metabolomics 

Sample preparation is a critical component of metabolomic analysis due to the constant 

metabolic flux in biological systems, and the careful selection of processing techniques. These 

proper selections of procedures are crucial to the accuracy of the results and the reliability of 

conclusions (Taymaz-Nikerel et al., 2009; Tian et al., 2009). A graphical representation of the 

typical workflow used in metabolomics studies is outlined in Figure 1.4. Bacterial samples are 

diverse due to their size, physiology, cell wall structure, growth conditions, and nutrient 

requirements; therefore understanding quantitative microbial metabolism requires examining 

both extracellular (exometabolome) and intracellular (endometabolome) metabolites. The 

preparation of microbial samples differs according to the type of samples; for external 

metabolites, basic methods such as filtration, centrifugation, or extraction are used, while for 

the detection of intracellular metabolites, more involved and time-consuming processes are 

required (Patejko et al., 2017). To obtain a representative snapshot of the metabolome, the most 

crucial aspect of any sampling technique in metabolomics studies is its reproducibility and 

efficacy in stopping enzyme activity and metabolism, otherwise known as quenching. Most 

metabolomics experiments require a sample-preparation protocol, starting with a quick stop 

(quenching) of metabolism to accurately represent the metabolic state, especially when dealing 

with biological materials or cell cultures where enzyme action may have an impact (Ćlvarez-

S§nchez et al., 2010). Cellular metabolic activity is usually quenched by rapidly changing their 

temperature typically to high or low temperatures, or by applying high alkali (e.g., by adding 

KOH or NaOH) or acidic conditions (e.g., by adding perchloric acid, hydrochloric or 

trichloroacetic acid) (Mashego et al., 2007). Some techniques for quenching include; 60% (v/v) 
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Figure 1.4 General metabolomics workflow outlining the steps involved from experimental design to 

biomarker identification and biological interpretation 

MeOH/H2O at ï40ÁC with HEPES buffer (Hajjaj et al., 1998; Wittmann et al., 2004),  60% 

(v/v) MeOH/H2O at ï45ÁC with ethanolamine buffer (Ruijter and Visser, 1996) and using liquid 

nitrogen at -196ÁC (Hajjaj et al., 1998; Chassagnole et al., 2002). However, cold methanol 

quenching, a common method for quenching bacterial biomass, involves adding the samples 

into 60% methanol in water at temperatures below -40 ÜC (typically -35 to -50 ÜC) (Winder et 

al., 2008). The next step is to extract the metabolites from the cells once metabolism has 

been stopped by quenching). This can be achieved through the exposure of cells to agents that 

permeabilize the cell membrane (Mashego et al., 2007). These agents must not alter the targeted 

metabolites physically or chemically during analysis. Moreover, the extraction method should 

aim to recover the maximum number of metabolites with minimal degradation and minimize 

any dilution effects caused by certain procedures. Various methods are available for extracting 

intracellular metabolites from the cells. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Examples of these extraction techniques include using 75% (v/v) ethanol at 80 ÁC (Gonzalez et 

al., 1997; Hajjaj et al., 1998; Visser et al., 2002), 80% (v/v) methanol at -48 ÁC (Kimball and 

Rabinowitz, 2006), perchloric acid at ï25 ÁC and  ï80 ÁC (Theobald et al., 1997; Chassagnole 

et al., 2002), ethyl acetate at ambient temperature (Kammerer et al., 2004) and KOH at ambient 

temperature (Chassagnole et al., 2002; Theobald et al., 1993; Ruijter and Visser, 1996). 

Determining which metabolites are present in a sample requires tailored extraction protocols 
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Figure 1.5 the GC-MS general work flow for sample preparation of microbial cells for metabolomic analysis 

used in centre of metabolomics research (CMR) 

optimised for specific classes of metabolites. It is important to understand that because the 

metabolome is complex and diverse, a single extraction protocol cannot efficiently capture all 

metabolites at once. 

The procedure for conducting metabolomics experiments using GC-MS used in this thesis is 

illustrated in Figure 1.5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1.6 Analytical platforms and applications 

To comprehensively monitor the metabolome, diverse analytical techniques are essential due 

to the high chemical diversity and the challenge of sensitivity, where there are no means of 

amplification as in transcriptome analysis (Atherton et al., 2006). Various techniques are used 

in a metabolomics study, including Fourier transform infrared (FT-IR), Raman, nuclear 

magnetic resonance (NMR) spectroscopy, direct-infusion mass spectrometry (DIMS), and 

mass spectrometry (MS) coupled to gas chromatography or liquid chromatography (LC). An 

effective analytical technique should be capable of identifying a wide range of compounds 

using minimal sample volumes, deliver high levels of sensitivity, chemical selectivity, analysis 

efficiency, and reproducibility (Oldiges et al., 2007). Despite established protocols, detection 

and characterization of the entire metabolome remains a significant challenge, leading to the 

development of novel technologies aimed at identifying a wider variety of compounds at 

minimal concentrations.  
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FT-IR and Raman produce a whole organism fingerprints by measuring bacterial cells' 

phenotype, representing the interaction of the microorganism's genotype with its surrounding 

environment (Almasoud et al., 2021). Antibiotics' mechanism of action against a bacterial 

model (E. coli) was investigated using both techniques combined with chemometrics and 

multivariate analysis. For instance, when ciprofloxacin was used to challenge E. coli, an 

increase in nucleic acids was detected using Raman spectral data and an increase in protein 

bands and DNA in the infrared spectral fingerprints (Xuan Nguyen et al., 2017).  Numerous 

studies have reported the application of FT-IR spectroscopy as a rapid and high-throughput 

method to identify and discriminate pathogenic bacteria at the species and subspecies level 

(Muhamadali et al., 2016); Wang et al., 2017; Almasoud et al., 2021). 1H NMR spectroscopy 

can be used for profiling and quantitatively to investigate the metabolic responses of various 

bacteria to different antibiotics (Hoerr et al., 2016). NMR metabolomics effectively 

differentiates individuals with post-operative inflammation, but not infection, from those with 

bacterial and viral infections. It also distinguishes between sepsis and infection without organ 

dysfunction in critically ill infants (Grauslys et al., 2020). Mass spectrometry is frequently used 

to investigate metabolomic and proteomic alterations associated with sepsis progression. These 

"omics" technologies enable the untargeted characterization of numerous metabolites and 

proteins present in biological samples from patients with sepsis. Differential alteration of these 

metabolites could potentially offer a more reliable source of diagnostic biomarkers for sepsis 

(Ludwig and Hummon, 2017). LC-MS based non-targeted metabolomics approach was used 

to assess the antibiotic's mode of action, allowing studying pathways modified in response to 

drug action (Vincent et al., 2012). GC-MS is crucial for metabolomic profiling, allowing for 

the identifying and quantifying diverse metabolites in biological samples. Antti et al. used GC-

MS for early diagnosis of infection from S. aureus and determination of it is antibiotic 

resistance (Antti et al., 2013). A more detailed discussion of commonly used analytical 

techniques in metabolomics investigations are provided below. 

 

1.7 Vibrational spectroscopies  

Vibrational spectroscopy, mainly represented by Raman and infrared techniques, provides 

important molecular insights into the main biochemical components present in a wide range of 

biological samples including lipids, proteins, nucleic acids, and carbohydrates. (Clarke et al., 

2022). Enabling the rapid and accurate identification of microorganisms, with various potential 
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applications for studying biological problems in recent years. It offers a rapid and objective 

analysis for clinical diagnosis, providing non-invasive diagnostic possibilities via specific 

spectral markers in various biofluids such as blood components or bile. Biofluids' low risk and 

ease of collection make them an ideal diagnostic medium widely welcomed by patients (Baker 

et al., 2016).  The vibrational technologies employed in this study include FT-IR and Optical-

Photothermal Infrared Spectroscopy OPTIR, are discussed in the following sections. 

 

1.7.1  FTIR spectroscopy 

Infrared (IR) spectroscopy has been used to study biological molecules since its commercial 

availability in the 1940s, using a prism for dispersion. Despite initial challenges in IR 

technology at that time, such as limited sensitivity, reproducibility issues, and long analysis 

times (Dunn and Ellis, 2005), advancements in FT-IR spectroscopy have notably reduced 

analysis time and improved the quality of IR spectra through mathematical processes. Third-

generation infrared spectrometers replaced dispersive optics with a Michelson interferometer 

during the late 1960s and early 1970s, leading to substantial improvements in operational 

efficiency. These FT-IR spectrometers rapidly generate high-quality spectra by employing fast 

Fourier transform to convert signals from the time domain to the frequency domain (Lima and 

Goodacre, 2023). FTIR spectroscopy relies on the interaction of infrared radiation with 

molecular vibrations within a sample (the absorption characteristics resulting from the 

molecular motion induced by atomic displacement when exposed to an infrared source), 

producing a unique spectral fingerprint that can be used for identification (Baker et al., 2014). 

This absorption induces vibrations in the intermolecular bonds, allowing for direct correlation 

and detection of chemical species and generating distinct spectral fingerprints that reflect their 

biochemical composition (Muhamadali et al., 2015). The distinctiveness of vibrational 

frequencies associated with specific molecules enables the molecular "fingerprinting" of the 

biochemical composition of the sample, and provides a methodology to detect its chemical and 

structural constituents (Confield et al., 2021). Infrared light spectrum is categorised into three 

main regions: near, mid, and far infrared. Metabolomics studies predominantly focus on the 

mid-infrared region, specifically from 4000 to 600 cm-1 (Figure 1.6). This range provides rich 

biochemical information within the biological samples. These include crucial wavenumbers 

for major biochemical classes such as the fingerprint region 600-900 cm-1, vibrations related 

to carbohydrate ring vibrations 900-1200 cm-1, and a mixed region 1200-1500 cmī1 that 

involves polysaccharides, proteins and amino acids (Novais et al., 2019), the region 
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Figure 1.6  A typical bacterial FT-IR spectrum displaying the main characteristic regions within the mid-IR 

range. A) represent lipid and fatty acids 1, B) amides C) mixed region attributed to polysaccharides, proteins 

and free amino acids D) carbohydrate ring vibrations and E) fingerprint region. 

corresponding to amide I and amide II region 1500ï1700 cmī1, while the range for fatty acids 

is between 2800ï3050 cmī1 (Naumann et al., 1991; Ellis et al., 2003).  FT-IR spectroscopy is 

widely preferred for preliminary experiments as it provides an overview of the experimental 

direction before more advanced tools are integrated into the metabolomics investigation 

process. The findings obtained through FT-IR analysis play a crucial role in understanding the 

impact of different experimental conditions on the outcomes and the composition of 

compounds. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

These insights serve as a guide for designing future targeted experiments, improving research 

efficiency and saving valuable time for researchers, due to the above advantages, (Dunn et al., 

2005).  

FT-IR spectroscopy, despite its efficacy in various applications, faces a significant challenge 

due to water absorbance in the mid-infrared (MIR) region, leading to broad bands that cover 

unique biochemical fingerprints (water can present huge absorptions). However, this issue can 

be addressed through various methods, such as drying the samples (Alrabiah et al., 2013), using 

attenuated total reflectance (ATR) technique for direct and non-destructive analysis of liquid 

samples (Schmitt and Flemming, 1998). Although FT-IR spectroscopy has limited sensitivity 

and cannot provide detailed structural elucidation of metabolite characteristics present in 



33 
 

complex samples, where achievable by other advanced analytical techniques like mass 

spectrometry coupled with chromatography and NMR, it remains a valuable tool in the field of 

metabolomics (Dunn et al., 2005). Raman spectroscopy is often seen as a complementary to 

FT-IR as it provides high sensitivity and accuracy analysis of samples in both liquid and dry 

states due to water being transparent in Raman.  This method is discussed in the next section. 

 

1.7.2 Raman spectroscopy 

Raman spectroscopy is a widely used quantitative technique for identifying spectral biomarkers 

and a potent tool for examining the composition and functioning of biochemical systems (Lyon 

et al., 1998). It is a technique involving the detection of scattered light from monochromatic 

radiation as it passes through a transparent material. In 1928, Chandrashekhara Venkata Raman 

and K.S. Krishnan observed non-elastic scattering of light upon interaction with matter leading 

to the Nobel Prize in Physics being awarded to Raman in 1930 for their work (Raman and 

Krishnan, 1928). When a photon is inelastically scattered by molecules excited to higher 

vibrational; this phenomenon is referred to as the Raman effect. This causes changes in the 

molecular bonds' polarizability, which causes wavelength shifts and provides important 

information about the structure and composition of the molecule (Elli s et al., 2012). The Raman 

effect measures the exchange of energy with electromagnetic radiation and is typically utilized 

with a monochromatic light source such as a visible or near-infrared laser. In recent years, the 

use of Raman scattering in biological research has significantly increased. This growth is 

mainly due to the widespread availability of advanced laser technology and charge-coupled 

devices (CCDs) detector integrated in Raman systems (Butler et al., 2016). The majority of the 

scattered energy, known as Rayleigh scattering (elastically), shares the same frequency as the 

incident radiation. However, there is also Raman scattering (in-elastically), which represents a 

small proportion and exhibits discrete frequencies above and below the incident radiation due 

to inelastic collisions between photons and molecules (Dunn et al., 2005). Inelastic scattering 

is typically divided into Stokes and anti-Stokes scattering. Stokes scattering occurs when a 

molecule gains energy, whereas anti-Stokes scattering occurs when it loses energy (Figure 1.7). 

Raman scattering is a relatively low-probability event because only a small portion (only one 

in 106 - 108 photons) of the incident laser light undergoes inelastic scattering and interacts with 

the sample's molecules. This makes it challenging to detect and analyse Raman signals at the 

single-cell level due to the low intensity of the scattered photons. Nevertheless, this level of 

intensity typically proves satisfactory when analysing bulk materials characterized by densely 
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Figure 1.7 Energy level diagram representing the various energy levels associated with the Raman scattering 

phenomenon, including Rayleigh scatter, Stokes Raman scatter, and anti-Stokes Raman scatter. 

packed molecules (Smus, 2016). Raman signals can be amplified by adjusting the excitation 

source, detection method, and molecular scattering. This amplification improves sensitivity 

and provides specific information. techniques like Resonance Raman offers a crucial advantage 

compared to FT-IR when analysing substances in water because it experiences less interference 

from the presence of water. However, it has limitations such as weak effect (low sensitivity), 

potential damage to sensitive samples with highly focused laser beams, and interference with 

fluorescence when studying biological samples (Schie and Huser, 2013). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Compared to Raman, infrared spectroscopy offers sensitivity and a lack of fluorescence 

interference. Integrating both techniques into a single technology can be a powerful tool with 

potential applications in clinical microbiology. Thus, new technologies such as O-PTIR, can 

be used to provide both Raman and infrared signatures simultaneously from the same sample 

spot. This has not been reported previously due to the challenges of sharing light sources and 

optics in conventional Raman and FT-IR spectrometers (Lima et al., 2022). More details about 

this integration technique (O-PTIR) are discussed in the next section. 
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1.7.3  Optical-Photothermal Infrared (O-PTIR) Spectroscopy 

PerkinElmer first introduced the infrared microspectrometer in 1953, but it was not widely used 

until the mid-1980s when microscopes were integrated with FT-IR spectrometers. This 

combination enhanced the efficiency of data collection, allowing researchers to gather infrared 

spectra from microscopic areas of a sample as well as explore the distribution of chemical 

components in diverse samples (Lima and Goodacre, 2023). Modern FT-IR systems use 

infrared radiation, Michelson interferometers, and array detectors to achieve spatial resolution 

of ~10 µm in a sample and the scanning speed of chemical maps. An innovative far-field 

infrared imaging system utilizing the photothermal effect of infrared light was recently 

developed to quickly and efficiently generate chemical images with submicron spatial 

resolution (Lima et al., 2021). This novel approach, known as optical-photothermal infrared 

(O-PTIR) spectroscopy, assesses a sample's photothermal response when exposed to a tunable 

mid-IR laser beam. In current O-PTIR spectroscopy displayed in Figure 1.8, there are pump 

and probe configurations, the pump beam is a pulsed mid-infrared laser that is tunable and 

based on quantum cascade laser (QCL) technology. The use of a visible probe beam (a 

continuous wave laser is commonly used at wavelengths of either 785 or 532 nm) provides 

high sensitivity, overcoming several drawbacks found within conventional infrared imaging 

techniques, and allowing for wavelength-independent spatial resolution in the infrared 

spectrum (Lima et al., 2021). In O-PTIR spectroscopy, infrared light is used to illuminate a 

sample and detect the photothermal response. This process results in specific IR vibrations that 

raise the temperature and modify both the surface and refractive index of the sample. O-PTIR 

overcomes diffraction limit and Mie scattering effects by measuring the infrared photothermal 

response of a sample when exposed to a pulsed infrared beam. It provides wavelength-

independent spatial resolution by detecting changes in sample reflectivity through a visible 

probe beam (Klementieva et al., 2020). Recent research has also reported the effective 

application of O-PTIR spectroscopy as a highly promising technique for the detection 

antimicrobial resistance at the single-cell level. This novel approach displays considerable 

potential for enhancing our understanding of AMR mechanisms and microbial behaviour 

(Shams et al., 2023). 
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Figure 1.8 Schematic description of O-PTIR mIRage instrument adapted from (Marcott et al., 2020). The pump 

beam consisting of a tunable QCL device, whereas a continuous wave (CW) 532 nm laser is a probe beam. The 

photothermal response of a sample illuminated by a tunable mid-IR laser beam is probed by a visible CW laser.  

 

 

 

 

 

 

 

 

 

 

 

 

 

1.8 Mass spectrometry  

Mass spectrometry is the most frequently employed technique in metabolomics for analysing 

chemical compounds in biological samples. The popularity of this technique is attributed to 

important features like high sensitivity, rapid analysis, and selective qualitative and quantitative 

capabilities (Willard et al., 1988). In order for ions to undergo separation via mass 

spectrometry, they must first exist in a gaseous state. The technique employs electric and 

magnetic fields that separate gaseous ions according to their mass-to-charge ratio (m/z) values 

(Vadakedath et al., 2022). The ions produced are transported through the mass analyser to the 

detector within a vacuum condition. In the configuration of mass spectrometers, three 

fundamental components are present with a PC used to collect the data: an ion source, a mass 

analyser and detector (Luzzatto-Knaan et al., 2015). It is noteworthy that due to the operational 

requirements of low pressure for the mass analyser and the detector, the instrument necessitates 

an additional vacuum system (i.e. to avoid the oxidation of the filament and reduce the 

scattering of the electron beam in GC-MS) (Rockwood et al., 2018). This vacuum system, 

responsible for generating the required vacuum, allows the resultant ions to travel from the ion 
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source through the mass analyser to the detector, minimising interference from other 

compounds in the process (Gross, 2006).  

 

Electron ionisation (EI) is commonly employed in mass spectrometry due to its capacity to 

generate reproducible fragmentation spectra, thereby contributing to the generation of 

comprehensive libraries for qualitative analysis. EI is primarily used in gas chromatography-

mass spectrometry (GC-MS) applications for volatile compounds or chemically derivatised 

compounds. The process involves the ionisation and fragmentation of molecules by an electron 

beam (abeam is generated through a metal filament such as tungsten) (Gushue, 2013). The 

resulting ions are then separated through an electric field before reaching a detector. The 

resulting mass spectrum shows the distribution of frequency or intensity for each ion type based 

on their mass-to-charge (m/z) ratio (Wei et al., 2019). In contrast, "soft" ionisation methods, 

such as electrospray ionisation (ESI), chemical ionisation (CI) (Capellades et al., 2021), 

negative ion chemical ionisation (NICI), matrix-assisted laser desorption ionisation (MALDI), 

field ionisation, and atmospheric pressure chemical ionisation (APCI), are utilised to address 

these challenges and facilitate more straightforward identification procedures (Carrasco-

Pancorbo et al., 2009). Electron and chemical ionisation are mainly employed for ionising 

gases, whilst ESI and MALDI are utilised for samples in a condensed phase (Muhamadali, 

2015). Electrospray ionisation is a technique commonly used in liquid chromatography-mass 

spectrometry (LC-MS) applications. It includes the formation of charged droplets from a liquid 

sample, allowing the ionisation of biomolecules or other substances present in the liquid phase. 

Upon ion formation, the ions are directed toward the mass analyser, which separates molecules 

based on their mass-to-charge ratio (m/z) values. Mass analysers have different types with 

unique operational features, including; quadrupole mass filter (QMF), ion trap, time-of-flight 

(TOF) and Fourier transform ion cyclotron (FT-ICR) analysers (Li  et al., 2021). In 

metabolomics studies (particularly in untargeted analysis), a TOF analyser is commonly used 

to separate a wide range of molecular weights related to both polar and nonpolar compounds 

in a single sample. In this method, an electric field accelerates ions to the same potential. The 

ions then travel through a "flight" tube to reach the detector, and the time taken for them to 

arrive at the detector is linked to their mass. Utilizing TOF for broad spectrum analysis offers 

several advantages such as enhanced mass accuracy and resolution, improved sensitivity, rapid 

data acquisition, and extended dynamic range when profiling across a wide molecular weight 

(Stewart et al., 2015). The time of flight is calculated as 
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5ÁÃÃ
 ‌ άȾᾀ  

Where tTOF, represents the ion's travel time (t) from the ion source to the detector, L represents 

the effective length of the  TOF  analyser (i.e., flight tube length), v  represents the post-

acceleration ion velocity, m/z refers to mass-to-charge ratio the ion. Uacc stands for full 

accelerating voltage in the TOF that accelerates ions following leaving the ion source, and ǉ is 

the charge on the ion (Chernushevich et al., 2001).  

  

The third important part of a mass spectrometer is the detector, which generates an electrical 

signal when analyte ions with a specific m/z ratio pass through it, allowing for their 

identification and quantification. The detector operates through the physical detection of the 

ion current generated when mass ions hit a detection plate. The ion detector identifies the 

separated ions either in the space or time domain. Electric signals generated by the ion detector 

are then processed to generate mass spectra (Urban, 2016). 

 

Mass spectrometry is a highly sensitive technique used in metabolic profiling studies. It can 

detect metabolites at low concentrations, including lipids, amino acids, fatty acids, sugars, and 

nucleotide bases. However, there is a significant challenge in fully characterising all the 

detected metabolites extracted from biological samples (Alrabiah, 2014). Due to the 

complexity of biological samples, MS is commonly used in combination with chromatographic 

separation techniques like liquid chromatography (LC) and gas chromatography (GC). The 

integration of various separation techniques with MS offers many advantages such as enhanced 

sensitivity, selectivity and allows for the detection of a wide range of metabolites (Muhamadali, 

2015). The two hyphenated techniques, GC-MS and LC-MS, used in the present work are 

discussed in more detail below. 

 

1.8.1 Gas chromatography-mass spectrometry GC-MS  

GC-MS is a widely used technique in metabolomics, aiming to detect and quantify all the 

metabolites present in a biological system. This approach's reproducibility, robustness, 

separation efficiency and high sensitivity allow for the accurate determination of numerous 

substances within a complex sample in a single analysis (Jonsson et al., 2004). An important 

advantage of this combined technique is the ability to access compound libraries for the 

identification of metabolites (Schauer et al., 2005). It is highly effective in separating and 
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precisely detecting compounds, making it a valuable tool for analysing complex mixtures of 

volatile and semi-volatile (after derivatisation) substances qualitatively and quantitatively 

(Soria et al., 2009). For polar non-volatile or semi-volatile compounds, chemical derivatisation 

is typically required to enhance the volatility and stability of the metabolites. This is because 

in order to achieve optimal separation and system suitability within GC, the compound needs 

to be volatile and exhibit thermal stability. Derivatisation is a common technique used in GC-

MS to increase method sensitivity, modify analyte properties for improved separation and 

volatility (it changes the polarity of molecule), and enhance the ability to identify compounds 

in various analytical methods (C. Moldoveanu and David, 2019). This procedure includes 

changing the chemical composition of the compound to make it more appropriate for analysis 

(Halket and Zaikin, 2006). Some metabolites meet these requirements, including small 

alcohols, lipids, hydrocarbons and esters with low molecular weight. However, a significant 

number of metabolites such as sugars, carboxylic acids and ketones require chemical 

derivatisation prior to GC-MS analysis (Bedair and Sumner, 2008). Trimethylsilylation (using 

N-methyl-N-trimethylsilyltrifluoroacetamide (MSTFA)) or tert-butyldimethylsilylation is a 

commonly used derivatisation agent. Additionally, keto (oxo-) groups are typically oximated 

(converting carbonyl groups to oximes using alkoxyamines) to enhance their GC properties 

(Halket et al., 2005). A common two-stage process involves oximation followed by 

trimethylsilylation, which alters functional groups such as hydroxyls, carboxylic acids, 

ketones, thiols and amines to enable comprehensive coverage of metabolites. Oximation 

converts ketone groups to oximes, allowing rapid derivatisation with TMS reagents (without 

prior oximation, ketone bodies do not undergo rapid reaction with TMS reagents). TMS 

substitutes active hydrogen atoms with a trimethylsilyl group via an esterification reaction. 

This reaction specifically targets hydroxyl groups present in metabolites containing carboxylic 

acid, resulting in the formation of TMS esters (Dunn et al., 2011). Some derivatisation methods 

are designed for targeted analyses with greater specificity. However, it is important to note that 

performing derivatisation adds an extra step in sample preparation, potentially leading to more 

technical errors in the experiment (Alrabiah, 2014). Samples are introduced into the gas 

chromatograph through an inlet, usually using a split/splitless injector. The sample solution is 

transformed into vapour within the glass insert; however, overloading the injection can result 

in challenges with accurate quantification and contamination of the inlet. The volume of the 

evaporating sample increases based on the pressure and temperature of the inlet and the types 

of solutions used (Sugita and Sato, 2021). In GC, the mobile phase consists of a carrier gas like 

helium or nitrogen, and the stationary phase (known as a column) comprises a liquid or 
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polymer layer on an inert solid support inside glass or metal tubing. In capillary columns, this 

stationary phase usually involves a finely powdered solid support coated with a nonvolatile 

liquid. Components are effectively separated as they pass through the column at different rates. 

As the sample leaves the GC column, it is ionised (typically EI techniques are used) and then 

its resulting fragments are separated according to their m/z to generate a fragmentation pattern 

(Hussain and Maqbool, 2014). The chromatograms obtained from GC-MS analysis display 

numerous peaks corresponding to various metabolites, which can be characterised using mass 

spectral libraries available either in-house or commercially (Muhamadali, 2015). 

 

1.8.2 Liquid chromatography -mass spectrometry LC-MS  

LC-MS is a powerful analytical technique that separates compounds based on their polarity. 

This is usually achieved through dissolving them in an appropriate solvent using liquid 

chromatography followed by generally electrospray ionisation and the detection of the 

separated components according to their m/z. The technique is commonly employed to  analyse 

a diverse range of semi-polar substances, including various secondary metabolites that are 

important to plant researchers and nutritionists (Allwood and Goodacre, 2010).  LC-MS, in 

contrast to GC-MS, does not necessitate the analytes to be volatile and separates them at lower 

temperatures. This simplifies the process of sample preparation typically in most cases without 

the need for derivatisation. The stationary phase interacts directly with samples through 

different fundamental modes based on factors such as affinity, size, and electrostatic forces. 

These various interactions between compounds and the stationary phase lead to the separation 

of compounds (Rusli et al., 2022). Compounds with a strong affinity for the stationary phase 

exhibit longer retention times, whereas those with lower affinity will experience quicker elution 

resulting in shorter retention times (Allwood and Goodacre, 2010). The wider range of 

applications of LC-MS in comparison to GC-MS is due to its ability to effectively analyse a 

wide variety of biological molecules and the increasing popularity of liquid chromatography 

(LC) separations in clinical laboratories.  Electrospray ionisation (ESI) is widely used in LC-

MS for biomolecular mass analysis, owing to its wide mass range and excellent sensitivity. 

Consequently, it is a favoured option in diverse analytical applications (Siuzdak, 2016). ESI is 

a soft ionisation technique that minimises fragmentation in comparison to hard ionisation 

methods (compared to EI in GC). Due to limited fragmentation in ESI, direct identification of 

metabolites by comparing mass spectra to reference libraries may be challenging as the 

characteristic fragmentation patterns for identification are not as prominent. However, there 
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are alternative strategies for metabolite identification such as accurate mass measurements of 

molecular ions and tandem mass spectrometry (MS/MS) (Trivedi, 2021). LC-MS utilises 

various separation techniques to analyse a broad range of metabolites. Reversed Phase (Teeling 

et al.) is widely used for moderately polar to non-polar metabolites, but it struggles with polar 

metabolites such as organic acids, amino acids and sugars due to the hydrophobic 

characteristics of the stationary phase. On the other hand, Hydrophilic Interaction Liquid 

Chromatography (HILIC) offers a promising alternative for separating polar metabolites owing 

to its hydrophilic properties (Buszewski and Noga, 2012). While not as commonly used as RP, 

HILIC is becoming more widely acknowledged in the LC-MS analysis field. Furthermore, LC-

MS also employs normal phase and Ion Exchange for the characterisation of specific 

metabolites (Harrieder et al., 2022). The combination of these separation modes allows for a 

comprehensive and detailed analysis of various types of metabolites within the field of 

metabolomics. LC can be coupled with different mass analysers, including quadrupoles 

(configured as either single or triple quadrupole) and Time-of-flight (TOF) analysers (Thomas 

et al., 2022). The TOF analyser is widely utilised in untargeted metabolomics due to its high 

resolution, separating ions according to their flight speed and arrival time at the detector. It is 

ideal for biomarker discovery due to its extensive coverage of metabolites, capable of detecting 

a large number of molecules in samples (Zhou and Zhong, 2022; Muhamadali, 2015). 

 

1.9 Data analysis and chemometrics  

Metabolomics data are naturally multivariate and contain valuable information due to the 

complex nature of the metabolome and advancements in analytical techniques. Therefore, it is 

vital to use appropriate pre-processing and statistical analysis approaches to investigate the data 

generated and minimize the chances of false discovery. Pre-processing step plays an important 

role in MS and FT-IR spectral data analyses, acting as a main link between raw spectra 

collection and statistical analysis (Ren et al., 2015). Metabolomics studies often have fewer 

samples than measured metabolites, necessitating the use of statistical (such as multivariate) or 

machine learning analysis to extract useful information from these large data sets. These 

methods can lead to new hypotheses and improved biological understanding, as visual 

inspection alone is insufficient to complete the analysis (Goodacre et al., 2007). The analysis 

of metabolomics data involves three primary stages: deconvolution and pre-processing, data 

analysis, and post-processing. Initially, raw data undergoes pre-processing to clean and 

transform it into an appropriate format. Subsequently, dimensionality and size reduction 
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techniques are applied during the actual data analysis to select only relevant input variables for 

further analysis. Lastly, post-processing involves converting the outcomes of the processing 

into a format suitable for interpretation and visualisation and where appropriate, validation is 

required (Goodacre et al., 2007; Trivedi, 2021). Metabolomics data typically includes two 

types of information:  X-data, which is produced using analytical methods such as peak areas 

of metabolites or wavenumber intensities, and Y-data/metadata, which contains known sample 

information (Muhamadali, 2015). Multivariate analysis (MVA) techniques can be classified 

into supervised and unsupervised approaches based on the level of information considered 

during analysis (Goodacre et al., 2007). For the initial visualisation of complex datasets, it is 

common to use multivariate statistical techniques such as principal component analysis (PCA) 

and principal component-discriminant function analysis (PC-DFA) to ensure accuracy and 

comprehensiveness. 

 

Unsupervised methods are used to analyse data without relying on a priori knowledge of 

possible relationships between samples (regardless of experimental classes), identifying both 

similarities and differences within the dataset. These methods are commonly employed to 

classify metabolite data into clusters based on similarities in multiple variables. The 

information is presented to the algorithm, which then analyses it and visually represents the 

patterns of relationships. Commonly used methods for performing this type of analysis involve 

dimensionality reduction methods like PCA and clustering analysis such as Hierarchical 

Cluster Analysis (HCA) (Alrabiah, 2014; Goodacre et al., 2007). Supervised methods in 

metabolomics use prior knowledge regarding sample classes. The aim of supervised learning 

is to develop a mathematical model that provides a link between input variables (metabolite 

measurements) and accurate target traits or experimental groups. This methodology is 

particularly beneficial for classification tasks, wherein the objective is to classify samples into 

predefined categories based on their metabolite profiles. Typical supervised techniques include 

partial least squares discriminant analysis (PLS-DA) and PC-DFA (Gromski et al., 2015). 

These methods reveal patterns in the data and identify metabolites that make a significant 

contribution.  

 

1.9.1 Principal Component Analysis (PCA)  

Principal component analysis (PCA), is an unsupervised data compression method commonly 

used for multivariate data analysis. It is widely used as a statistical method in spectroscopy and 
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mass spectrometry to analyse data, identify patterns, and perform classification. PCA aims to 

reduce the multidimensionality of a dataset or complex spectral data by extracting its most 

dominant components, known as principal components (PCs). These components are 

uncorrelated variables that effectively capture the significant variation among the data points 

(Boccard et al., 2010). The principal components can be subsequently used as input for PC-

DFA (see next section). The first principal component captures the most variance, followed by 

PC2 orthogonal to the first one and so on in descending order. The results of PCA include 

principal component (PC) scores and loadings. These results can be visualised using scatter 

plots or bar line plots are used to describe the PCA data and can be used to detect outliers 

(Goodacre, 2003). The scores plot provides an overview of the variability distribution among 

samples, while the loading plot identifies the variables that contribute to this observed variation 

in the scores plot.  

 

1.9.2 Principal Component Discriminant Functions Analysis (PC-DFA)  

Principal component discriminant function analysis (PC-DFA) is a supervised method that can 

also be used as a semi-supervised method. The group structure in this case consisted of 

biological replicates, rather than differences in the type or level of the labelled substrates 

utilised for growth. For example, if the grouping structure is based on biological replicates 

rather than genera or species in the classification of bacteria, it is considered a semi-supervised 

approach. It classifies data by using principal components and the experimental class structure. 

Its main aim is to reduce variance within groups and increase the variance between groups. The 

implementation of this approach involves generating a scatter plot, commonly referred to as a 

scores plot, as well as a loadings plot. The scores plot of the first two PC-DFA scores allows 

the visualisation of group differentiation (Gromski et al., 2015), while the loadings plot offers 

to identify the variables with minimal and maximum impact on the observed variation among 

groups or classes. PC-DFA preserving relevant information from the original dataset. However, 

caution is required when using such potent statistical methods to prevent overfitting of the data. 

Therefore, appropriate statistical validation is crucial (Broadhurst and Kell, 2007).  

 

1.9.3 Validation approaches 

Partial least squares-discriminant analysis (PLS-DA)  is a supervised learning method used in 

this study for discrimination and classification between groups, thus it should be appropriately 
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validated using statistical validation techniques. Some validation methods include 

bootstrapping and permutation testing (Efron, 1979). Bootstrapping and permutation testing 

are resampling techniques that are commonly used in statistical analysis. Bootstrapping 

involves producing multiple subsets of the initial dataset through the process of random 

sampling with replacement. A typical technique for validating supervised models involves 

splitting the data matrix into a training set and a test set based on the biological replicates via 

bootstrapping resampling (Alrabiah, 2014). In this process, training data pairs are used to 

calibrate PLS-DA models and aids in building a classifier model. Once calibrated, these can be 

challenged with a test set (e.g., FT-IR spectra) that validates the model and a prediction made 

(Gromski et al., 2015).  
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1.10 Aims and objectives of the thesis 

The primary aim of this PhD project is to demonstrate the application of analytical techniques 

based on metabolomics in the field of infectious diseases, with a particular focus on sepsis. The 

key objectives of the thesis include: 

1. To characterise and classify bacterial and fungal species isolated from paediatric sepsis 

cases using FT-IR spectroscopy combined with chemometrics. 

2. To investigate bacterial infections and identify them at the single-cell level. Utilising a 

new technology that offers infrared signatures through optical photothermal infrared 

spectroscopy and Raman spectra at the same time. 

3. To investigate the metabolic response of Klebsiella oxytoca isolates upon exposure to 

ciprofloxacin (fluoroquinolones). The induced changes in metabolic phenotype following 

antibiotic exposure will be analysed using FT-IR spectroscopy and MS-based metabolomics 

(GC-MS). This analysis aims to better understand resistance mechanisms and potentially 

correlate these mechanisms with genomic data from bacteria exhibiting known resistance 

modes. 

4. Using LC-MS as an untargeted metabolic profiling approach to monitor patientôs 

response to various antimicrobial therapies along with FT-IR spectroscopy as a high-

throughput screening tool. A secondary aim of the work reported in this chapter was to 

determine whether metabolomics can distinguish between various scenarios, thus identifying 

specific biochemical markers for clinical applications. Specifically subsets of patient samples 

were used to assess the capacity of metabolomics to differentiate: (i) confirmed bacterial sepsis 

from non-septic conditions; (ii) between different sepsis categories; and (iii) bacterial and viral 

infections. The anticipated outcome is the identification of a set of metabolite biomarkers for 

rapid diagnostic purposes. 
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2.1 Abstract 

 Sepsis is a life-threatening condition arising from a dysregulated host immune response to 

infection, leading to a substantial global health burden. Accurate identification of bacterial 

pathogens in sepsis is essential for guiding effective antimicrobial therapy and optimising 

patient outcomes. Traditional culture-based bacterial typing methods present inherent 

limitations, necessitating the exploration of alternative diagnostic approaches. This study 

reports the successful application of Fourier-transform infrared (FT-IR) spectroscopy in 

combination with chemometrics as a potent tool for the classification and discrimination of 

microbial species and strains, primarily sourced from individuals with invasive infections. 

These samples were obtained from various children suspected with sepsis infections with 

bacteria and fungi originating at different sites. We conducted a comprehensive analysis 

utilising 212 isolates from 14 distinct genera, comprising 202 bacterial and 10 fungal isolates. 

With the spectral analysis taking several weeks, we present, the incorporation of quality control 

samples to mitigate potential variations that may arise between different sample-plates, 

especially when dealing with a large sample size. The results demonstrated a remarkable 

consistency in clustering patterns among 14 genera when subjected to principal component 

analysis (PCA). Particularly, Candida, a fungal genus, was distinctly recovered away from 

bacterial samples. Principal component discriminant function analysis (PC-DFA) allowed for 

distinct discrimination between different bacterial groups, particularly Gram-negative and 

Gram-positive bacteria. Clear differentiation was also observed between coagulase-negative 

staphylococci (CNS) and Staphylococcus aureus isolates, while methicillin-resistant S. aureus 

(MRSA) was also separated from methicillin-susceptible S. aureus (MSSA) isolates. 

Furthermore, highly accurate discrimination was achieved between Enterococcus and 

vancomycin-resistant enterococci isolates with 98.4% accuracy using partial least squares-

discriminant analysis. The study also demonstrates the specificity of FT-IR, as it effectively 

discriminates between individual isolates of Streptococcus and Candida at the species level. 

The findings of this study establish a strong groundwork for the broader implementation of FT-

IR and chemometrics in clinical and microbiological applications. The potential of these 

techniques for enhanced microbial classification holds significant promise in diagnosis and 

management of invasive bacterial infections, thereby contributing to improved patient 

outcomes. 
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2.2 Introduction  

 

Sepsis is a life-threatening condition caused by an overwhelming response of the body to an 

infection. According to the Global Burden of Diseases (GBD) study in 2017, the worldwide 

occurrence of sepsis amounted to approximately 48.9 million cases annually, while the 

mortality rate attributed to sepsis was a staggering 11 million deaths, constituting 19.7% of the 

total global mortality (Rudd et al., 2020). Notably, these statistics indicate that the global 

estimates for sepsis provided by Rudd et al. are more than double the figures reported in 

previous research conducted by Fleischmann and colleagues (Fleischmann et al., 2016). Sepsis 

can arise from various infections, including bacterial, viral, and fungal. Respiratory tract 

infections, urinary tract infections, intra-abdominal infections, as well as infections affecting 

the skin and soft tissues, are the prevalent sources of infection that have been associated with 

the development of sepsis (Singer et al., 2016). Comprehensive knowledge and recognition of 

the diverse origins contributing to sepsis play a vital role in formulating efficient strategies to 

prevent and manage this critical condition. In clinical diagnostics, identifying bacterial 

pathogens obtained from the human bloodstream, particularly in the context of sepsis, is crucial 

for guiding appropriate antimicrobial therapy and improving patient outcomes. Bacterial typing 

is a crucial process in microbiology that involves identification and classification of bacterial 

strains based on their genetic, biochemical, or phenotypic characteristics. Traditional methods 

for bacterial identification have long been employed and relied heavily on culture-based 

techniques, but they often suffer from limitations such as time-consuming procedures, low 

sensitivity (Blood cultures have a low sensitivity for the detection of blood stream infections), 

and the need for specialised expertise. To overcome the limitations of culture-based methods, 

various diagnostic methods have been developed and employed to achieve accurate bacterial 

typing (Franco-Duarte et al., 2019), such as enzyme-linked immunosorbent assay (ELISA) and 

polymerase chain reaction (PCR), which are known for their precision, high accuracy, and 

sensitivity. Nevertheless, despite their effectiveness, these methods also suffer from time-

consuming procedures as well as the requirement for specialised personnel and substantial 

financial resources (Almasoud et al., 2021). Nucleic acid sequencing, including 16S rRNA 

gene sequencing, provides an in-depth characterisation of bacterial genomes, enabling precise 

identification and classification. While these methods have shown promise in reducing 

turnaround times and enhancing sensitivity, they often require costly equipment, specialised 

bioinformatics training, and extensive infrastructure, limiting their widespread use, especially 

in resource-limited settings (Clarridge, 2004; Johnson et al., 2019). When it comes to 
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identifying microorganisms at the species level, genotypic characterisation via 16S rRNA 

sequencing remains the most widely accepted and reliable method (Sandrin et al., 2013). 

Whole genome sequencing (WGS) shows significant promise in clinical diagnosis by offering 

precise species identification and the ability to achieve strain-level resolution. Its potential for 

routine testing in large hospitals has been confirmed as the cost of WGS continues to decline 

and serves as the gold standard (Ha et al., 2019).  

Additionally, matrix-assisted laser desorption/ionisation time-of-flight mass spectrometry 

(MALDI -TOF MS) has gained popularity as a rapid and cost-effective method for bacterial 

typing allowing for the rapid profiling of bacterial proteins and peptides, aiding in species-level 

identification. MALDI-TOF-MS identifies unique protein profiles or fingerprints generated by 

bacterial samples, enabling species identification and differentiation (Ashfaq et al., 2022; 

Bizzini and Greub, 2010). Mortier et al. carried out a comprehensive and broad benchmarking 

study to assess the effectiveness of MALDI-TOF-MS and machine learning methods for large-

scale bacterial identification (Mortier et al., 2021). They employed datasets containing almost 

100,000 spectra and more than 1000 different species. The extensive size and diversity of the 

data, enabled a comparison across three noteworthy identification scenarios that are commonly 

undifferentiated in literature: identifying novel biological replicates, novel strains, and novel 

species not present in the training data. The findings indicate that satisfactory identification 

rates were achieved in all three scenarios. The bacterial species-level identification offered by 

commercial MALDI-TOF MS-based systems is hindered by their inability to effectively 

distinguish antimicrobial-resistant strains. Therefore, conventional methods must be employed 

to detect antimicrobial resistance after MALDI-TOF MS analysis, resulting in a considerable 

time delay that significantly impedes the timely adjustment of antimicrobial therapies (Gao et 

al., 2022). 

Vibrational spectroscopy approaches, including Raman and infrared, provide rich information 

about the biochemical composition of the cell, enabling rapid and accurate identification of 

microorganisms. These techniques have seen numerous potential applications in exploring 

biological inquiries in recent years (Almasoud et al., 2021). The initial published data 

demonstrated the capability of dispersive Raman microscopy, when combined with suitable 

chemometrics, to differentiate clinically relevant intact bacterial species (Goodacre et al., 

1998). The recent advancements in Fourier Transform Infrared (FT-IR) spectroscopy have 

shown great promise in revolutionising bacterial identification and discrimination (Naumann 

et al., 1995). IR and Raman spectroscopies, as standalone and combined into a single 

technology, has also been employed for the differentiation of bacterial species and for the 
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detection of antimicrobial resistance at the single-cell level (Lima et al., 2022; Shams et al., 

2023). Such methodologies enable the circumvention of the cultivation steps necessary in other 

techniques, thereby decreasing the time required for diagnosis. Suntsova et al. demonstrated 

the application of FT-IR spectroscopy as a viable approach for identifying microorganisms 

within pure cultures by analysing their infrared spectra; the sample set comprised prevalent 

pathogens commonly associated with human infections and sepsis (Suntsova et al., 2018). They 

proposed an algorithm and method for creating a database of microbial FT-IR spectra, 

employing automated principal component analysis, and a comparison algorithm for 

identifying pathogenic microorganisms irrespective of culture conditions; testing on clinical S. 

aureus isolates reliably discriminated them from other infection-causing agents, including E. 

faecalis, K. pneumoniae, E. coli, E. cloacae and C. albicans, in both pure cultures and mixed 

pairs. In recent years, there has been a growing interest in using FT-IR spectroscopy for the 

identification of bacterial pathogens relevant to sepsis (McGalliard et al., 2024). Several studies 

have demonstrated the potential of FT-IR spectroscopy for the identification and differentiation 

of pathogenic bacteria (Quintelas et al., 2018; Martak et al., 2019; Amiali et al., 2007). 

However, most of these studies have focused on the identification of bacterial pathogens at the 

genus or species level, with limited information on sub-species identification and unrelated to 

sepsis (sepsis irrelevant isolates).  

 

In this study, we report the application of FT-IR spectroscopy combined with chemometrics 

for the classification and differentiation of clinically relevant invasive pathogens. Our focus 

diverges from previous studies that primarily examine laboratory isolates at the species and 

sub-species levels, and aims to extend the applicability of FT-IR spectroscopy to clinical 

settings, specifically for the detection and characterisation of invasive pathogenic isolates in 

sepsis patients. Furthermore, we explore the capability of FT-IR spectroscopy in discriminating 

between two distinct groups of isolates from the same species, with a particular emphasis on 

identification and their specific antibiotic resistance characteristics. Our study not only 

enhances the utility of FT-IR spectroscopy as an effective tool for the detection and 

differentiation of sepsis-related bacteria but also highlights its potential for guiding targeted 

antibiotic therapies, addressing critical aspects in this field. 

 

2.3 Materials and Methods 

2.3.1  Chemicals, bacterial isolates, growth conditions, and sample preparation 
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All brain heart infusion (BHI) growth medium required for the study was acquired through a 

single purchase from Sigma Aldrich, thus ensuring the uniformity of the medium source 

throughout the experimental procedures. In this study, a total of 212 bacterial and fungal 

isolates were included, and their detailed information is provided in Table 2.1. The bacterial 

and fungal isolates were obtained from children diagnosed with invasive bacterial infection 

within the microbiology laboratory at Alder Hey NHS Foundation Trust, Liverpool, England. 

These isolates had been previously identified through clinical techniques including MALDI-

TOF-MS. 

Table 2.1 Microorganisms analysed in this study. Each species represented by different colour. 

 

 

 

 

 

 

 

 

 

 

 

 

× Details about the isolates, including any pertinent information regarding antibiotic 

resistance. 

× The majority of CRE isolates originated from rectal swabs. S. typhi was obtained from 

a faecal sample, while a substantial proportion of both resistant and sensitive Pseudomonas 

isolates were derived from respiratory specimens. In addition, a significant portion of isolates 

identified as AHS, diphtheroid, Bacillus, and CNS were determined to be contaminants. 

 

Initially, these isolates were received on Protect cryopreservative ceramic beads. Subsequently, 

at the Centre for Metabolomics Research (CMR) facility (UoL), the isolates were streaked onto 

BHI agar plates as three biological replicates and incubated at 37 °C for 18 h. Following the 

incubation period, the biomass from the surface of each plate was harvested using sterile 
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inoculating loops and resuspended in 1 mL of sterile 0.9% sodium chloride (NaCl) solution. 

The optical density (OD600) of all samples was measured at 600 nm using a Jenway 6705 

UV/Vis. spectrophotometer (Cambridgeshire, UK). The samples were then centrifuged at 4 °C 

for 4 min at 5000 g using a benchtop Eppendorf microcentrifuge 5424R (Eppendorf Ltd., 

Cambridge, UK). The supernatant was discarded, and the biomass was washed by resuspending 

it in 1 mL of sterile physiological saline 0.9% NaCl solution, followed by another 

centrifugation step to eliminate any residues from the media. Finally, the bacterial 

concentration was adjusted to an OD600  of 20 (Bacterial cell cultures OD20=1010 CFU/ml). 

Quality control (QC) samples were prepared from a singular isolate originating from the CNS 

and were spotted onto all nine FT-IR plates to correct any plate-to-plate variation. The positions 

of QC samples on the FT-IR plate are illustrated in Figure S2.1. 

 

2.3.2 FT-IR spectroscopy 

A Bruker 96-well silicon sampling plate was cleaned by soaking it in sodium dodecyl sulfate 

(SDS) overnight, followed by multiple washing steps using 70% ethanol and finally rinsed with 

deionised water. Samples were prepared by spotting 20 ÕL aliquots (randomly) onto the clean 

plate followed by incubation to dryness at 42 ÁC for 45 min in a standard oven. A total number 

of 9 plates were used to analyse samples. 

A Bruker Invenio infrared spectrometer (equipped with HTS-XT motorised microplate reader) 

was used to carry out the FT-IR spectroscopic analysis and collect the FT-IR spectral data in 

absorbance mode (Winder et al., 2006). All spectra were obtained in the mid-infrared range 

between 4000-400 cm-1 range, with 64 scan co-adds at a 4 cm-1 resolution (Muhamadali et al., 

2015). Prior to initiating the measurement process for each sample, the background spectra of 

the silicon substrate were collected. From each bacterial isolate, a sum of 12 FT-IR spectra 

were collected, consisting of three biological and four analytical replicates. Three spots per 

sample and four reading from each spot resulting in a total of 12 spectra.The analysis time for 

the collection of these FT-IR spectra, with QCs, took 61 hours (6.8 hours per plate ). 
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2.3.3 MALDI-TOF MS 

Bacillus species (five isolates) were identified using Matrix-Assisted Laser 

Desorption/Ionisation Time-of-Flight Mass Spectrometry (MALDI-TOF MS; Bruker 

Daltonics GmbH & Co, Germany). The direct transfer method was employed for sample 

preparation, wherein a single colony from a fresh overnight culture was touched with a 

toothpick, and a thin layer was smeared in duplicate onto the target plate as recommended by 

the manufacturer. Subsequently, 1 ÕL of 70% formic acid was applied, and after complete 

drying, the analyte was coated with 1 ÕL of Bruker HCCA matrix, and then left to dry at room 

temperature before inserting it in the MALDI BiotyperÈ. Mass spectra were analysed with the 

MBT Compass software (Bruker Daltonics). 

 

2.3.4 Data analysis 

The FT-IR spectra were collected using the OPUS software and they were subjected to pre-

processing steps and multivariate analysis using MATLAB version R2020b (The Mathworks 

Inc., Natwick, USA). The extended multiplicative signal correction (EMSC) algorithm was 

employed to scale the spectra (Martens et al., 2003). Following this scaling procedure, the 

spectral region associated with CO2 vibrations (2400-2275 cm-1) was removed from the spectra 

and replaced with a linear trend. To minimise plate-to-plate variation, the spectra of all plates 

were then aligned toward a common target plate which is plate 1. For each plate except plate 

1, a calibration transfer model based on spectra subspace transformation (Du et al., 2011) 

method was built between the current plate and plate 1 using QC spectra on the plates, this 

model was then applied to all the spectra on the current plate. The calibration transfer correction 

was performed using PLS Toolbox for MATLAB (Eigenvector Research, Inc., Manson, USA). 

PCA followed by PC-DFA were then conducted on the processed spectral data to extract and 

explore the clustering patterns and discriminate between different sample groups. PCA and PC-

DFA are widely employed statistical methods in FT-IR spectroscopy for exploring data, 

recognising patterns, and performing classification. PCA reduces complex spectral data to 

uncorrelated variables called principal components, capturing the dataset's most significant 

variation. These principal components were used as input for PC-DFA, aiming to minimise 

within-class variance while maximising between-class variance. The loadings plots were 

generated to identify the variables that contribute to the observed variation in the scores plot. 
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Figure 2.1 An overview of the FT-IR data analysis pipeline employed in this study. 

The number of principal components (PCs) selected was based on a predetermined percentage 

of the total explained variance TEV% in the data, 

 

2.4 Results and Discussions 

2.4.1 QC correction and data alignment 

Following the acquisition of FT-IR spectral data which took 61 hours, a visual examination of 

the QC spectra was conducted as a preliminary step prior to conducting any analysis and 

aligning these infrared data collected on nine separate sample plates. This is crucial to check 

the quality of the data (adequate signal intensities), particularly with regard to the signal-to-

noise ratio in the amide I region. An overview of the data acquisition and analysis pipeline 

employed in this study is provided in Figure 2.1. The FT-IR spectra obtained from the QC 

samples revealed a characteristic pattern consistent with intact bacterial spectra Figure 2.2A 

and 2.2B. These fingerprints capture specific features that offer valuable insights into the 

composition and structure of biomolecules present within the microorganisms. 

 

 

 

 

 

 

 

 

 

 

 

 Notably, the spectra prominently displayed absorbance bands primarily associated with the 

fatty acid and lipids in the 3000ï2800 cmī1 range, proteins/peptides represented by amide I 

and amide II bands in the 1800ï1500 cmī1 range, and the mix region involving 
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Figure 2.2  A)Quality control Raw spectra, B)Processed spectra, C)PCA scores plot of QCs before calibration 

transfer and D) After calibration transfer. TEV= Total Explained Variance. 

phospholipids/DNA/RNA and phosphate-carrying compounds, providing information about 

proteins and fatty acids, in the 1500ï1200 cmī1 range (Novais et al., 2019).  

Additionally, the spectra exhibited absorption bands corresponding to polysaccharides present 

within the cell wall dominating the 1200ï900 cmī1 range, along with the fingerprint region in 

the 900ï700 cmī1 range, revealing unique and specific spectral patterns yet to be assigned to 

cellular components or functional groups (Wongthong et al., 2020). Due to the large number 

of isolates investigated in this study, each with three biological replicates (and 4 technical 

replicates from each), the samples had to be analysed using nine different plates. Using multiple 

FT-IR plates for sample analysis, introduces a higher likelihood of data variability between the 

plates. This can be attributed to various factors such as the environmental conditions of the FT-

IR instrument (including temperature and humidity). These factors can significantly impact the 

quality and reproducibility of the collected spectral data. To remove such potential non-

biological variations, following our previously published data processing pipeline (McGalliard 

et al., 2024), the QC samples were used to account for any plate-to-plate variations. QC 

samples carried critical information about between-plate variation and had been utilised to 

correct such variations by using calibration transfer method. The result of QC correction is 

illustrated in Figure 2.2, where the PCA scores plot of the QC samples after alignment (Figure 

2.2D) exhibit a significant improvement compared to using the spectral data before the 

alignment process Figure 2.2C.  
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Figure 2.3 PCA scores plot of pre-processed spectral data of the organisms grown on BHI agar. The same species 

are plotted in a similar colour. TEV= Total Explained Variance. Isolates belonging to the same species are 

represented using identical colours. 

 

 

This is apparent from the PCA scores plot of the initial spectral data, which clearly indicates a 

distinct separation of the QCs, despite them being essentially the same samples, based on their 

respective analysis batches (plates). However, in the aligned spectral data shown in Figure 

2.2D, such variations are absent, and all QC samples appear to be uniformly mixed. 

 

2.4.2 Classification and discrimination of all isolates 

Following the QC correction, PCA was employed to explore the clustering patterns within the 

spectral data of all isolates. As depicted in Figure 2.3, the PCA scores plot showed that the most 

significant separation was between fungal and bacterial isolates, which is to be expected. The 

fungal species Candida is distinctly grouped on the far left side of the PC1 axis with a total 

explained variance (TEV) of 61.15%, and separated from all other bacterial isolates.  

 

 

 

 

 

 

 

 

 

 

 

 

 

To identify the biochemical features that significantly contributed to this separation, PC1 

loadings plot was generated (Figure S2.2), demonstrating dominant bands of 1657 cmī1 and 

1547 cmī1 on the positive side of the PC1 axis, which are associated with proteins (specifically, 

amide I and II bands) (Erukhimovitch et al., 2002). In contrast, the most dominant band 
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associated with fungal samples is positioned across the negative side of PC1 loadings plot at 

1045 cmī1, which is attributed to the vibrations of the carbohydrate backbone, suggesting that 

the carbohydrate composition plays a crucial role in distinguishing between fungi and bacteria. 

This can be attributed to their distinct cell wall compositions. Whilst fungal cells are 

characterised by a primary cell wall predominantly composed of glucans and chitin (Garcia-

Rubio et al., 2019), a complex polysaccharide that imparts rigidity and structural support, 

bacterial cells possess a cell wall consisting of peptidoglycan, a unique polymer comprised of 

sugars and amino acids. On the other hand, Candida spp. are known to produce carbohydrate 

structures (a slime layer) at the cell wall exterior with great efficiency, as reported in the 

literature (Masuoka, 2004). 

Notably, the PCA scores plot also revealed that isolates sharing the same genera and species 

formed distinct clusters, indicating the discriminative potential of FT-IR spectroscopy in 

distinguishing microorganisms at the genus and species levels. This is particularly significant 

in clinical settings, where precise identification and differentiation of microbial strains are 

crucial for accurate diagnosis, appropriate treatment selection, and epidemiological 

investigations.  

PC-DFA was then used as a semi-supervised method, with scores of the first 20 principal 

components (PC) as input data and the isolates as the class information, where 212 groups (i.e. 

isolates) were utilised as group information for classification; we call this semi-supervised in 

that the algorithm is only provided with information about the biological replicates and not the 

genus or species of a particular micro-organism. The PC-DFA scores plot (Figure 2.4A) 

provided further separation between the bacterial samples, revealing 14 distinct clusters, 

demonstrating the effective grouping of the isolates from the same species, irrespective of their 

initial class assignments. The close grouping of certain clusters in the DFA scores plot can be 

attributed to the similarities observed in their spectral fingerprints. Notably, Candida spp. 

exhibited a clustering in the negative side of the DF1 axis, effectively separating it from the 

other isolates, which is consistent with the results obtained from the PCA scores plot. 

Furthermore, it is noteworthy that CNS and Staphylococcus clustered closely together towards 

the positive side of the DF1 axis, which is as expected since both belong to the same genus. In 

Figure 2.4B, Bacillus species were clustered separately from all other bacterial samples 

according to DF3 axis. 
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Figure 2.4 PC-DFA scores plot (20PCs, TEV=98.72) of all isolates. The isolates of the same species are 

plotted in a similar colour (plot A DF1 against DF2 and plot B is DF1 against DF3). PC-DFA is Semi-

supervised and the class structure for DFA is based on biological replicates (3 biological replicates and 

4 technical replicates) and is not the genera or species. Isolates belonging to the same species are 

represented using identical colours. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Upon examining all FT-IR spectra, it was noted that the spectra of Bacillus species exhibited a 

prominent absorption band at 1737 cm-1, mainly attributed to ester vibrations (C=O stretching) 

(Balan et al., 2019). As depicted in the pre-processed spectra (Figure S2.3A) and confirmed by 

the DF3 loadings plot (Figure S2.3B), the detected variation of the C=O stretching in saturated 

esters could be assigned to changes in the cellular lipid composition, including phospholipids 

and triglycerides (Filip et al., 2004; Kardas et al., 2014). This is perhaps not far from expected, 
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as in Bacillus species this C=O stretching vibration has been commonly linked to the presence 

of the lactam functional group with muramic acid, a characteristic structural component 

commonly found in endospores (Warth and Strominger, 1969). However, within the Bacillus 

species three clustering patterns were observed. This discrepancy could be attributed to various 

factors, such as differences in the metabolic state of the Bacillus cells (growth phase), and 

potential sporulation. As there was insufficient detailed information available concerning the 

distinct Bacillus isolates at the individual species level, with only a general reference to 

Bacillus species. Given the variations detected in Bacillus clustering patterns in the PC-DFA 

scores plot (Figure 2.4B & 2.5B), and to address this concern comprehensively, we analysed 

all five Bacillus species using Bruker MALDI Biotyper (MALDI Biotyper MSP Identification 

Standard Method 1.1) through Extended Direct Transfer (eDT) Procedure to accurately identify 

them. The MADLI Biotyper findings indicated the existence of three different groups of 

Bacillus (annotated on this plot), specifically B. mycoides, B. cereus and B. subtilis. This 

technique captures the unique proteomic fingerprint of a microorganism, matching the 

characteristic patterns with an extensive reference library. All samples achieved scores >2, 

confirming the high confidence of identification. MALDI-TOF-MS presents a rapid, accurate, 

and cost-effective alternative to conventional methods. The ellipses around these clusters on 

the PC-DFA scores plot (Figure 2.5B) support the conclusions drawn from the FT-IR results, 

and demonstrate the complete agreement between the MALDI-TOF-MS bacterial 

identification results and the FT-IR metabolic fingerprint analysis. 

 

2.4.3 Differentiation between isolates (Gram-positive and Gram-negative) 

In order to investigate further the clustering patterns observed based on the FT-IR fingerprints, 

and to reduce the complexity of the data, all bacterial data were divided into two groups, Gram-

positive and Gram-negative isolates.  

Figure 2.5A illustrates, a two-dimensional PC-DFA scores plot, where 15 principal components 

(PCs), accounted for 97.82% TEV, were utilised as input. While the plot demonstrated evident 

discrimination among all six distinct genera of Gram-negative bacteria, Enterobacter and 

Klebsiella displayed subclusters.  
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Figure 2.5  PC-DFA scores plot A) Gram-negative isolates (15PCs, TEV=97.82%). B) Gram-positive isolates 

(15PCs, TEV=97.60%). The ellipses around the clusters on the PC-DFA scores plot indicate three different 

groups of Bacillus. PC-DFA is Semi-supervised here and the class structure for DFA is based on biological 

replicates (3 biological replicates and 4 technical replicates) and is not the genera or species. Isolates 

belonging to the same species are represented using identical colours. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This distinct clustering pattern arises from notable variances observed in the quantities and 

spatial distributions of essential cellular constituents, including nucleic acids, proteins, 

peptidoglycan, phospholipids and lipopolysaccharides within these closely related bacterial 

species (Schmitt and Flemming, 1998). The significant impact of these major cellular 

components on the spectroscopic profiles, facilitates a robust discrimination between the 

different bacterial groups.  
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Interestingly, the Klebsiella species clustering pattern appeared less tight than the other genera. 

This observation was anticipated and attributed to the presence of two distinct species, namely 

K. oxytoca and K. pneumoniae, within the Klebsiella genus. In order to investigate the 

distribution clustering patterns observed among Klebsiella species, additional classifications 

were performed on these species: K. oxytoca and K. pneumoniae. The findings demonstrated 

discrimination between two Klebsiella species along the DF1 axes (Figure S2.4). This 

classification included six distinct groups that were utilised as input classes. These groups 

represented isolates of K. oxytoca and K. pneumonia, as well as both species that exhibited 

specific antibiotic resistance to Carbapenem-resistant Enterobacteriaceae (CRE) and Extended-

spectrum ɓ-lactamases (ESBL). Furthermore, it was observed that certain isolates of K. 

pneumoniae displayed a mucoid phenotype. In contrast, the remaining five groups each consist 

of a single species with a different number of isolates, potentially leading to their more closely 

tight clustering. Furthermore, within E. coli, Enterobacter and Klebsiella groups, certain 

isolates were also found to possess specific antibiotic resistance, including ESBL and CRE. 

However, we were unable to differentiate these isolates based on their susceptibility to the 

respective antibiotics (data not shown). Schaumann et al. achieved similar outcomes in their 

study when employing MALDI-TOF MS protocol to differentiate between ɓ-lactamase-

negative strains of the species they examined (clinical isolates of Enterobacteriaceae and P. 

aeruginosa) and strains producing ESBLs and metallo-ɓ-lactamases (MBLs). However, similar 

to our results, they concluded that the current reliability of this technique does not meet the 

standards required for routine diagnostic applications (Schaumann et al., 2012). Similarly, in 

the case of Pseudomonas, there were isolates resistant to meropenem, but they could not be 

effectively discriminated from non-resistant Pseudomonas isolates. However, its is worth 

noting that all Pseudomonas isolates were separated from the rest of the samples according to 

DF2. Variations in specific spectral regions, contributing to the differences between two Gram-

negative bacteria, P. aeruginosa and E. coli. The highest spectral variations between 

Pseudomonas and other Gram-negative isolates were observed between 1800 cm-1 and 900 cm-

1 as reported by Al-Qadiri et al. (2006). These spectral regions consist of the amide I band at 

1650 cm-1 and the amide II band at 1550 cm-1. Additionally, they encompass the CH3 and CH2 

asymmetric and symmetric deformations at 1455 cm-1 and 1398 cm-1, respectively, along with 

the stretching vibrations of polysaccharides ranging from 1200 cm-1 to 900 cm-1 (Al-Qadiri et 

al., 2006). Nevertheless, we employed the entire spectral region in the current investigation to 

distinguish between six Gram-negative isolates. The evident six distinguishable cluster groups 
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along the DF1 axis in the PC-DFA indicate FT-IR spectroscopy's efficacy with chemometrics 

in accurately discriminating Gram-negative isolates. 

Similar to the Gram-negative isolates, a two-dimensional PC-DFA was carried out on the FT-

IR spectral data collected from seven groups of Gram-positive bacterial isolates. The PC-DFA 

scores plot of these data revealed distinctive discrimination among the seven different groups 

(Figure 2.5B), where 15 PCs were employed, which accounted for 97.60% TEV. Contrary to 

the expected association with Streptococcus groups, the observed clustering of Ŭ-hemolytic 

streptococci with coagulase-negative staphylococci (CNS) and Staphylococcus across the 

positive side of the DF1 axis prompts further investigation. The clustering might be influenced 

by the detected specific cell component, possibly the cell wall, suggesting similarities between 

AHS and other Gram-positive bacteria. As described earlier, the negative side of DF2 was 

dominated by Bacillus species, while all other microbial species predominantly situated along 

the positive side of the DF2 axis. This notable separation is likely attributable to the influence 

originating from the ester carbonyl group (C=O) vibrational bond (Balan et al., 2019), as 

clearly evidenced in the plot of Bacillus spectra. Moreover, the DF2 loadings plot of the FT-IR 

data (Figure S2.3C) also further validated that the primary peak responsible for distinguishing 

Bacillus from all other Gram-positive species is associated with lipid vibrations at 1735 cmī1, 

which are attributed to the ester carbonyl group (C=O) vibrational bond. Streptococcus and 

Enterococcus species were distinctly clustered along the negative side of the DF1 axis, with 

Streptococcus exhibiting more compact clustering compared to Enterococcus (Figure 2.5B). 

Similar to the Klebsiella species within the Gram-negative section (Figure 2.5A), the 

Enterococcus species demonstrated heterogeneity and a more dispersed clustering of scores. 

The clustering patterns within the Enterococcus samples exhibit higher diversity when 

compared to Streptococcus. This diversity in clustering patterns was reasonably anticipated, 

considering the presence of specific isolates were identified to possess pertinent antibiotic 

resistance characteristics within Enterococcus isolates, such as Enterococcus faecalis, 

Enterococcus faecium, and VRE species. This distinction was clearly evident through the 

implementation of PC-DFA analysis, where the scores plot effectively discriminates between 

the various Enterococcus species and VRE species. 

 

2.4.4 Differentiation between isolates according to their antibiotic resistance profile 

2.4.4.1 Differentiation between S. aureus isolates 
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Figure 2.6 PC-DFA scores plot for A) S. aureus and CNS isolates (15PCs, TEV=98.89%), B) CNS isolates and 

teicoplanin resistant (10Pca, TEV=97.44%) and C) MSSA and MRSA (30PCs, TEV=99.34%). PC-DFA is Semi-

supervised here and the class structure for DFA is based on biological replicates (3 biological replicates and 4 

technical replicates) and is not the genera or species. Isolates belonging to the same species are represented using 

identical colours. 

Due to the contrasting levels of virulence exhibited by S. aureus and CNS, the differentiation 

of these bacterial species in clinical samples, has become a critical necessity (Amiali et al., 

2007). Failure to accurately identify (misidentification) S. aureus as CNS may result in 

considerable expenses associated with determining the true cause of severe infections or 

resorting to unnecessary broad-spectrum empirical antibiotic treatments. Consequently, the 

precise identification of CNS isolates has become increasingly important for assessing their 

clinical significance and effectively managing CNS infection relapses. Figure 2.6A presents 

the PC-DFA scores plot, where 15 PCs (98.89% TEV) were utilised as input. The plot 

demonstrates a clear separation between CNS and S. aureus isolates along the DF1 axis, 

revealing two distinct clusters. Notably, the S. aureus isolates tightly cluster on the positive 

side of DF1, indicating a high degree of similarity among them. Conversely, the CNS isolates 

exhibit a more dispersed pattern of scores along the negative side of the DF1 plot, suggesting 

greater heterogeneity among these isolates. Remarkably, despite both S. aureus and CNS 

belonging to the same group, this FT-IR analysis demonstrated accurate discrimination 

between them. These findings were consistent with those obtained by Amiali et al., although 

their study focused on a narrow spectral region (2888ï2868 cmī1), while ours utilised the full 

range of spectra for analysis (Amiali et al., 2007).  
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The heterogeneity observed among CNS isolates may be attributed to the presence of 

teicoplanin resistance isolates among them. The effectiveness of FT-IR in differentiating 

between CNS and teicoplanin-resistant CNS was examined, however, the analysis did not yield 

successful discrimination between the two groups, as depicted in Figure 2.6B. 

 

2.4.4.2 MRSA vs MSSA 

To investigate the application of FT-IR spectroscopy in distinguishing between MRSA and 

MSSA within the Staphylococcus genus, 28 isolates of S. aureus were chosen for analysis using 

FT-IR spectroscopy. Although the S. aureus isolates depicted in Figure 2.6A clustered closely 

together, conducting PC-DFA analysis on the data from this species separately (Figure 2.6C), 

enabled the discrimination of the two groups of isolates based on the DF2 axis, utilising 30 

PCs, accounting for 99.34% TEV. The separation observed between MRSA and MSSA can be 

attributed to the physicochemical properties of the biofilms produced by each isolate (the 

majority of MRSA strains were moderate biofilm producers) (Ohadian Moghadam et al., 2014). 

This variation has been correlated with the presence of the mecA gene (He et al., 2019). Upon 

the loading plot for DF2 was generated (Figure S2.5), it is evident that vibration at 1076 cm-1 

(P=O) and 1257 cm-1 are associated with vibrations along the sugar-phosphate chain (linked to 

biofilm production) and the conformation of the nucleic acid backbone. Although the 

separation between the two groups was not ideal, the implementation of FT-IR with 

chemometrics in the investigation of 28 bacterial clinical isolates and the observed separation 

between MRSA and MSSA, even without antibiotic challenge demonstrated highly promising 

and encouraging results. This suggests the considerable potential of this technology in clinical 

microbiology, highlighting a valuable direction for future research. The findings are in 

agreement with a prior study conducted by Suntsova et al. that aimed to predict MRSA and 

MSSA phenotypes in 20 S. aureus isolates based on their FT-IR spectra. Nonetheless, using a 

larger sample size indicates that our study's findings are more reliable and statistically robust 

due to the increased number of samples (Suntsova et al., 2018). 

 

2.4.4.3 Enterococcus species and VRE 

Another encouraging finding in this study is the ability to effectively differentiate between 

Enterococcus species and VRE with a notably high level of accuracy. This successful 
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discrimination was clearly evident in the generated PC-DFA scores plot, as depicted in Figure 

2.7A, where 15 PCs, accounting for 91.68% TEV, were utilised as input. To investigate the 

underlying factors contributing to the differentiation between Enterococcus and VRE achieved 

through PC-DFA, we calculated the average spectra of Enterococcus and VRE, as illustrated 

in Figure S2.6A. The plot clearly indicated that differences between these two groups may arise 

from variations in lipids and phosphate contents. The peaks at 3304 cmī1, 2928 cmī1 and 1078 

cmī1 are the most prominent spectral changes observed in VRE isolates. They correspond to 

the fatty acid and lipid region, as well as the P=O stretching vibration of phosphate potentially 

associated with nucleic acids and polysaccharides (Lu et al., 2022). The differentiation between 

the two groups was likely attributed to the presence of cell wall teichoic acid (WTA), 

peptidoglycan, and lipoteichoic acid. Notably, the occurrence of lipoteichoic acid could be 

linked to the presence of thicker cell walls, a characteristic typically observed in the envelope 

of Gram-positive bacteria (Schneewind and Missiakas, 2014). To strengthen our interpretation, 

a standard purified lipoteichoic acid (LTA) was analysed using FT-IR spectroscopy within the 

wavelength range of 4000-400 cmī1, and its spectrum was collected to verify if the spectral 

bands align with the conclusions drawn from the averaged spectra (Figure S2.6A). The spectral 

data from LTA revealed the presence of an OïH stretching of hydroxyl groups vibration around 

3300 cmī1 (Figure S2.6B). The peak at 2924 cmī1 was attributed to the CïH stretching 

(asymmetric) in fatty acid chains. Additionally, weak bands observed around 1654 cmī1 were 

associated with the C=O bonds. Moreover, the FT-IR spectrum exhibited an absorption band 

at 1220 cmī1, indicating the P=O stretching (asymmetric) of PO2 phosphodiesters. Finally, the 

peak observed near 1050 cmī1 indicated the CïC and CïOH ring vibrations of carbohydrates 

(Naumann, 2000). The comparative analysis of the structural characteristics of LTA with the 

loadings plot generated between VRE and Enterococcus species revealed a substantial overlap. 

The presence of key functional groups and biochemical components observed in the LTA 

spectrum significantly coincided with the positive axis of DF1 loadings plot. This outcome 

provided substantial support for the hypothesis that discrimination between VRE and 

Enterococcus species can be potentially attributed to the presence of LTA in the cell wall of 

VRE isolates. 

To evaluate the accuracy of classification models (derived from PC-DFA) in distinguishing 

between Enterococcus spp. and VRE, a partial least squares-discriminant analysis was used as 

a supervised learning method for discrimination. In this process training data pairs (FT-IR 

spectra and known identities: Enterococcus spp. versus VRE encoded as (e.g.) ó1ô and ó2ô) are 
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Figure 2.7  PC-DFA scores plot and  PLS-DA results for a model classifying bacteria with subjects divided into two 

groups: (class 1 = enterococcus species, class 2 = VRE species). A) Enterococcus and VRE species (15PCs, 

TEV=91.68%), PC-DFA is Semi-supervised here and the class structure for DFA is based on biological replicates 

(3 biological replicates and 4 technical replicates) and is not the genera or species. Isolates belonging to the same 

species are represented using identical colours, B) PLS-DA bootstrap model's null distribution (red) and observed 

distribution (blue) are presented alongside the overall correct classification rate. C) Displays the confusion matrix 

showing observed correct classifications for each group individually based on validated PLS-DA for. 

used to calibrate PLS-DA models. Once calibrated these can be challenged with FT-IR spectra 

and a prediction made. In order to validate this process, 1000 bootstrapping validations were 

utilised, along with permutation testing (where the Y-variable is randomised) as described in 

Gromski et al. (Gromski et al., 2015). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.7B shows the predictions from the 1000 test sets with the true test sets highlighted in 

blue, with the null distributions from permutation testing in red. The method also generated a 

confusion matrix (Figure 2.7C) that demonstrates a notable high accuracy in correctly 

classifying observations for each group separately. The confusion matrix is an essential tool in 

machine learning for assessing classification models by providing detailed insights into 

predictions such as true positive, true negative, false positive, and false negative instances. True 

positives and true negatives represent accurate predictions, while false positives and false 

negatives indicate prediction errors. These elements are used to calculate performance metrics 

like accuracy which evaluates overall correctness based on the relationship between correct 

predictions and total outcomes. Figure 2.7B display the observed and null distributions 
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obtained from bootstrap validation for the PLS-DA models, with an average correct 

classification rate of 0.984 and a p-value < 0.001. Each histogram is accompanied by the 

corresponding averaged confusion matrix for these models Figure 2.7C. This outcome validates 

the accuracy of the classification model in utilising FT-IR as a diagnostic tool for discrimination 

between Enterococcus and VRE, as it achieves over 98% accuracy in prediction. 

 

2.4.5 Discrimination and classifying Streptococcus and Candida species 

To assess the discriminatory potential of FT-IR in distinguishing between different species 

within the same genera, Streptococcus and Candida species were subjected to PC-DFA 

separately. Figure 2.8A illustrates the PC-DFA scores plot for Streptococcus isolates (15 PCs 

as inputs accounting for 89.21% TEV). The plot revealed four distinct groups, AHS, S. 

agalactiae, S. mitis, and S. pyogenes, represented by different colours. Despite the class 

structure, the semi-supervised method demonstrated its capability to identify successfully 

seven species of S. agalactiae and group them together, with three biological replicates 

consistently placed in the same class rather than genera or species. Similar results were 

obtained for S. pyogenes and AHS, with different class structures showing consistent 

classification. Nonetheless, when considering S. mitis, which was the sole species identified 

within the AHS category and was assigned to a separate class, although positioned in close 

proximity to the AHS cluster, it displayed some differences. To identify the biochemical 

differences between AHS and S. mitis, a DF2 loading plot was generated to show vibrational 

regions with spectral changes Figure S2.7B. Increased biochemical changes were observed in 

the fatty acid chains, lipids, nucleic acids, and polysaccharides regions of S. mitis Figure S2.7A 

(negative part of DF2 axis), possibly contributing to the differentiation between the two groups. 

In the study by Van der Mei et al., distinct species clusters were observed during the analysis 

of Streptococcus species. However, it is noteworthy that among the 12 isolates of S. mitis 

examined, three isolates exhibited a distinct positioning outside the conventional species 

cluster. Instead, they formed a combined cluster along with S. sanguinis and S. gordonii (Van 

der Mei et al., 1993).  

A similar approach was employed to distinguish between the 10 isolates belonging to three 

different Candida species (C. albicans, C. glabrata, and C. parapsilosis). The spectral data 

from these samples were subjected to PC-DFA, where 10 principal components (PC), 

accounting for 97.08% TEV, were utilised as input. In contrast to Streptococcus species, which 
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Figure 2.8  PC-DFA scores plot for A) Four different species of Streptococcus isolates (10PCs, TEV=97.26%) 

and B) Three different Candida species (10PCs, TEV=97.08%). PC-DFA is Semi-supervised here and the class 

structure for DFA is based on biological replicates (3 biological replicates and 4 technical replicates) and is 

not the genera or species. Isolates belonging to the same species are represented using identical colours. 

{Φ ŀƎŀƭŀŎǝŀŜ 

displayed noticeable differences in their infrared spectra within their respective species Figure 

S2.7A, the mean infrared spectra of the three Candida species indicated remarkable similarity 

(Figure S2.8A). 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Despite the similarities observed in the infrared spectra of the three Candida species, our PC-

DFA scores plot (Figure 2.8B) revealed the existence of three distinct groups, thus confirming 

the applicability of FT-IR in differentiating Candida at the species level. Upon generating the 

DF1 loadings plot Figure S2.8B, significant differences were observed in the regions 
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corresponding to carbohydrates, phospholipid/RNA/DNA, and protein (amide II) from 1225ï

975 cm-1 and 1596 cm-1. These dissimilarities are commonly associated with DNA and RNA 

CïO stretching as well as a carbonyl (C=O). This finding is consistent with the results obtained 

by Timmins et al. (Timmins et al., 1998) and Silva et al. (Silva et al., 2016). Where in the later 

study FT-IR-ATR coupled with chemometrics enabled the successful discrimination of five 

prevalent Candida species, along with an additional 12 closely related and less common 

Candida species (Silva et al., 2016). 

 

Study limitation 

The limitation of our study lies in the inability of FT-IR to differentiate certain species, such as 

E. coli, Klebsiella, Enterobacter, and Pseudomonas, based on their resistance profile against 

ESBL, CRE, and meropenem-resistant Pseudomonas. Nonetheless, the research lays a robust 

groundwork for the extended application of FT-IR and chemometrics in clinical and 

microbiological applications. 

In the future, we shall also assess challenging these bacteria with antibiotics and assessing the 

effects on the bacterial phenotype to see if this enhances antibiogram testing using infrared 

spectroscopy as illustrated very recently by us for AMR profiling of E. coli at the single cell 

level (Shams et al., 2023). This approach can also elucidate the mode of resistances as shown 

using Raman spectroscopy on P. aeruginosa challenged with the aminoglycoside antibiotic 

amikacin (L·pez-D²ez et al., 2005). 

 

2.5 Conclusions 

In conclusion, this study demonstrates the successful application of infrared spectroscopy, 

combined with chemometrics, as a powerful tool for classifying and identifying microbial 

species in sepsis patients. We achieved high reproducibility in clustering patterns between 

genera by analysing 212 isolates, consisting of 202 bacteria and 10 fungi. The incorporation of 

quality control samples and the use of a semi-supervised method PC-DFA further enhanced 

the reproducibility of the data.  

It is important to emphasise that our study successfully demonstrated the capability of FT-IR 

to differentiate between isolates of the same species, wherein specific isolates were identified 

to possess pertinent antibiotic resistance characteristics. However, it is worth noting that FT-
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IR was unable to distinguish between certain species, such as E. coli, Klebsiella, Enterobacter, 

and Pseudomonas species, with respect to their resistance against ESBL (Extended-spectrum 

ɓ-lactamases), CRE (Carbapenem-resistant Enterobacteriaceae), and meropenem-resistant 

Pseudomonas. 

The application of PCA revealed notable clustering patterns between the different genera, and 

the subsequent implementation of PC-DFA resulted in increased reproducibility and clear 

discrimination among the groups. Furthermore, CNS and S. aureus isolates were accurately 

discriminated, and promising results were achieved in distinguishing S. aureus from MRSA. 

Of particular interest was the remarkable discrimination achieved between Enterococcus and 

VRE isolates with an accuracy of over 98% when the validation model was implemented. 

Moreover, the different Streptococcus and Candida samples were discriminated down to 

species level. These accomplishments further underscore the potential of FT-IR as a valuable 

technique for investigating microorganisms, highlighting its sensitivity and specificity. 

Overall, these techniques offer significant potential in diagnosing and managing invasive 

infections through advanced microbial identification, thereby leading to improved patient 

outcomes. 
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Figure S2.1 Spotting Pattern of Quality Control (QC) samples on The FT-IR plate. B is the blank and used as 

the reference background spectrum for each plate. 

Figure S2.2  PC1 loadings plot of FT-IR spectral data of all isolates. This is linked to figure 2.3 in the main text  
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Figure S2.3 A) Averaged pre-processed spectra for Bacillus species and B) DF3 loadings plot of FT-

IR spectral data of all isolates C) DF2 loadings plot of FT-IR spectral data of Gram positive isolates. 

This is linked to figure 2.4B & 2.5B in the main text.  
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Figure S2.4 PC-DFA score plot for K. oxytoca and K. pneumoniae isolates (15PCs, TEV=98.24%) 

Figure S2.5 DF2 loadings plot of FT-IR spectral data of MRSA and MSSA isolates. This is linked to figure 

2.6C in the main text. 
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Figure S2.6 The FT-IR spectra of Lipoteichoic acid A) and B) Averaged FT-IR spectral data of 

Enterococcus species and VRE. This is linked to figure 2.7A in the main text. 
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Figure S2.7 A) Averaged spectra for Streptococcus species and B) DF2 loadings plot of FT-IR spectral data 

of Streptococcus  species. This is linked to figure 2.8A in the main text. 
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Figure S2.8  A) Averaged spectra for Candida species and B) DF1 loadings plot of FT-IR spectral data of 

Candida species. This is linked to figure 2.8B in the main text. 
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Chapter 3 

 

 Simultaneous Raman and Infrared spectroscopy: a novel 

combination for studying bacterial infections at the single cell 

level 
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3.1 Abstract 

 

Sepsis is a life-threatening clinical condition responsible for approximately 11 million deaths 

worldwide. Rapid and accurate identification of pathogenic bacteria and its antimicrobial 

susceptibility play a critical role in reducing the morbidity and mortality rates related to sepsis. 

Raman and infrared spectroscopies have great potential to be used as diagnostic tools for rapid 

and culture-free detection of bacterial infections. Despite numerous reports using both methods 

to analyse bacterial samples, there is to date no study collecting both Raman and infrared 

signatures from clinical samples simultaneously due to instrument incompatibilities. Here, we 

report for the first time the use of an emerging technology that provides infrared signatures via 

optical photothermal infrared (O-PTIR) spectroscopy and Raman spectra simultaneously. We 

use this approach to analyse 12 bacterial clinical isolates including six isolates of Gram-

negative and six Gram-positive bacteria commonly associated with bloodstream infection in 

humans. To bench mark the single cell spectra obtained by O-PTIR spectroscopy, infrared 

signatures were also collected from bulk samples via both FTIR and O-PTIR spectroscopies. 

Our findings showed significant similarity and high reproducibility in the infrared signatures 

obtained by all three approaches, including similar discrimination patterns when subjected to 

clustering algorithms. Principal component analysis (PCA) showed that O-PTIR and Raman 

data acquired simultaneously from bulk bacterial isolates displayed different clustering patterns 

due to the ability of both methods to probe metabolites produced by bacteria. By contrast, 

signatures of microbial pigments were identified in Raman spectra, providing complementary 

and orthogonal information compared to infrared, which may be advantageous as it has been 

demonstrated that certain pigments play an important role in bacterial virulence. We found that 

infrared spectroscopy showed higher sensitivity than Raman for the analysis of individual cells. 

Despite the different patterns obtained by using Raman and infrared spectral data as input for 

clustering algorithms, our findings showed high data reproducibility in both approaches as the 

biological replicates from each bacterial strain clustered together. Overall, we show that Raman 

and infrared spectroscopy offer both advantages and disadvantages and, therefore, having both 

techniques combined in one single technology is a powerful tool with promising applications 

in clinical microbiology.  
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3.2 Introduction 

Sepsis is a life-threatening clinical condition defined as an ñorgan dysfunction caused by a 

dysregulated host response to infectionò according to the Third International Consensus 

(Sepsis-3) (Singer et al., 2016). Bacterial sepsis is a leading cause of death in both developed 

and developing nations, accounting for approximately 11 million deaths every year, which 

represents 19.7% of all deaths worldwide (Rudd et al., 2020; Jarczak et al., 2021). Rapid and 

accurate identification of bacteria causing the infection, as well as its antimicrobial 

susceptibility, play a critical role in timely diagnosis and treatment of bacterial infections 

including sepsis (Ho et al., 2019; Almasoud et al., 2021). However, current diagnostic methods 

for bacterial typing require time-consuming sample culturing protocols and thus, broad-

spectrum antimicrobial are often prescribed as first-line medications as soon as possible in 

order to avoid detrimental outcomes caused by delayed treatment (Ho et al., 2019; Martínez et 

al., 2020). Unnecessary antimicrobial treatment is the leading cause of the development of 

multidrug-resistant pathogens, which have dramatically increased worldwide over the years 

(Fleming-Dutra et al., 2016). The Centres for Disease Control and Prevention in the US 

estimates that 30% of patients with bacterial infections are treated with antimicrobials 

inappropriately(Fleming-Dutra et al., 2016; Ho et al., 2019). If actions are not taken, it is 

estimated that antimicrobial resistance will be responsible for around ten million deaths 

annually by 2050 (ÓNeill J., 2014). New methods for rapid and culture-free detection of 

bacterial infections may help to reduce morbidity and mortality as well as preventing the 

emergence of resistant strains during treatment.  

Vibrational spectroscopic techniques, represented mainly by Raman and infrared 

spectroscopies, have been widely used to study bacteria by interrogating their chemical and 

physicochemical properties in a non-invasive, non-destructive, and label-free manner (Lu et 

al., 2011; Harrison and Berry, 2017; Almasoud et al., 2021; Paraskevaidi et al., 2021). Both 

methods provide molecular information based on bond-specific chemical signatures and have 

been extensively applied as whole-organism fingerprinting tools to study the effects of 

antimicrobial agents in bacteria (Sharaha et al., 2017; Xu et al., 2020; Zhang et al., 2020), 

classification and identification of microorganisms (Jarvis and Goodacre, 2004; Muhamadali 

et al., 2016; Almasoud et al., 2021), and biofilms (Holman et al., 2009; Quilès et al., 2010; 

Wickramasinghe et al., 2020). Although these two methods are used for similar purposes, i.e., 

to probe the internal motion of atoms from chemical species in molecules (Diem et al., 2013), 

Raman and infrared spectroscopies operate in completely different ways. Infrared spectroscopy 

is based on the absorption of infrared radiation by molecular vibrations from bonds that possess 
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an electric dipole moment that can change by atomic displacement (Diem et al., 2013; Baker 

et al., 2014). By contrast, Raman spectroscopy is based on the inelastic scattering of light, in 

which the incident photons from a monochromatic source excite the molecules to virtual energy 

states and then, are scattered with either higher or lower energies compared to their original 

energy (Paraskevaidi et al., 2021; Diem et al., 2013; Lima et al., 2021a). This shift in energy 

corresponds to a Raman shift and like infrared is associated with the chemical structure of 

molecules in the sample. Due to these different principles, these two techniques are considered 

complementary as they offer advantages and disadvantages to study certain types of samples 

when compared to each other (Paraskevaidi et al., 2021).  

Raman and infrared spectroscopies are often used together for the comprehensive study of 

bacteria. Nicolaou et al. used both techniques for the detection and enumeration of 

Staphylococcus aureus in milk (Nicolaou et al., 2011), as well as to study the growth 

interaction between S. aureus and Lactococcus lactis (Nicolaou et al., 2011). Tugarova and co-

workers used both methods to study selenium nanoparticles synthesised by the bacterium 

Azospirillum thiophilum (Tugarova et al., 2018). Tang et al. used Raman and FTIR signatures 

to discriminate mycobacteria and Gram-negative bacteria (Tang et al., 2013). Adamou 

employed both Raman and FTIR to investigate the chalcopyriteïbacteria interactions and 

jarosite biosynthesis. Atykyan and colleagues applied the two techniques to study the structural 

differences of bacterial cellulose in Gluconacetobacter sucrofermentans (Atykyan et al., 

2020). However, a key feature of all of these studies is that they were performed on two 

separate instruments as simultaneous measurement of Raman and infrared signatures is a 

challenge in spectroscopy due to the difficulty of sharing light sources and optics in a 

conventional Raman and FTIR spectrometers (Hashimoto et al., 2019), and especially the case 

when one considers bacteria are typically just 1-2 µm in size. Recently, a novel far-field optical 

instrument able to provide Raman and infrared signatures simultaneously has been developed. 

In this scheme, the infrared signatures are collected via optical photothermal infrared (O-PTIR) 

spectroscopy, an emerging technique that has been developed to provide infrared chemical 

maps with submicron spatial resolution in a rapid manner, therefore overcoming the poor 

spatial resolution achieved by a conventional FTIR spectrometer (3 to 30 ɛm) (Li  et al., 2019; 

Lima et al., 2021b). In O-PTIR spectroscopy, the photothermal response of a sample 

illuminated by a tunable mid-IR laser beam is probed by a visible CW laser (Lima et al., 

2021b), which also acts as the excitation source for acquiring a Raman spectrum from the same 

sample location at the same spatial resolution. This scheme has been successfully applied to 

acquire Raman and infrared spectra simultaneously from mammalian cells (Li  et al., 2019; 
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Spadea et al., 2021), single cell bacterium (Li  et al., 2019; Xu et al., 2020), nanocomposite 

interfaces (Wang et al., 2021), and atmospheric particles (Olson et al., 2020). Although O-

PTIR and Raman spectroscopy have been simultaneously applied to analyse bacteria (Li  et al., 

2019; Xu et al., 2020), previous studies used non-commercial instruments and were focused 

on analysing laboratory strains, which have different features such as low virulence compared 

to strains isolated from humans, therefore hindering its translation to clinical setting to study 

human samples. In this study we report for the first time the use of concomitant Raman and 

infrared spectroscopies using a commercial technology to differentiate 12 bacterial strains 

isolated from humans in order to demonstrate the advantages of combining both methods in 

one single technology to study pathogenic bacteria commonly associated with bloodstream 

infections.   

 

3.3 Materials and methods 

3.3.1 Growth conditions and sample preparation 

Bacterial strains tested in this study consist of 12 bacteria isolated from clinical samples and 

identified at Alder Hey Childrenôs NHS Foundation Trust according to standard diagnostic 

microbiology laboratory protocols in 2012 and 2017 (Ethical approval granted by REC 

19/SC/0306), and included six isolates of Gram-negative and six Gram-positive bacteria (Table 

3.1). All bacterial isolates had been stored in glycerol at -80 oC since the time of isolation. The 

stored isolates were sub-cultured on brain heart infusion agar (BHI) at 37 °C for 24 h. After the 

incubation period, the bacteria were prepared by harvesting the biomass from the surface of 

each plate using sterile inoculating loops and resuspended in 1 mL of deionised water. Samples 

were washed in water 3 times in order to remove any residues from the media. Bacterial 

concentration was adjusted to an optical density (OD600) of 15. 

 

3.3.2 FTIR spectroscopy 

FTIR data were acquired from bulk populations following similar sample preparation and data 

collection protocols previously used by our group (Muhamadali et al., 2016). 20 µL aliquots 

from each sample with an optical density of 15 (OD600) was transferred to silicon substrates 

(Bruker Ltd, Coventry, UK) and dried in an oven (50 oC) prior data collection. FTIR data were 

acquired in the mid-IR range (4000ï600 cmī1), with 64 spectral co-adds and 4 cmī1 resolution, 

using an accessory designed for high-throughput measurements (HTS-XT) coupled to a Bruker 

Invenio FTIR spectrometer. A total number of 16 FTIR spectra were collected from each 

bacterial strain including 4 spectra acquired from 4 analytical replicates. 
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Table 3.1 List of bacterial isolates including species and sub-species examined in this study.  

 

 

3.3.3 O-PTIR and Raman spectroscopy 

O-PTIR data were obtained from bulk populations and single cell bacterium. 2 ÕL aliquots 

from bulk samples (OD600= 15) were spotted onto calcium fluoride (CaF2) substrates. For 

individual cell analysis, bacterial samples with OD600 of 15 was diluted in deionised water 

(1:1000) in order to obtain single cells, then 2 ÕL aliquots were spotted onto to CaF2 substrates. 

Samples were then dried in the oven. A mIRage infrared microscope (Photothermal 

Spectroscopy Corp., Santa Barbara, USA) was used to acquire single-point O-PTIR 

measurements on reflection mode (Cassegrain 40Ĭ objective (0.78 NA)) over the fingerprint 

mid-IR range (950ï1800 cmī1; 2 cmī1 spectral resolution and 10 scans per spectrum) with the 

pump beam consisting of a tunable QCL device, whereas a continuous wave (CW) 532 nm 

laser was as probe beam. Raman scattering was detected simultaneously with infrared data 

from the same location on the sample after the photons passed through the Cassegrain objective 

into a Horiba iHR320 spectrometer equipped with a 600 groove/mm grating. Spectra were 

recorded over the range of 3500ī500 cmī1, integration time of 10 s, 10 accumulations per 

spectrum, and spectral resolution of 4 cmī1. In total 15 infrared and Raman spectra were 

collected simultaneously from bulk populations of cells for each bacterial strain. For single cell 

Bacterial strain Original source 

Enterobacter cloacae VS1811 Human faeces 

Enterobacter cloacae VS94 Human faeces 

Klebsiella oxytoca VS1669 Human blood 

Klebsiella oxytoca VS859 Human faeces 

Pseudomonas aeruginosa VS1088 Human blood 

Pseudomonas aeruginosa VS862 Human blood 

Streptococcus pyogenes FT1623 Human blood 

Streptococcus pyogenes FT1403 Human blood 

Staphylococcus aureus FT1257 Human blood 

Staphylococcus aureus FT1340 Human blood 

Enterococcus faecalis VS1282 Human blood 

Enterococcus faecalis VS508 Human faeces 
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analysis, 30 infrared and Raman spectra (3 spectra per cell, 10 cells in total) were collected 

from single individual bacterial cells. 

 

3.3.4 Data analysis 

All statistical analysis was carried out in MATLAB version 2019a (The Mathworks Inc., 

Natwick, USA). Spectral data collected in all approaches were subjected to principal 

component analysis (PCA) as well as to principal component-discriminant function analysis 

(PC-DFA) as clustering algorithms. Before PCA and PC-DFA spectra were submitted to 

baseline correction using an asymmetric least squares algorithm, smoothed via a 

SavitzkyīGolay filter using a polynomial of second order in a 7-point window, and vector 

normalised. For comparison of clustering patterns from the different spectroscopies Procrustes 

transformations were performed using a number of 3 DFs for each data set.  All code used is 

available via Github (https://github.com/Biospec). 

 

3.4 Results and discussion 

3.4.1 Infrared spectroscopy 

O-PTIR spectra collected from bulk and single bacterial cells were compared to conventional 

FT-IR spectra in order to evaluate the reproducibility of the infrared signatures provided by the 

three different approaches. Figure 3.1 illustrates the average infrared spectra and their second 

derivatives acquired from one strain of each bacterial species analysed in this study. Spectral 

data from the remaining isolates are displayed in Figure S3.1 (Supplementary Material).  

While single cell O-PTIR measurement is performed on a localised region of a single 

bacterium, FTIR and O-PTIR measurements acquired from bulk represent the average signal 

obtained from several bacteria within the beam area (millions in the case of FT-IR where the 

interrogation beam is ca. 1 cm compared to 2-10 in OPTIR where the probe is from a 532 nm 

laser). The spectra in Figure 3.1 show significant similarity and high reproducibility in the 

infrared signatures obtained by all three approaches, which exhibited bands associated to 

vibrational modes related to the main macromolecules found in biological specimens such as 

proteins, lipids, nucleic acids, and carbohydrates. Spectral region over 1700-1400 cm-1 largely 

represents the amide region, which comprises amide I and II vibrations from backbone of 

proteins (Barth, 2007). The amide I vibration, peaking between 1690-1620 cmī1 arises mainly 

from the C=O stretching vibration from peptide bonds in proteins. This band is composed by 

the superposition of sub-bands associated to the secondary structure of proteins such as Ŭ-

https://github.com/Biospec
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Figure 3.1 Average FTIR (red), O-PTIR/bulk (green), and O-PTIR/single cells (blue) spectra (top) and 

their second derivatives (bottom) collected from one strain of each bacterial species analysed in this 

study. The plots are offset for clarity. Key bands are highlighted (in cm-1). 

helices (1656 cm-1) and ɓ-sheets (1637 cm-1) (Naumann, 2001; Barth, 2007; Lima et al., 

2021b). 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

The signal intensity obtained from Ŭ-helices is usually superior than the signal collected from 

ɓ-sheets in spectral data from bacteria, therefore, amide I band is centred around 1656 cm-1 due 

to the proximity of both peaks. In such cases, second derivatives are usually the preferred 

option to assess overlapped bands. According to Figure 3.1, strong Ŭ-helices signatures (1656 

cm-1) were observed in the second derivatives obtained by all three approaches. Interestingly, 

the signal acquired from ɓ-sheets was more evident in the FTIR signatures than in the data 

obtained by O-PTIR, with the signal collected from bulk being slightly superior than that of 

individual cells. These differences may be related to the amount of material probed by each 

approach, since the polychromatic IR beam used in FTIR covers a large sample area with many 

individual cells in a community.  

The Amide II band absorption is found at 1544 cm-1 and is attributed to the combination of 

NīH vibration with CīN stretching from peptide groups (Naumann, 2001; Barth, 2007; Lima 
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et al., 2021b). The band peaking at 1743 cmī1 originates from the C=O ester groups from lipids 

including phospholipids, triglycerides and cholesterol (Naumann, 2001; Kardas et al., 2014).  

The peak at 1451 cmī1 is attributed to the bending vibration (scissoring) of acyl CH2 groups in 

lipids (Kardas et al., 2014), whereas the band peaking at 1390 cmī1 arises from COOī 

symmetric stretching of amino acid side chains and fatty acids (Naumann, 2001; Kardas et al., 

2014). Bands peaking over the low wavenumber region in infrared spectra from bacteria are 

generally attributed to carbohydrates and nucleic acids. Bands associated to PO2
-
 asymmetric 

and symmetric stretching vibrations from phosphodiester bonds in nucleic acids are displayed 

in 1240 cm-1 and 1080 cm-1, respectively (Naumann, 2001; Kardas et al., 2014). The band 

peaking at 1060 cm-1 is associated to CïOïC symmetric stretching of polysaccharides (Quil¯s 

et al., 2010; Kardas et al., 2014). Spectral data collected from all bacterial isolates (Figure 3.1 

and Figure S3.1) displayed similar biochemical features with subtle changes in signal intensity, 

while appearance or disappearance of peaks were not observed. In order to examine the ability 

of FTIR and O-PTIR to discriminate the 12 bacterial isolates, the second derivatives calculated 

from spectra were subjected to principal component analysis (PCA).  

 

Figure 3.2a-c illustrates PCA scores plot of the FTIR, O-PTIR (bulk), and O-PTIR (single cells) 

data, respectively. In Figure 3.2a, scores from S. aureus, E. faecalis and E. cloacae VS1811 

isolates were grouped on the negative side of the PC-1 axis, while all other isolates were 

clustered on the positive side. In PC-2 axis, S. aureus and S. pyogenes isolates grouped on the 

positive side and the remaining isolates clustered on the negative axis of PC-2. PCA scores 

obtained from O-PTIR (bulk) (Figure 3.2b) displayed similar discrimination pattern compared 

to FTIR data (Figure 3.2a), with scores from Gram-negative bacteria (E. cloacae, K. oxytoca 

and P. aeruginosa) isolates forming a tight cluster. In Figure 3.2c, PCA scores plot of O-PTIR 

(single cells) illustrated the same cluster formed by Gram-negative bacteria (E. cloacae, K. 

oxytoca, and P. aeruginosa) on the positive side of PC-1 axis, whereas the other isolates were 

grouped along negative PC-1 values.  

Although all three approaches have illustrated similar clustering patterns, the data 

reproducibility, i.e. the distance between scores from the same strain, considerably varies in the 

three methods. 
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Figure 3.2 PCA (aïc) and PC-DFA (dïf) scores plot of FTIR (a and d), O-PTIR/bulk (b and e), and O-

PTIR/single cells (c and f) data. The same species are plotted in the same colours and the different symbols 

represent one of the two sub-species. Filled symbols represent the training set, while empty symbols are the 

testing set. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

O-PTIR (single cells) showed the lowest reproducibility compared to FTIR and O-PTIR (bulk) 

data. This is expected due to the ability of the method to probe inter-individual variations in 

bacterial metabolism and highlights the potential applications of O-PTIR to generate 

population level information from single cells. As such this is an exciting emerging technology 

to study the interaction between microorganisms as well as the role of each individual in 

microbial communities. Interestingly, PCA scores from O-PTIR (bulk) showed higher 

reproducibility compared to FTIR, as the scores of each strain were grouped close to each other, 

while FTIR scores were grouped in a more dispersed pattern. In some cases, it is even possible 

to observe a trend on the FTIR scores pattern such as in S. aureus and E. faecalis, which 
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suggests varying quantities of a biochemical component in the spectra. These findings were 

unexpected as FTIR provides the average signal from a larger area compared to the spot probed 

in O-PTIR (bulk). Thus, in order to improve the reproducibility and, therefore, the ability of 

each approach to identify each bacterial strain correctly, the principal components (PCs_ were 

used as input data for DFA (PC-DFA) in order to minimise the variance within classes, while 

maximising the variance between classes. PC-DFA is a supervised method, i.e. the algorithm 

takes into consideration an a priori knowledge about the isolates. Thus, 50% of the spectra 

from each strain (class) were randomly selected and used to generate the model (training set), 

while the remaining data (testing set) were projected into the PC-DFA space to validate the 

model as well as to test the occurrence of data overfitting.  

Figure 3.2d-f shows PC-DFA scores plot of the FTIR, O-PTIR (bulk), and O-PTIR (single cells) 

data, respectively. The reproducibility of the data was successfully enhanced in the DFA scores 

obtained in all three approaches, including the disappearance of trend patterns observed in the 

PCA scores from S. aureus and E. faecalis in FTIR data (Figure 3.2a). Despite the improvement 

on the data reproducibility of O-PTIR (single cells) compared to its PCA scores plot (Figure 

3.2c), there is still considerable variability between the DFA scores from the same class, 

reinforcing the ability of O-PTIR to probe inter-individual variations in bacterial metabolism. 

Overall, DFA scores from training (filled symbols) and testing set (empty symbols) were 

clustered together, with only a few misclassifications, indicating that the clustering pattern 

obtained is due to bacterial phenotypes, and that such pattern is reproducible with no data 

overfitting. The cluster formed by Gram-negative bacterial isolates (E. cloacae, K. oxytoca, 

and P. aeruginosa) previously observed in the PCA scores (Figure 3.2.a-c) was grouped on the 

positive side of DF-1 from FTIR and on the positive side of DF-2 axis in the DFA scores 

obtained from O-PTIR data (both bulk and single cells). Interestingly, the Gram-positive 

isolates (E. faecalis, S. aureus, and S. pyogenes) grouped along the opposite side of the 

respective DFs but not in a tight cluster as depicted by E. cloacae, K. oxytoca, and P. aeruginosa 

isolates in Figure 3.2d-e. Despite the disperse clustering pattern between these different 

bacterial species, isolates of the same species tended to group close to each other. Figure 3.3 

shows the DFA loadings from FTIR (DF-1) and O-PTIR (DF-2) measurements, which revealed 

significant similarities in the main vibrational modes that contribute to the separation of the 

clusters containing Gram-negative and Gram-positive bacterial isolates in each of the three 

different approaches. 
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Figure 3.3 Averaged second derivatives from FTIR (yellow), O-PTIR/bulk (red), and O-PTIR/single 

cells (blue) from all bacterial isolates. DF-1 loadings from FTIR (cyan), DF-2 from O-PTIR/bulk 

(green) and DF-2 from O-PTIR/single cells (purple) associated to the PC-DFA scores plots 

displayed in Figure 2d-f. The plots are offset for clarity. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.4.2 Raman spectroscopy 

Raman spectra from single bacterial cells and bulk populations were collected simultaneously 

with infrared data from all bacterial isolates. However, the reproducibility of Raman signatures 

obtained from single cells of most bacterial isolates was quite poor (data not shown), so that 

we could not even reproduce most of the Raman peaks illustrated in Raman spectra acquired 

from bulk populations. The two strains of S. pyogenes (FT1623 and FT1403) and E. faecalis 

(VS1282 and VS508) were the only bacterial isolates that generated reproducible and reliable 

Raman spectra at single cell level (Figure S3.2). Acquiring Raman spectrum from a single cell 

bacterium is often challenging by spontaneous Raman spectroscopy due to its lower sensitivity 

compared to infrared spectroscopy as the mass of a single bacterium would be about one 
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picogram (Loferer-KrºÇbacher et al., 1998). Besides that, illuminating a single cell bacterium 

with relatively high laser energies for a certain period of time increases the local temperature 

resulting in photochemical effects, which may alter the Raman signatures due to thermal 

damage or even induce total cell degradation due to carbonisation. In such situations, other 

Raman-based approaches with higher sensitivity such as SERS is preferred for single cell 

analysis as it can provide enhancements of 103-106-fold compared to spontaneous Raman 

scattering (Jarvis and Goodacre, 2004; Lima et al., 2021b). Thus, the present study focused on 

analysing Raman signatures acquired from bulk samples and not individual cells. 

In contrast to O-PTIR spectroscopy, where the spectral range is limited to the fingerprint region 

(1800-950 cm-1) due to the QCL wavelengths, Raman spectra were acquired over 3500-500 

cm-1 from all bacterial isolates analysed in this study (Figure 3.4). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As in infrared spectroscopy, the bands observed in Raman spectra are also associated with 

vibrations of the main molecular constituents in bacteria. While the infrared spectra from O-

PTIR contained broad features that were largely highly similar biochemical signatures with 

subtle changes in band intensities, the Raman features obtained from some isolates exhibited 

Figure 3.4 Average Raman spectra collected from bacterial isolates analysed in this study. Each colour 

represents a species, while the different sub-species are displayed in solid and dashed lines. The plots are 

offset for clarity. 
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highly distinct peaks compared to other isolates, as well as considerable differences in signal 

intensities.  

Vibrational modes peaking in the high wavenumber region are attributed to CHï stretching 

vibrations, which exhibited similar bands in spectra acquired from all isolates. The band 

peaking at 2883 cmī1 is attributed to CHï symmetric stretching vibrations of CH2 in lipids, 

2941 cmī1 is associated to CHï stretching in CH3 groups from lipids and proteins, whereas the 

peak seen in 2980 cmī1 is due to nucleic acid vibrations (Lima et al., 2021c). Band peaking at 

1667 cm-1 arises mainly from the C=O stretching vibration from backbone structure in proteins 

(amide I) (Lu et al., 2011). P. aeruginosa isolates are the only two strains displaying the band 

at 749 cm-1, which can be attributed to the pyrrole breathing mode in cytochromes (Hamada et 

al., 2008; Okada et al., 2012). In addition to this, strong Raman peaks typical from cytochromes 

appear at 1128, 1313, and 1588 cmī1 in P. aeruginosa isolates (Hamada et al., 2008; Okada et 

al., 2012).  Raman spectra collected from S. aureus isolates presents two distinct bands peaking 

at 1158 and 1526 cm-1 resembling carotenoid staphyloxanthin bands, which are assigned to 

CīC stretching and C=C stretching vibrations, respectively (Jehliļka et al., 2014; Ayala et al., 

2018). Staphyloxanthin is the pigment responsible for the golden colour in S. aureus and plays 

an important factor for the integrity of cell membrane as well as in the virulence of S. aureus 

(Liu and Nizet, 2009; Ayala et al., 2017; Ayala et al., 2018). Although the band at 780 cm-1 

displays a strong signal in S. aureus isolates, this peak is due to pyrimidine ring breathing and 

not to staphyloxanthin, as it has also been documented in unpigmented S. aureus (Ayala et al., 

2018).The band peaking at 1454 cmī1 originates from CH2/CH3 bending vibrations from lipids 

and proteins (Chisanga et al., 2021), while the peak at 1004 cmī1 is attributed to the 

phenylalanine ring breathing (Chisanga et al., 2021). 

Figure 3.5 displays PCA results obtained for Raman spectra of all twelve bacterial isolates. In 

Figure 3.5a, scores from S. aureus, P. aeruginosa VS862, and a few scores from P. aeruginosa 

VS1088 isolates were grouped on the positive axis of PC-1, while most of the other scores from 

P. aeruginosa VS1088 and the remaining isolates were clustered on the negative axis. 

Interestingly, the discrimination pattern achieved by PC-1 is mainly due to the pyrimidine ring 

breathing (780 cm-1) from S. aureus and bacterial pigments, as positive loadings associated to 

cytochromes from P. aeruginosa (1588, 1128, and 749 cm-1) and staphyloxanthin (1158 and 

1526 cm-1) from S. aureus strains were documented. Scores from the two P. aeruginosa isolates 

grouped on different sides of PC-1, which suggests varying cytochrome content between the 

two strains, with higher content in the VS862 strain. 
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Figure 3.4 (a) PCA scores plot of Raman data, same species are plotted in similar colour and different 

symbols represent each one of the two sub-species. (b) PCA loadings associated to PC-1 and PC-2. 

The plots are offset for clarity. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Although both S. aureus isolates have been clustered on the same PC-1 axis, scores from both 

strains were also grouped in a gradient pattern, indicating increasing staphyloxanthin content 

along PC-1 axis, with higher content in the FT1257 strain. Interestingly, the discrimination 

pattern observed in PC-2 axis was similar to the grouping pattern illustrated in infrared 

spectroscopy, with Gram-negative strains (E. cloacae, K. oxytoca, and P. aeruginosa) grouping 

on the positive axis of PC-2, while Gram-positive bacteria (S. aureus, S. pyogenes, E. faecalis) 

clustered on the negative axis.  

Clustering patterns obtained in infrared and Raman spectroscopies were different when 

compared to each other due to the different molecular species that were highlighted by the two 

different techniques. To explore this further, Procrustes analysis was performed in order to 

compare the similarity in the patterns generated by Raman spectroscopy and the three infrared 

spectroscopy approaches in a quantitative way. The similarity is measured based on the 

Procrustes error, which varies from 0 to 1; where 0 indicates identical patterns and 1 indicates 

completely different clustering patterns (Table 3.2). 
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Table 3.2 Similarity between different datasets using Procrustes distance. 

PC-DFA 

scores 

FTIR Raman O-PTIR/Bulk O-PTIR/Single-

cells 

FTIR --    

Raman 0.3520 ---   

O-PTIR/Bulk 0.1965 0.3353 --  

O-PTIR/Single-

cells 

0.2184 0.3290 0.0163 -- 

 

O-PTIR data from bulk and individual cells displayed the highest similarity level with a 

Procrustes error of 0.0163, which is expected due to the similar clustering observed in the PC-

DFA scores (Figure 3.2e-f). On the other hand, pairwise comparisons of Raman data with any 

of the three infrared-based approaches displayed the lowest similarity levels, with Procrustes 

errors varying between 0.3290-0.3520. These variations are mainly associated with the 

differences in the principles of these techniques and their ability to detect different groups of 

metabolites produced by these bacteria. Microorganisms, including bacteria, act like microbial 

cell factories to the production of metabolites such as antibacterials (Kong et al., 2019), 

antifungals (De Muynck et al., 2004), vitamins (Soto-Martin et al., 2020), enzymes (Nigam, 

2013), and pigments (Jehliļka et al., 2014). Although these metabolites may be infrared active, 

their infrared signatures have poor signal due to the low concentration compared to the other 

bacterial molecular constituents such as proteins, nucleic acids, carbohydrates, and lipids. On 

the other hand, some of these metabolites display molecular absorption bands compatible or 

near the wavelength used for excitation in Raman spectroscopy, resulting in the amplification 

of their Raman vibrations via resonance. As a result, the enhancement of the signatures from 

these 'chromophore' compounds will ultimately change the Raman spectra as well as the 

discrimination pattern achieved by each technique. Besides that, only the fingerprint region of 

infrared spectra (1800-950 cm-1) was used as input data to the multivariate statistical methods, 

whereas the input data used in Raman analysis included vibrations peaking over the high 
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wavenumber region and thus, providing extra information. This limitation is due to the QCLs 

used in the spectrometer employed in our study, which can be overcome by the addition of a 

tunable OPO-pulsed infrared laser to cover the higher wavenumber region (Spadea et al., 

2021). Nevertheless these observed Procrustes errors are still statistically highly significant 

compare to NULL distribution when subjected to Procrustean test (p < 0.0001) (Jackson, 1995). 

This suggests that the patterns of three IR based approaches are mostly similar to that of Raman 

data. 

 

3.5 Conclusions 

Here, we report for the first time the use of simultaneous Raman and infrared spectroscopies 

to study 12 clinically important bacteria isolated from humans who were suffering from sepsis. 

Infrared signatures were collected from bulk samples via FTIR and O-PTIR spectroscopies, 

while infrared data from individual bacterial cells was obtained by O-PTIR spectroscopy only. 

Although single cell measurements are performed on localised areas of a single bacterium, 

compared to bulk FTIR and O-PTIR measurements from several bacteria within the beam, our 

findings showed significant similarity and high reproducibility in the infrared signatures 

obtained by all three approaches including similar discrimination patterns when subjected to 

cluster analysis. These results highlight the potential applications of O-PTIR spectroscopy as 

an emerging technology to study microorganisms at single cell level, which has not been 

previously achieved by FTIR spectroscopy due to the poor spectral resolution provided by a 

conventional FTIR spectrometer. We also report, for the first time, the use of O-PTIR 

technology to acquire infrared and Raman spectral data simultaneously from bulk bacterial 

isolates samples, which displayed different clustering patterns when subjected to PCA due to 

the ability of Raman spectroscopy to probe pigments produced by bacteria such as 

staphyloxanthin and cytochromes. The superior ability of Raman spectroscopy to identify 

pigments may be advantageous regarding its use to study pathogenic bacteria as it has been 

demonstrated that several pigments promote microbial virulence. Despite the different patterns 

obtained by using Raman and infrared spectral data as input for clustering algorithms, our 

findings showed high data reproducibility in both approaches as the biological replicates from 

each bacterial strain clustered together. Thus, Raman and infrared spectroscopy offer both 

advantages and disadvantages, therefore, having both techniques combined in one single 

technology is a promising tool for clinical microbiology. 
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Figure S3.1 Average FTIR (red), O-PTIR/bulk (green), and O-PTIR/single cells (blue) spectra and their second 

derivatives collected from one strain of each bacterial species analysed in this study. The plots are offset for 

clarity. Key bands (in cm-1) are highlighted. 
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Figure S3.2 Average Raman spectra collected from single bacterial cells from the two strains of S. 

pyogenes and E. faecalis. Plots are offset for clarity. 
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Chapter 4 

 

 

Metabolic Response of Klebsiella oxytoca to Ciprofloxacin Exposure: 

A Metabolomics Approach 
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4.1 Abstract: 

Rapid detection and identification of pathogens and antimicrobial susceptibility is essential for 

guiding appropriate antimicrobial therapy and reducing morbidity and mortality associated with 

sepsis. The metabolic response of clinical isolates of Klebsiella oxytoca exposed to different 

concentrations of ciprofloxacin (the second generation of quinolones antibiotics) were studied in 

order to investigate underlying mechanisms associated with development of antimicrobial 

resistance. Metabolomics investigations were performed using Fourier-transform infrared (FT-IR) 

spectroscopy as a metabolic fingerprinting approach combined with gas chromatography-mass 

spectrometry (GC-MS) for metabolic profiling. Our findings demonstrated that metabolic 

fingerprints provided by FT-IR analysis allowed for the differentiation of susceptible and resistant 

isolates. GC-MS analysis validated these findings, while also providing a deeper understanding of 

the metabolic alterations caused by exposure to ciprofloxacin. GC-MS metabolic profiling 

detected 176 metabolic features in the cellular extracts cultivated on BHI broth, and of these, 137 

could be identified to Metabolomics Standards Initiative Level 2. Data analysis showed that 40 

metabolites (30 Level 2 and 10 unknown) were found to be differential between susceptible and 

resistant isolates. The identified metabolites belonging to central carbon metabolism; arginine and 

proline metabolism; alanine, aspartate and glutamate metabolism; and pyruvate metabolism. 

Univariate receiver operating characteristic (ROC) curve analyses revealed that six of these 

metabolites (glycerol-3-phosphate, O-phosphoethanolamine, asparagine dehydrate, maleimide, 

tyrosine, and alanine) have a crucial role in distinguishing susceptible from resistant isolates 

(AUC>0.84) and contributing to antimicrobial resistance in K. oxtytoca. Our study provides 

invaluable new insights into the mechanisms underlying development of antimicrobial resistance 

in K. oxytoca suggests potential therapeutic targets for prevention and identification of AMR in K. 

oxytoca infections. 
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4.2 Introduction 

Bacterial infections are a major cause of morbidity and mortality globally (Coates et al., 2002). 

Early and accurate identification of pathogens and their antibiotic susceptibility is crucial to reduce 

the impacts caused by bacterial infections. Due to the long time required to obtain antibiotic 

susceptibility testing (AST) results, broad-spectrum antibiotics are often prescribed as the first-

line of medications by clinicians to treat suspected bacterial infections, while awaiting AST results 

to avoid detrimental outcomes caused by delayed treatment (Patel and Saiman, 2012; Mart²nez et 

al., 2020; Li et al., 2023). Unnecessary antimicrobial treatment and misuse of antimicrobial agents 

are the major causes of the development of antimicrobial resistance (AMR) by pathogens. The 

number of resistant pathogens has considerably increased worldwide over the years and it is 

estimated that AMR will be the cause of 10 million deaths annually by 2050 if actions are not 

taken (De Kraker et al., 2016). According to the World Health Organization (WHO), the 

decreasing effectiveness of antibiotics in the 21st century due to AMR is a serious threat to global 

health and marks the beginning of a potential post-antibiotic era,  where infections associated with 

minor injuries can lead to death (Organization, 2014; Javad Jafari et al., 2024).  

 To prevent antibiotic misuse and the emergence of resistant strains during antibiotic treatment, 

fast and accurate detection of antimicrobial susceptibility of pathogens is needed. However, 

traditional AST methods used in clinical settings such as disk diffusion, broth microdilution, and 

agar dilution antibiotics, can take more than 48 h upon sample collection (Benkova et al., 2020).  

Although real-time polymerase chain reaction (RT-PCR) may be used to infer potential AMR in 

pathogens by detecting genes associated to resistance, this approach does not provide information 

about the phenotypic resistance profiles observed in pathogens. By contrast, analytical methods 

employed in metabolomics approaches represent a good alternative to AST. These techniques not 

only enable high-throughput differentiation between resistant and susceptible isolates but also 

offer a snapshot overview of the underlying biochemical processes associated with resistance 

mechanisms. (Kok et al., 2022). Klebsiella oxytoca is a Gram-negative bacterium belonging to the 

Enterobacteriaceae family and is closely related to Klebsiella pneumoniae. It is a common cause 

of nosocomial (hospital-acquired) infections, particularly in critically ill patients, or those 

undergoing antimicrobial (antibiotic) therapies (Herrera-Van Oostdam et al., 2021; Singh et al., 

2016). The K. oxytoca complex has the potential to become a major threat to human health due to 

its ability to cause a wide range of severe diseases, such as septicemia, and its resistance to 

commonly used antibiotics (B et al., 2002; Yang et al., 2022). 

 Vibrational spectroscopy has been employed as a metabolic fingerprinting tool to detect 

antimicrobial susceptibility in bacteria in a fast and simple manner. Fourier transform infrared (FT-
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IR) spectroscopy is a widely used analytical technique that involves the absorption of infrared 

light by samples under investigation. It is non-destructive, cost-effective, and has high throughput 

(Confield et al., 2021). The absorption leads to vibrations in the intermolecular bonds, which 

enable the direct correlation and detection of (bio) chemical species as well as produce unique 

spectral fingerprints that represent their biochemical composition (Muhamadali et al., 2015). 

These fingerprints capture specific features related to the structure and composition of 

biomolecules, including proteins, lipids, carbohydrates, and nucleic acids, within the 

microorganisms. Javad Jafari et al. used FT-IR spectroscopy to assess the susceptibility of four 

different bacterial strains to antibiotics by monitoring nutrient consumption in the growth medium 

as an indicator of metabolic activity (Javad Jafari et al., 2024). A study conducted by da Cunha et 

al indicated a strong correlation between the metabolic fingerprints acquired through FTIR 

spectroscopy and the mechanisms of action (MOA) of various antibiotics covering a range of 

targets, including protein synthesis, DNA replication, and cell wall biosynthesis (Ribeiro da Cunha 

et al., 2020). Furthermore, gas chromatography-mass spectrometry (GC-MS) analysis has also 

been used for assessing antibiotic susceptibility in bacteria through metabolic profiling. Metabolic 

profiling aims to detect a wide range of metabolites in a sample and capture all metabolic changes 

upon exposure to the stressor. It involves the identification and quantification of a specific set of 

pre-determined metabolites, often associated with a particular metabolic pathway and various 

analytical techniques can be used for this purpose (Ellis and Goodacre, 2012; Fiehn, 2002). 

Overton et al. evaluated metabolic profiles of Salmonella typhimurium associated with AMR 

across various hosts through GC-MS analysis (Overton et al., 2022). They demonstrated an 

increase in the levels of aspartate, alanine, serine and citric acid, while metabolites such as 

glutamate and pyruvate were shown to be downregulated upon exposure to different antibiotics. 

In a different study, Sayqal and colleagues combined both FTIR and GC-MS analysis to examine 

the metabolic changes and stress responses of Pseudomonas putida strains to toluene. Their 

findings showed successful discrimination between non-exposed and exposed cultures to toluene 

and ornithine was identified as the most significant metabolite that increased in response to solvent 

exposure. Additionally, it was observed that toxic chemical substances were pumped out from 

bacterial cells into the external environment through the induction of efflux pumps (Sayqal et al., 

2016). 

This present study aims to assess the phenotype and metabolic response of K. oxytoca to 

antimicrobial challenge using two different techniques, FT-IR spectroscopy and GC-MS, as a 

metabolic fingerprinting and untargeted metabolic profiling approaches, respectively. The effects 
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of ciprofloxacin on K. oxytoca at the metabolomics level were investigated in order to gain a 

deeper understanding of the metabolic changes observed in susceptible and resistant K. oxytoca 

isolates when exposed to ciprofloxacin. The hypothesis is that non-targeted metabolite profiles 

will identify biomarker profiles distinctive of AMR between K. oxytoca isolates and the identified 

metabolites provided sufficient information to determine the key pathways contributing to this 

discrimination.  

 

4.3 Materials and Methods:  

4.3.1 Bacterial isolates and growth condition 

In this study, six K. oxytoca clinical isolates (Table S4.1) were obtained from children diagnosed 

with invasive bacterial infection and surveillance within the microbiology laboratory at Alder Hey 

NHS Foundation Trust, Liverpool, England. Bacterial samples were kept as 40% glycerol stocks 

at -80 ÁC before being used. Samples were streaked on brain heart infusion (BHI) agar and 

incubated over night at 37 ÁC three times to ensure the purity of stocks and availability of axenic 

colonies for subsequent experiments. Microbial inoculations were prepared from overnight 

cultures of colonies grown on BHI agar plates.  

 

4.3.2 Determination of ciprofloxacin minimum inhibitory concentration (MIC) 

Bacterial samples were inoculated in fresh BHI broth containing different concentrations of 

ciprofloxacin and their growth profiles were assessed by monitoring the optical density at 600 nm 

(OD600) using a T Bioscreen C spectrophotometer (Oy Growth Curves Ab Ltd., Finland). The full 

procedure is described in Supplementary Information. 

 

4.3.3 FT-IR spectroscopy 

4.3.3.1 Sample preparation 

Following the incubation period, samples were centrifuged at 4 ÁC for 4 min at 5000 g using a 

benchtop Eppendorf microcentrifuge 5424R (Eppendorf Ltd., Cambridge, UK). The supernatant 

was discarded, and the biomass was washed by resuspending it in 1 mL of sterile physiological 

saline 0.9% NaCl solution, followed by another centrifugation step to eliminate any residues from 

the media. Finally, the bacterial concentration was adjusted to an OD600nm of 20. There were three 

biological replicates per condition collected over three days. 

A Bruker 96-well silicon sampling plate was cleaned by soaking it in 5% sodium dodecyl sulfate 

(SDS) overnight, followed by multiple washing steps using 70% ethanol and finally rinsed with 
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deionised water. Samples were prepared by spotting 20 ÕL aliquots (randomly located on the plate) 

of normalised bacterial slurry onto a clean plate followed by incubation to dryness at 42 ÁC for 45 

min in a standard oven.  

 

4.3.3.2 FT-IR instrument setup 

The FT-IR bacterial spectra were collected in absorbance mode using a Bruker Invenio infrared 

spectrometer (equipped with HTS-XT motorised microplate reader) as described in (Winder et al., 

2006). The spectra were acquired in the mid-infrared range between 4000-400 cm-1 range, with 64 

scan co-adds at a 4 cm-1 resolution (Muhamadali et al., 2015). Prior to each sample measurement, 

background spectra of the silicon substrate (position A1) were obtained. A total of 12 FT-IR spectra 

from each bacterial isolate were collected, comprising three biological and four analytical 

replicates (four readings from different non-overlapping parts of the same bacterial spot). 

 

4.3.3.3 FT-IR data analysis 

All spectra were collected using OPUS software and subjected to pre-processing and multivariate 

analysis in MATLAB version R2020b (The Mathworks Inc., Natwick, USA). The extended 

multiplicative signal correction (EMSC) algorithm scaled the spectra, as proposed by Martens et 

al. (Martens et al., 2003). After scaling, the spectral region associated with CO2 vibrations (2400-

2275Σ and 680-660 cm-1) was replaced with a linear trend.  

Following pre-processing, Principal Component Analysis (PCA) and Principal component- 

Discriminant function Analysis (PC-DFA) were conducted on the processed spectral data. These 

statistical techniques are commonly used in FT-IR spectroscopy for data exploration, pattern 

recognition, and classification. PCA condensed spectral data into uncorrelated principal 

components, capturing significant dataset variation. These components were then used as input 

for the PC-DFA to minimise within-class variance and maximise between-class variance for 

discrimination among different sample groups. 

 

4.3.4 GC-MS analysis 

4.3.4.1 Quenching and extraction of intracellular metabolites: 

BHI broth (50 mL) was inoculated with a single colony using a 10 ɛL inoculation loop from strains 

streaked on BHI agar. There were six biological replicates per condition collected over three days. 

The samples were then incubated at 37 ÁC with 200 rpm shaking for 18 h. Next, the cultures grown 
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overnight were mixed with fresh BHI broth and the bacterial density was adjusted to an OD600 of 

0.1 using a 6705 UV/Vis spectrophotometer (Jenway, UK). The inoculated cultures (with a total 

volume of culture was 17 mL) was then incubated at 37 ÁC with shaking at 200 rpm for 1 h.  The 

samples were then exposed to various concentrations of ciprofloxacin (0.3 and 2.0 mg/L) after 1 

h into the exponential growth phase. During the mid-exponential phase, which occurred 1 h after 

antibiotic exposure, 1 mL of culture from each Falcon tube was collected for OD measurement to 

normalise samples at the final stage of extraction. Another 1 mL of the culture was also taken for 

the FT-IR analysis. Simultaneously, the rest of the culture solution (15 mL) from each Falcon tube 

was collected and added to a double volume (30 mL) of 60% cold methanol (-48 ÜC previously 

chilled) and mixed rapidly. This process will quench internal cellular processes without releasing 

metabolites into the cell medium (Winder et al., 2008). The quenched culture was centrifuged at 

4800 g and -8 ÜC for 10 min to collect the cellular mass and the rest was promptly discarded. The 

pellet was further centrifuged for 5 min to remove any remaining supernatant. The cell pellets and 

collected supernatants were stored at -80 ÜC for metabolite extraction and further analysis. 

 

The extraction process involved using methanol as the solvent and liquid nitrogen. The quenched 

bacterial pellets were suspended in 500 ÕL of 80% methanol (-48 ÜC) and then transferred to 2 mL 

tubes. An additional 500 ÕL of 80% methanol (-48 ÜC) was used to wash the original tube to ensure 

full recovery of the bacterial biomass, and combined with the initial suspension. The resulting 

mixture was thawed on wet ice, followed by thorough vortexing. After one minute of quick 

freezing in liquid nitrogen and thawing on wet ice, the samples were vigorously vortexed for about 

30 s. To enhance the extraction of metabolites from within the cells, a cycle consisting of freeze-

thaw and vortex steps was repeated twice more (three freeze-thaw cycles in total). Then, the 

suspensions were centrifuged for 5 min at -9 ÜC and a speed of 13000 g; subsequently, the 

supernatants obtained were transferred to clean tubes and kept on wet ice. All extracts were then 

normalised according to their initial OD600nm using 80% methanol. Pooled quality control (QC) 

samples were also prepared by combining 120 ÕL from each sample and mixing thoroughly. The 

QC mix was then divided into three QC samples, each containing 780 ÕL of the QC mix (Dunn et 

al., 2011). For GC-MS analysis, 100 ÕL of internal standard solution (0.16 mg/mL of succinic-d4 

acid, 0.16 mg/mL lysine d4 and 0.16 mg/mL glycine-d5 in MS grade water) was spiked to all 

extracts (samples). All samples were dried for 14 h using a speed vacuum concentrator operated 

at 35 ÜC (Eppendorf 5301 concentrator, Eppendorf, Cambridge, UK).  
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4.3.4.2 Derivatisation 

A two-stage chemical derivatisation process was used, as many classes of metabolites in central 

metabolism are polar and not volatile. Initially, carbonyl groups were replaced through a 

methoxyamination reaction followed by a silylation reaction. To eliminate any remaining water 

condensation, samples stored at -80 ÜC were subjected to a speed vacuum concentrator for 

approximately 90 min. Subsequently, the dried extracts were dissolved in 50 ÕL of 20 mg/mL O-

methoxylamine hydrochloride in pyridine. They were then vortexed and incubated at 60 ÜC for 30 

min using a dry-block heater. Next, 50 ɛL of N-Methyl-N-(trimethylsilyl) trifluoroacetamide 

MSTFA was added to the extracts which were mixed again and incubated at 60 ÜC for another 

half-hour period. Following this step, retention index (RI) solution comprising docosane, 

nonadecane, decane, dodecane, and pentadecane (0.3 mg/mL of each in pyridine) was introduced 

before centrifugation at 15800 g for 15 min. The resulting supernatant (120 ɛL) was transferred to 

2 mL amber glass GC-MS vials fitted with inserts for GC-MS analysis. 

 

4.3.4.3 GC-MS setup and data pre-processing 

GC-MS data acquisition and analysis parameters: 

 GC-MS analysis was conducted using an Agilent 8890 GC instrument equipped with an HP-5MS 

UI capillary column (30 m x 0.25 mm) in conjunction with an Agilent 7250 GC/Q-TOF and a PAL 

RTC 120 injector from CTC Analytics. The experimental parameters included a 1 ÕL injection 

volume, carrier gas at a flow rate of 1 mLĀmin-1 helium with a split ratio of 30:1, an injector 

temperature set to 280 ÁC, and an oven temperature program starting at 70 ÁC (maintained for 4 

min), then increasing at the rate of 20ÁCĀmin-1 until reaching 300 ÁC (maintained for another 4 

min). The overall analysis time of the GC-MS was 19.5 min. The mass spectrum data were 

collected for the range of 40ï600 m/z (scan mode) with an acquisition rate of 10 spectra/s and an 

acquisition time of 100 ms/spectrum. The MS was fitted with an electron ionisation source that 

was set to 70 eV and a constant emission of 5, along with other specified parameters such as scan 

speed, source temperature and transfer line temperature. GC-MS chromatograms were acquired 

using MassHunter software (Agilent). 

Prior to GC-MS pooled QC samples (n = 8) were used to condition the column.  These QCs were 

also run regularly through the analysis as were system blanks which were used for post-acquisition 

quality control purposes. 
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 Following the GC-MS analysis, the data were initially converted to mzXML using Proteowizard 

software, an MS conversion tool commonly used for converting MS files. Subsequently, these data 

were subjected to deconvolution processing using MS-DIAL version 4.93, which is a widespread 

software tool and was launched as a universal program for chromatographic deconvolution of 

untargeted metabolomics data generated through high-resolution mass spectrometry. The software 

supports various instruments including GC-MS, as described by (Tsugawa et al., 2015). The 

deconvolution process involved peak picking, alignment, and area normalization, which were 

performed using an internal standard (glycine-d5) and pooled QC samples as references. 

Furthermore, prior to performing statistical analysis, quality control samples were utilised to 

ensure data integrity by assessing and eliminating mass features exhibiting significant deviation 

within QC samples (Wedge et al., 2011). Typically, in non-targeted metabolomics, the relative 

standard deviation %RSD is calculated to address variations within QC samples, and values up to 

25% RSD are considered acceptable. Values with an RSD greater than 25% were deemed 

unsuitable as features and consequently eliminated from all samples. 

 

4.3.4.4 Data Processing and Statistical Analysis 

MATLAB version R2020b (The Mathworks Inc., Natwick, USA) was utilised for the analysis of 

all acquired data. Following the deconvolution and QC filtering of the GC-MS, PCA and PC-DFA 

were conducted on the processed data using MATLAB and compared with FT-IR results. These 

statistical methods are commonly used for data exploration, pattern recognition, and classification. 

Simultaneously, the data were submitted to the MetaboAnalyst software to perform data pre-

processing (were log10 transform and Pareto-scaled), multivariate analysis and pathway analysis. 

The initial dataset comprised 176 features. Following the implementation of a QC filter predicted 

on the RSD, the number of detected features was reduced to 137. As a result, a total of 137 features 

were used for further statistical analysis, and among them, 40 metabolites (30 as Level 2 based on 

the metabolomics standards initiative MSI and 10 as unknown) were observed, which significantly 

differed between susceptible and resistant bacteria. The MSI levels provide a standardised 

classification to describe the confidence in metabolite identifications (Sumner et al., 2007). 

4.4 Results and discussions:  

4.4.1 Determination of the minimal inhibitory concentration (MIC) of ciprofloxacin in six 

isolates of K. oxytoca 

All six isolates were challenged with varying concentrations of ciprofloxacin hydrochloride 

(ranging from 0.001 to 256 mg/L) in order to obtain their MIC based on growth profiles assessed 
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Figure 4.1. Typical growth curves of the six K. oxytoca isolates exhibiting different susceptibilities 

to ciprofloxacin at three different concentrations. A) Resistant isolates, B) Susceptible isolates. 

These curves are the means of the five replicates analysed. In (A) Error bars represent the standard 

deviation of five replicates of the first isolate (VS0114), which was reproducible and representative 

for the other isolates. 

by monitoring OD600nm. VS0114 and VS0859 isolates showed no growth inhibition even at the 

higher concentrations (Figure S4.1A), therefore being classified as resistant strains. By contrast, 

the four remaining isolates (VS1520, VS1617, VS1669 and VS2210) exhibited MIC values 

ranging between 0.1 and 0.5 mg/L (Figure S4.1B), therefore being classified as susceptible. MIC 

values obtained for each strain are summarised in Table S4.1.  

4.4.2 Growth profiles of K. oxytoca strains upon exposure to different concentrations of 

ciprofloxacin at mid-exponential phase 

In order to evaluate the impacts of ciprofloxacin on bacteria, samples were challenged with 

varying concentrations of 0.01, 0.3, and 2.0 mg/L to represent levels below, within, and above the 

MIC range, respectively. The growth profiles of all six K. oxytoca isolates in this study were 

monitored in BHI broth medium.  
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Figure 4.2. PC-DFA scores plot generated from the first 5 PCs (TEV=92.78%) showing the relationships of the six 

isolates of K. oxytoca challenged with three different concentration of ciprofloxacin. The untreated group is 

represented by circles, while various symbols refer to different ciprofloxacin concentrations (details provided within 

the Figure). 

According to Figure 4.1, no adverse effects on growth patterns were observed within the first two 

hours of growth (one hour after exposure) for all strains exposed to all three concentrations. This 

was as expected as the cells were challenged with ciprofloxacin after 1h of growth in BHI broth, 

allowing the cell to continue their growth into the start of the exponential phase. At our designated 

sampling time of 120 min, there was no noteworthy distinction in the growth rate between the 

control group and the group exposed to ciprofloxacin, and ŀll susceptible and resistant isolates 

exhibited comparable growth rates and final biomass yields when exposed to ciprofloxacin within 

the first 2 h of incubation, making it visually difficult to distinguish between them. The experiment 

was intentionally designed this way to allow sufficient biomass formation before exposure to 

antibiotics and to minimise cell lysis and metabolite leakage. However, following this initial 

period, the growth of susceptible strains was effectively inhibited at 2.0 mg/L, allowing for 

differentiation from resistant isolates.  

 

4.4.3 FT-IR spectroscopy of collected k. oxytoca biomass samples based metabolic 

fingerprinting 

Here, we evaluated the ability of FT-IR spectroscopy to discriminate susceptible and resistant 

isolates and assess the effects of different concentrations of ciprofloxacin as an antimicrobial 

agent. FT-IR spectral data were subjected to PCA, followed by PC-DFA and the clustering patterns 

were assessed.  

 

 

 

 

 

 

 

 

 


