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Abstract

Background: The gastrointestinal tract microbiome has significant functional
roles in maintaining host health, maintained through a delicate balance.
Disruptions to this balance may lead to diseases such as antibiotic-associated
diarrhoea and Clostridioides difficile infection. Taxonomic analyses can only
partially explain this dysbiotic states due to the inter-individual microbiome
variability. Functional and metabolic analyses may provide more a unified
description of the microbiome and dysbiosis.

Aims: ldentify bacterial markers of antibiotic induced dysbiosis utilising in-vitro

gut models.

Methods: In-vitro gut models (Leeds Human Gut Model, MiGut) were used to
simulate antibiotic-induced dysbiosis using three clinically reflective broad
spectrum antibiotic dosing regimens (Amoxicillin, Ciprofloxacin,
Piperacillin/Tazobactam). Gut models were challenged with two pathogens
(Clostridioides difficile (027), KPC-positive Klebsiella pneumoniae) to
demonstrate post-antibiotic functional dysbiosis. Shotgun metagenomic analysis
was used to taxonomically and functionally profile the microbiome. Liquid
Chromatography-Mass Spectrometry was used to identify metabolic markers of

dysbiosis.

Results: Cultural analysis: Antibiotic instillation resulted in wide scale
disruptions to the microbiome coinciding with antibiotic therapy. This resolved
post-antibiotic instillation with monitored taxa returning to similar abundance
and composition pre-antibiotic instillation. However, functional dysbiosis was
demonstrated by the colonisation and proliferation of Clostridioides difficile and

Klebsiella pneumoniae within the models.

Metagenomic analysis: Reductions in species diversity and a loss of key genera
was associated with short chain fatty acid (SCFA) production. KEGG pathway
analysis identified changes in abundance to pathways associated with SCFA
metabolism for acetate, propanoate and butyrate. SCFA producers
Faecalibacterium and Coprococcus were reduced in abundance following

antibiotic instillation.

Metabolomic analysis: Reduced SCFA levels within the metabolome coincided

with antibiotic instillation that persisted beyond recovery of key microbial
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genera. Putative Metabolic Markers; Butyrate, Valerate, Lactate, 2-
Hydroxyglutarate, 2-Oxoglutarate. Acetate and Propanoate.

Conclusions: A putative panel of nine biomarkers of dysbiosis, consisting of 2
taxonomic species and 7 metabolites, were identified. In vitro models are

effective tools to screen for marker of antibiotic induced dysbiosis.



Vi

Table of Contents

IPR SEAtEMENT ... [

ACKNOWIEAGEMENTS ... ii

ADSTIACT ... v

TabIE Of CONTENTS...uuiiiiiiiiiiiiiiiiiii bbb araneane Vi

TabIE Of FIQUIES ... xii

Table of TabIleS ... XVi

List of Abbreviations ..., XViii

Chapter 1 INtrodUCTION ......cooiiiiiiiiiiiiieeeeeee e 1

1.1 COMPOSITION ... 4

1.2 Metabolic FUNCLON.......coooiiie e 6

1.2.1 Non-digestible polysaccharides ...........ccccoooeiiiii, 6

1.2.2 LIPIAS e 8

L1.2.3 VIEAIMINS . 9

1.2 4 BIl@ ACIAS ..ceveeeeiiiie e ettt aeaae 9

1.3 Colonisation RESISIANCE ........coivieeiiiiieiiiiiee e 11

1.3.1 Direct colonisation ReSIStanCe...........ccceeeeeieeeeiiiieeeeeeeeeeeeee 11

1.3.1.2 Antimicrobial INhibItioN ... 12

1.3.1.3 Inhibitory Metabolites..............uuuuiiiiiiiiiiiiiiiiiiiiiiiiiiiiies 13

1.3.1.4 Type VI Secretion SYStemS.........ccccvvvviiiiiieeeeeeieiicieee e, 13

1.3.2 Indirect Colonisation ReSIStancCe...........cccooeeeevivieiiiiiiinieeeeeeeeeens 14

1.3.2.1 Immune System ConditioNiNg ............eeueuevmmemmmemeniiiiiininnnnns 14

1.3.2.2 Microbial Modification of Host-Derived Compounds......... 15

1.4 DYSDIOSIS ..o 16

1.4.1 Age-Related Microbial Decline............cccooeeeiiiiii 16

1.4.2 Antibiotic-induced dysbiOSIS............ccuviiiiiiiiieii e 18
1.4.2.1 Factors Influencing Antibiotics impact on the Gut

MICIODIOME ... 19

1.4.2.2 . Effect of prophylactic Antibiotics on the gut microbiome.20

1.4.3 Clostridioides difficile infection............cccoovieiieiiiiiiiiiii e, 21
1.4.3.1 CDI RECUITENCE ...cceviiieeeeeiie ettt eeaans 22
1.4.4 Colonisation by Multidrug-resistant Organisms............cc..c........ 22
1.4.5 Recovery from DYSDIOSIS .......ccoooeeiiiieiiee 24
1.4.5.1 Microbiome therapeutiCS.............uuuuuuiiimiiiiiiiiiiiiiiiiiiiiiiieanns 25

1.5 Identifying dyYSDIOSIS.......ociiiiiiiiiceii e 26



vii

1.5.1 Biomarkers of DYSDIOSIS .......ccooviiiiiiiiiiii e, 26
1.6 Approaches to identifying markers of dysbioSiS ..........ccccvvvviviiiennnnnn. 29
1.6.1 MELA-OMICS ..ceeeeeeeee et 29
1.6.2 In-vitro Model SYStEmMS .......coooiiiiiiiice e 33
1.6.2.1 Batch Fermentation models............cceeeiiiiiiiiiiiiiiiiiiieeee, 33
1.6.2.2 Continuous single-stage models............cccevevvvviiiiiiineeeenn, 33
1.6.2.3 Continuous multi-stage models.............cccceeeieeii, 34
1.7 ThESIS OULIING ... 36
1.8 THESIS AIMS .ot 37
Chapter 2 Metabolomic Methods Development ..........ccccccvvviiiiiiiiininnnnnne 38
P28 R 1 {0 T 3 Tox 1 o o SRR 38
2.2 Chapter AIMS ... e e e e e e e e e eeaanes 40
2.3 Experimental OULING .............uuuiiiiiiiiiiiiiiiiiiiiiiaeee 41
2.3.1 High-Performance Liquid Chromatography, Sample Fractionation
41
2.3.2 Full Scan and Deep-Scan Experiments .........ccccccvvvvveeiieeeneennn. 42
2.3. 2.1 FUIl SCAN ...uuiiii e e e 44
2.3.2.2 DEEP SCAN ...ttt 45
2.4 SAMPIE PrOCESSING ...vvvvviriiiiiiiiiiiiiiiiiiiiiiibibebiiiiebbbbbbebebaee e eeeeeneeaaenees 47
2.4.1 Ethical approval ... 48
2.4.2 Solvent-Based Metabolite Extraction ..........cccccccvvvvviiiiiiiiinnnnnn. 49
2.4.3 Comparative Analysis of Faecal Sample Processing Methods:
Bead-Beating vs. Manual Extraction ...................cceeevvvvvinnnnnn. 50
2.4.4 Comparative Evaluation of Extraction Solvents for Faecal and In-
Vitro model SamPpPles............uuuiiiiiiiiiiiiii s 53
2.5 LCOMS PAra@metEIS .....ceeiieieeeeiiiie ettt eeeaaens 55
2.5.1 High-Performance Liquid Chromatography...........ccccceevvvvvinnnnnn. 55
2.5.1.1 C18 ChemSItry ....cooeeeeieeeeeeeeeeeeeeeee e 57
2.5.2 MASS SPECIIOMELIY .....uuiiiieeeieeieieiiee e 61
2.6 Data Processing and ANalySiS .........uooviiiiiiiiiiiiiiiee e 62
2.6. 1 INPUL. e 62
2.6.2 SPECLrUM ProCESSING ....cciitiiiiiiiiiiiiiiiiiiieieeeeeeeeeeeeee et 63
2.6.3 Compound Detection and QC..........cooovvviiiiiiiiiiiiiecei e, 63
2.6.4 Compound 1dentification ...........ccoovviiiiiiiiiiiiiiiiiieeeeeeeeeee 64
2.7 LCMS Deep Scan Experiments: Determining Optimal Coverage .....65
2.8 Local Library Development — Processing and Annotation................. 68

2.9 Metabolite Identification LIimitations ......cooevevieiieieee e, 70



viii

2.9.1 Impact of Polarity on Compound Recovery............cccceeeeevvvnnnnnn. 70
2.9.2 Compound Classes Associate by Retention Time..................... 72
2.9.3 Compound Annotation Confidence ..........ccccccvviiiieeeeeeecieiinnnnnn. 73

P2 O I 1T o] U 1S3 [0 o S 76
2.1 SUMIMATY ..ttt e et e e e et e e e e eeba e e e eeeaaa e aaeees 82
Chapter 3 GUE MOEl.........uuiiii i e 83
G 700 R 111 o o [FTox 1o o S 83
3.2 Experimental DeSIgN.........ccouiviiiiiiiiiiiiiiiiiieeeeeeeeeeeeee e 84
3.3 MEthOAS ... 85
3.3.1 IN-VItro MOAEIS .....coeiiiiiiiiee e 85
3.3.1.1 Ethical approval ..., 85
3.3.1.2 Leeds Human Gut Model ..., 86

.3 LB MIGUL . 91

3.3.2 Bacterial Culture & Enumeration.............ccooeeeeeieeiieeeeeeeeeee 92
3.3.2.1 MALDI-TOF Identification of Cultured Strains................... 94

3.3.3 Antibiotic INStlAtioN .........cooeeeiiiieii e 95
3.3.3.1 Antibiotic Dosage & Schedule ..........ccccovvveiiiiiiiiiiiiiieeeen, 95

3.3.4 Pathogen Challenge ............ccoovviiiiiiiiiieeeceeeeee e, 96
3.3.5 Cell Cytotoxicity Neutralisation ASSay...........ccvvviiiieeeereeeeerennnnnns 96
3.3.5.1 Vero Cell Preparation ..o 97
3.3.5.2 CCNA Assay ProtoCOl...........ccccovvvviiiiiiiiieeeeeeeeeee e 98

3.3.6 Metagenomic and Metabolomic Sample Collection ................ 101
G =S | 101
3.4.1 Impacts of Antimicrobials on the Gut Microbiome.................... 101
3.4.1.1 Facultative ANGerobesS ..........ccovvviiiiiiiiiie e 101
3.4.1.2 . Obligate Anaerobes...........cccoeeeiiii 105
3.4.1.3 Predominant Species Diversity Estimates (MALDI-TOF)107

3.4.2 Antimicrobials and Colonisation Resistance ...............ccccceee... 110
3.4.2.1 Clostridioides diffiCile ...........ccoevvrriiiiiiiiee e 110
3.4.2.2 Klebsiella pneumoniae..........ccccoeeeeveeiiiiieeiiii e, 111

G 00 I 1Yo 1 11 Lo o 112
3.1.1 Establishing Baseline Microbiome ..............cccoeveeiiiiie, 113
3.1.2 Impacts of Antimicrobials on the Gut Microbiome.................... 114
.13 RECOVEIY ..ttt ettt e e e eeenes 116
3.1.4 Pathogen EXpansion..........ccoooovioiiiiie 118

G JZ ST [ ] 1 4=V 119



iX

Chapter 4 Metagenomic investigation of the In-vitro Intestinal

MICIODIOME. (i 120
v 00 I | Vi Yo 18 o 1 o] o R 120
4.2 Chapter AIMS ... 121
4.3 Experimental OULINE.............uuiuiiiiiiiiiiiiiii e 122
TV = Voo £ 124
4.4.1 DNA EXIraCtioN .....cooeeeeiiiiiiiiiiiieee e 124
4.4.2 BioinformatiCS SOftWAre ..........ccoovviiiiiiiiiiii e 124
G Y=Y [V L= g od o Vo 126
4.4.3.1 MetagenomiC CONMIOIS ...........uuuuuurmrmiiiiiiiiiiiiiiiiiiiiiiiiiiinees 126
4.4.3.2 Library preparation...................eeeeeeeeeeemememeeiineinnneneneeenns 126
4.4.4 Preparing Paired End Reads for MEGAN ...........cccccceeeeeenn. 127
4.4.4.1 DIAMOND alignment COmpariSON ..............uvveeeeemnenennnnnnns 129
4.4.5 Microbiome Data Processing and Statistical Analysis............. 130
4.4.5.1 Distance Matrix Computation Methods ..............cc...oueee.. 130
4.4.5.2 Genus OrdiNatioN..........ouevuuuuiiiiee e 130
4.4.5.3 Differential abundance analysis............cccccvvvvieiiiiinninnnns 130
4.5 RESUIES ...uuuiiiiiiiiiiiiiiiiiiii bbb aanne 131
4.5.1 TaXoNOMIC @NAIYSIS .......uuuuumuriiiiiiiiiiiiiiiiiiiiiiiiiiiiieeeeeeeeeeaees 131
4.5.1.1 Microbiome Compositional Shifts as a Result of
Antimicrobial Instillation .............cccoeeeii 131
4.5.1.2 Identifying Minority GENEra ...............eeeeevueeiimmeeniniiininnnnnns 135
4.5.1.3 Antibiotic Impact on Microbiome Diversity ...................... 137
4.5.1.4 Differential Abundance Analysis .........ccccceeeeeeeeeieeeiiinnnnnn. 142
4.5.1.5 Species Diversity Across Experimental Phases.............. 144

4.5.1.6 Impact of Antibiotic Instillation on Species Diversity in Highly
DIVEISE GENEIA ....vvviiiiieeiiiiiiiiiiiee e 146

4.5.2 Metagenomic Functional Profiling of the intestinal microbiome150

4.5.2.1 KEGG PathWay.........ccoviviiiiiiiieie e 151

4.6 DISCUSSION ...eeiiiiiiiiiie e e e e e ettt e e e e e ettt s e e e e e e e eeatbaa e e e e e eeeaeeees 160
4.6.1 Steady state MICrobIOME .............uuuuuiimiiiiiiiiiiiiiiiiiiaes 160
4.6.2 Impacts of Antimicrobials on the Intestinal Microbiome. ......... 161
4.6.2.1 Compositional ShiftS..........cc.cooviiiiiiiii 161
I A 1Y €] | Y 162
4.6.2.3 Functional Analysis of the Metagenome ................cc....... 167

L e oYU 01 0 1= U PPN 173



Chapter 5 MetabolOmMICS .....ooooiiiiiii e 174
5.1 BACKGIOUNG.....cciiiiiiiiiiiiiiiiiieeieee et 174
A O ¢ =T 1 (=] g AN [ 175
5.3 Experimental OUtliNg ... 175
oY |V 1] 1 T Lo £ 178

5.4.1 Sample Collection and ProCessing ..........cccecevvevvvvvviiiiieeeereennnns 178
542 LCMS ANAIYSIS ...cooieieeeeeeeeeeeee e 178
5.4.2.1 High-Performance Liquid Chromatography ................... 178
5.4.2.2 MasS SPECITOMEIIY .....ivvvniiiiiieeiii e 179
5.4.2.3 Data ProCeSSING ....ccooeeiieeeeeeeeeeee e 179
5.4.2.4 Statistics and ANalySiS ..o 180

5.5 RESUIS...coiiiiiiieeeeeee 181
5.5.1 Overview of Compound Features Detected by LCMS ............ 181
5.5.2 Compositional Alterations to the In-Vitro Metabolome............. 182

5.5.2.1 Compositional Alterations Detected by Negative LCMS.183
5.5.2.2 Compositional Alterations Detected by Positive LCMS...184

5.5.2.3 Comparing the Resolution of Metabolomic Differences:
PERMANOVA Analysis of Positive and Negative

[0NISALION MOUES ....evviiiieee e 185

5.5.3 Antibiotic-Induced Alterations in Short-Chain Fatty Acid
PathWays .....ccoooeiiiiieie e e 185
5.5.3.1 Acetate & Propanoate............ccccvevviviiiiiiieeeiieeiiee e 186
5.5.3.2 LACIALE ... i 186
5.5.3. 3 BULYIALE ..vieiiee e 190
5.5.3.4 Associated Changes in Butyrate Metabolism ................. 193
5.5.3.5ValErate .....ovvuiiiieeieeeeece e 203
I B o U] o] o PP 207
5.6.1 Variations to the Microbiome ............ccccovvieiiiiiiiiiiiiiiie e, 209
5.6.1.1 Negative NMDS analysSiS ..........ccooeeeiieieiiiiieeeeeeeeeeeeeee 209
5.6.1.2 Positive NMDS analysSiS..........ccoveeviiiiiieiiiiiieeceeiee e, 212
5.6.2 Putative biomarkers of Antibiotic Induce dysbiosis ................. 213
5.6. 2.1 BULYTALE ..oevvviiiee et 213
5.6.3 SUMMAIY ...uiiiiiiiiiiie et e e e e e e e e e e eanneeenas 217
Chapter 6 CONCIUSIONS ......coooviiiiiiiiiee 219
6.1 Concluding remarkS .........oooeieiei i 219

6.1.1 Pipeline Development & Validation of LCMS..............cccccec. 220



Xi

6.1.2 Utility of Leeds HGM and MiGut Platform for In Vitro Biomarker

S Yox (1= 1 o P 221

6.1.3 Proposed Bacterial Markers. ..........ccccceevvvvviiiiiiii e, 221

6.1.4 LIMItAIONS.....ccoiiiiieiiiiiie e e e e e e e 223

6.1.5 FULUIE WOTK ... 225

BiDlOGraphy coueei e 227

Appendix A Supplementary Material: Metabolomic Methods

DeVElOPMENT ... 253

N I o (U1 o] 41T o S 253

A.2 Mass Spectrometry Metabolite Library of Standards...................... 253

Appendix B Supplementary Material: In-Vitro Gut Models................... 254

B.1 Bacterial Culture Media ..o, 254

B.1.1 Supplier Poured Media..........coooeeeieiiiei, 254

B.1.2 In-house Media Used for Bacterial Enumeration..................... 254

B.1.2.1 Formula for In-house Media ..............ccceeeeeiiiiiii, 254

B.1.2.2 Agar Base POWAEIS.........ccooooeeieiiieieeeeeeeeee e 256

B.1.2.3 Media Supplements & Antibiotics ..............oooeeeiiie. 257

B.1.3 AntiMicrobialS ........ccooeeiiiiii 258

B.2 Strains & Cell LINES ...ccceviiiiiiei e 258

B.2.1 Bacterial StrainNs ...........uuuiiiiiieeeiieeeiies e 258

B.2.2 EukaryotiC Cell INES ........ccooeiieiiiieecee e, 259

B.3 EQUIPMENT ... 259
Appendix C Supplementary Material: Metagenomic Data and Analysis

for In-vitro Intestinal Microbiome Investigation............................ 261

3.1 NGS Data Analysis and QC............uuuuurumimmmmiiiiiiiiiiiiiiiiiieeeeeeees 261

3.1.1 Raw Sequence General StatistiCs............cceevvieeeiivieiiiiiiiieeee, 261

Raw Sequence Mean Quality SCOre..........ccceeeveiieeiiiiiiiiiieeeeee, 262

G 200 2 I 410 11 o . F= U T 263

3.1.3 Paired-End Read Merger (PEAR) ..........uuuuiiiiiiiiiiiiiiiiiiiiiiiiinens 265

Appendix D Supplementary Material: Metabolomics............ccccceeeeee. 266

4.1 Log-Transformed Intensity Distributions in Negative and Positive
Modes (Steady State)..........ooviiiiiiiiiiiiiiiii e, 266



Xil
Table of Figures

Figure 1-1 Meta-omics Approaches Along the Central Dogma.............. 30

Figure 1-2 Thesis Structure: Method development, In-vitro modelling
and multi-omic approaches for exploring the intestinal microbiome

............................................................................................................. 36
Figure 2-1 Overview of LCMS Metabolomic workflow with Validation
StEPS fOr @NAIYSIS ..o 39
Figure 2-2 LCMS Experimental Outline for Full Scan and Deep Scan
EXPEITMENTS. ..ottt 42
Figure 2-3 Examples of some common positive and negative molecule
(M) @AAUCTS ... e e e e e e e e e e e e eeanes 43
Figure 2-4 MS processes during Full Scan LCMS experiments ............ 44

Figure 2-5 MS processes during Targeted Deep Scan LCMS
EXPEIMENTS oottt e e e e e e e e e e e e eaaas 46

Figure 2-6 Outline of Key Steps in the Extraction of Metabolites from
Faecal and In Vitro Samples ......cccoovieeiiiiiiiiiiii e, a7

Figure 2-7 Overview for Metabolite Extraction for Faecal and In Vitro
Gut Model SAMPIES ... 49

Figure 2-8 Comparison of Coefficient Variability in Bead Beaten and
manually processed Samples: Positive vs. Negative lonization ...53

Figure 2-9 PCoA Assessment of Solvent Effects on Metabolite Profiles

............................................................................................................. 54
Figure 2-10 Reverse Phase Chromatography, an overview. .................. 56
Figure 2-11 C18 Column Chain Chemistry .......ccccoeiiiiiiii, 57
Figure 2-12 Organic Phase (Solvent B) proportion in HPLC

Chromatographiy ... 59
Figure 2-13 Histogram of Compound Retention Times (minutes) of

Pooled Faecal Samples.......oooveiiiiii e 60
Figure 2-14 Compound Discoverer Untargeted Metabolomics data

Processing WOrKflOW. ..o 62
Figure 2-15 MS2 Spectra Distribution: Preferred lon Coverage vs DDA

Iteration, by lonization MOde ..........ccooviiiiiiiiii e 66
Figure 2-16 Spectral Library Annotations vs. DDA lteration: Negative

[0 Y 01 2= 11 o] o PRSP 67
Figure 2-17 Distribution of Compound Classes by Recovery Status in

GUTMLS and BACSMLS Libraries ......cccccccceeiiiieeeiieeeccie e 69
Figure 2-18 GUTMLS and BACSMLS libraries, XLogP vs Molecular

WEIGNT .. 71

Figure 2-19 Prominent Compound Classes Analysed by XLogP and
(S =T N A To ] T I 0 N 72



Xiii
Figure 2-20 Hierarchy of compound annotation in metabolomic
ANAIY SIS it —————————— 73
Figure 2-21 Compound annotations by highest level identification...... 74
Figure 2-22 Final LCMS Metabolomic Workflow for Untargeted Analysis

............................................................................................................. 76
Figure 3-1 Dysbiosis Model Timeline. ..........oooiiiiiiii e, 84
Figure 3-2 The Leeds human gut model (HGM) and configuration

OVEIVIBW .iiiiiiiiiieeeee ettt ettt ettt ettt ettt e e et et e e e e e e e e e e e eeeees 86
Figure 3-3 Details of the Migut platform and model.......................ooooo. 91
Figure 3-4 CCNA Vero Cell Seeding Layout .........ccccvvvvvieiiiiiiiiiiiiiiiiennn, 98
Figure 3-5 CCNA Assay variations for Detection and Quantification of C.

IffiCile TOXIN.coiiiiiiiiii e 99

Figure 3-6 Vero cells displaying Positive and Negative reactions ...... 100
Figure 3-7 Facultative Anaerobes: Leeds HGM Vessel 1 (Proximal)...102
Figure 3-8 Facultative Anaerobes: Leeds HGM Vessel 3 (Distal). ....... 103
Figure 3-9 Obligate Anaerobes: Leeds HGM Vessel 1 (Proximal). ...... 105
Figure 3.3-10 Obligate Anaerobes: Leeds HGM Vessel 3 (Distal)........ 106

Figure 3-11 Leeds HGM - Clostridioides difficile........cccccccvviiiiiiieennnnnn, 110
Figure 3-12 Leeds HGM - Detection of KPC positive K. pneumoniae
(yellow) and E. cOli (BIUE).....uiiiiiiiiiece e, 111
Figure 4-1 NMDS Ordination of 16s sequencing from Leeds HGM and
MIGUL PlatfOrmMS. e 123
Figure.4-2 Pre-processing pipelines considered for Metagenomic data
[T =T o F= U= 1 1o ] o [ USSP 128
Figure 4-3 Genus Level Compositional Changes in Vessel 1.............. 132
Figure 4-4 Genus Level Compositional Changes in Distal Colon........ 133
Figure 4-5 Genus Level Composition alterations, Vessel 1 vs Vessel 3
........................................................................................................... 134
Figure 4-6 Distribution of assigned reads across all samples at the
JENUS-IEVEI ..o e 136

Figure 4-7 Vessel 1 Shannon Diversity and Microbiome Composition
featuring 10 most abundant GenuUS.........cccceveeiiiiiiii i, 138

Figure 4-8 Vessel 3 Shannon Diversity and Microbiome Composition
featuring 10 most abundant GenuUS...........ccceeeieeeeieieeiiiiiie e 140

Figure 4-9 Comparison of Unique and Shared Species Counts Across
Proximal (vessel 1) and Distal (vessel 3) Regions at Steady State,
Post-Antibiotic Recovery, and Post-Pathogen Challenge............ 145

Figure 4-10 Heat map of species counts by genus across Leeds HGM
and MIGUL PlatformsS ... 149



Xiv

Figure 4-11 Distribution of Reads by Pathway Categories at Steady-

state for both Leeds HGM and MiGut platforms ...........cccccvvvnnnnnn. 150
Figure 4-12 Total Reads Assigned to Subpathways within KEGG
PatiWAYS ..o 151
Figure 4-13 Outline of major Short-chain Fatty acid production......... 152
Figure 4-14 Differentially Abundant Enzymes and Their Roles in
Butyrate MetaboliSm ... 155
Figure 4-15 Differentially Abundant Genes and Their Roles in
Propanoate MetaboliSm. ..........uuiiiiiiiiice e, 157
Figure 4-16 Differentially Abundant Genes and Their Roles in
Acetate/Pyruvate metabolisSm........cccccceeeiiiiiiiiiieecc e, 159
Figure 4-17 Total Assighed Reads at Steady State for Leeds HGM and
Y1 160
Figure 4-18 Glutarate Pathway for Butyrate Synthesis ....................... 168
Figure 5-1 Experimental Outline: Metabolomic investigation into
antibiotic-induced dysbioSiS ... 176
Figure 5-2 Experimental compound annotations by highest-level
IAENTITICALION e 182
Figure 5-3 NMDS Analysis of Metabolome Changes Detected in
Negative 1onisation MOAE ..........ciiiiieiiiiiiice e, 183

Figure 5-4 NMDS Analysis of Metabolome Changes Detected in Positive
[ONISALION MOUE ... 184

Figure 5-5 Extracted lon Chromatogram (XIC) for Compound Identified
as Lactate (m/z 88.05246) In Negative lonisation.............cccc.uueee.. 187

Figure 5-6 MS? Coverage from DDA Experiment with Matched
Fragments via FISh Scoring for Lactate. Showing matched peaks

and their associated fragments.........cccccooieeiiiiiiiiiii e, 187
Figure 5-7 Lactate Abundance Across Experimental Stage ................ 188
Figure 5-8 Lactate Abundance Across Experimental Stage and Model

REPICALES ... e 189
Figure 5-9 Extracted lon Chromatogram (XIC) for Compound Identified

as Butyrate (m/z 88.05246) In Negative lonisation........................ 190
Figure 5-10 Butyrate Abundance Across Experimental Stage ............ 191

Figure 5-11 Butyrate Abundance Across Experimental Stage and Model
REPIICALES ... e 192

Figure 5-12 Extracted lon Chromatogram (XIC) for Compound Identified
as 2-Hydroxyglutarate (m/z 148.03714) In Negative lonisation....193

Figure 5-13 MS2 Coverage from DDA Experiment with Matched
Fragments via FISh Scoring for 2-Hydroxyglutarate.................... 194

Figure 5-14 2-Hydroxyglutarate Abundance Across Experimental Stage



XV

Figure 5-15 2-Hydroxyglutarate Abundance Across Experimental Stage

and Model RePliCALES .......uuiiiie e 196
Figure 5-16 Extracted lon Chromatogram (XIC) for Compound Identified
as 2-Oxoglutarate (m/z 145.0143) In Negative lonisation ............. 198

Figure 5-17 2-Oxoglutarate MS2 Coverage from DDA Experiment with
Matched Fragments via FISh Scoring for 2-Oxoglutarate. ........... 199

Figure 5-18 2-Oxoglutarate Abundance Across Experimental Stage..200
Figure 5-19 2-Oxoglutarate Abundance Across Experimental Stage and

Model REPIICALES .....uiii e e 201
Figure 5-20 Extracted lon Chromatogram (XIC) for Compound Identified
as valerate (m/z 249.13569) In Negative lonisation ....................... 203
Figure 5-21 Valerate MS2 Coverage from DDA Experiment with Matched
Fragments via FISh Scoring for Valerate..............ccccoeeiei 204
Figure 5-22 Valerate Abundance Across Experimental Stage.............. 205
Figure 5-23 Valerate Abundance Across Experimental Stage and Model
REPIICALES. .. 206
Figure C-1 Raw Sample Mean Quality SCOres. ......cccccccvvviiiiiiiiiiiiniennnn. 262

Figure C-2 Proportion of Raw Sequences with lllumina Universal
Adapter Contamination prior to Trimming .........cccccccvvmmmemmnnnnnnnnnns 263

Figure D-1 Log-Transformed Intensity Distributions for Negative and
Positive ionisation modes (Steady State)..........cccvvvvviiiiiiiieeeeennnn, 266



XVi

Table of Tables

Table 1-1 Bacterial Taxa Frequently Observed in the Gut Microbiome...4

Table 3-1 Leeds HGM vessels and their respective conditions............. 88
Table 3-2 Leeds HGM Growth Media............ceiiiiiiiiiiiiiiiiiiieeeeeeeeeeinn, 89
Table 3-3 Key bacterial Strains and Culture Media...............ccceevvvvvvnnnnnn. 93
Table 3-4 Introduced Pathogens and Media for Culture...........ccccvvveeen. 93
Table 3-5 Quality Scores for MALDI-TOF Identification.............ccc.......... 94
Table 3-6 Antibiotics, Dosing Frequency and Leeds HGM Vessel 1 target

(oTo] Y od =] a1 1 =11 0] o ISP 95
Table 3-7 Vero Cell Growth Media .........ocoeuiviiiiiiiiiiiiic e, 97

Table 3-8 Predominant Bacterial species recovered by bacterial culture
by agar media type Leeds HGM Vessel 1 + Vessel 3 (MALDI-TOF)

Table 4-2 Queries Aligned in DIAMOND with Processing Pipelines....129
Table 4-3 Vessel 1 (Leeds HGM + MiGut) Differential Abundance Post-

ANTIDIOTIC RECOVEIY ..oiiiiiiiiiiiiiiiiiiiiiiii e 142
Table 4-4 Vessel 1 (Leeds HGM + MiGut) Abundance Post-Pathogen

INOCUIALION ooiiiiiiiiiiiiieii e 143
Table 4-5 Vessel 3 (Leeds HGM + MiGut) Differential Abundance Post-

ANtiDIOtIC RECOVEIY .ovveiiiiii e 143
Table 4-6 Vessel 3 (Leeds HGM + MiGut) Abundance Post-Pathogen

1o o] U1 = 1§ o o S 143

Table 4-7 Comparison of Species counts in Leeds HGM and MiGut
PILALFOIMIS Lo 144

Table 4-8 Differentially Abundant Genes Within Butyrate Metabolism153
Table 4-9 Differentially Abundant Genes Within Propanoate Metabolism

........................................................................................................... 156
Table 4-10 Differentially Abundant Genes Within Acetate/Pyruvate
MEtabOlISIM ... 158
Table 5-1 Key Metabolites Presented and Discussed in This Chapter,
Along with Their Protonated and Deprotonated Form ................. 186
Table 5-2 Differential Abundance of Lactate, P. Abx and P. Path vs SS
........................................................................................................... 189
Table 5-3 Differential Abundance of Butyrate, P. Abx and P. Path vs SS
........................................................................................................... 192

Table 5-4 Differential Abundance of 2-Hydroxyglutarate, P. Abx and P.
Path VS SS ..o e 197



Xvil

Table 5-5 Differential Abundance of 2-Oxoglutarate, P-Abx and P-Path

(ST T PP 202
Table 5-6 Differential Abundance of Valerate, P. Abx and P. Path vs SS

........................................................................................................... 206
Table 6-1 Putative Biomarkers ldentified in Antibiotic-Induced Gut

DY SDIOSIS .. 222
Table A-1 Equipment used for LCMS Workflow ..., 253
Table A-2 LCMS Consumables ... 253
Table A-3 Fridges and Fre@ZerS.......oouuuiiiiie e 253
Table A-4 MSMLS Used in Validation and Library Generation............. 253
Table B-1 Supplier Poured Media Used for Bacterial Enumeration.....254
Table B-2 Braziers CCEY + Lysozyme agar (CCEYL) .......covvvviicennnennn. 254
Table B-3 Braziers CCEY + Lysozyme, moxifloxacin, amphotericin B

and colistin agar (MXF) .....uiiiii e 255
Table B-4 Bacteroides Bile Aesculin agar (BBE) .........cccoovvvviiviiinnnnnnn. 255
Table B-5 NULIHENT @gar: ...coooooeeeeeeeeeeeeeeeeeeeeee e 255
Table B-6 Kanamycin Aesculin Azide, Nalidixic Acid, Aztreonam agar

(KA A e 255
Table B-7 BEEIENS @A ..ccoei e 256
Table B-8 LAMVAB ..., 256
Table B-9 Agar Powders used in In-House Media............ccocevvvvveenennnn. 256
Table B-10 Supplements Used in the Creation of In-house Mediat.....257
Table B-11 Antimicrobials Used for In-vitro Study ...........ccoeeeeeeeeeeenn. 258
Table B-12 Reference Bacterial Strains with Catalogue Numbers ...... 258
Table B-13 Eukaryotic Cell Lines Used for Cell Cytotoxicity

NeutraliSation ASSAYS. ....cocvevuuiiiiieieee e e e e e e e eeeanns 259
Table B-14 Anaerobic Workstation ..., 259
Table B-15 AerobiC CUltUIE .....coov e 259
Table B-16 CO2 CUITUIE.....eeeeiiii e 259
Table B-17 BalanCeS ....coooeeiiieeeeeeeeeeeeeeeeeeeee 259
Table B-18 Autoclave & Sterilisation Cycle........cocooiiii 259
Table B-19 In-Vitro Models (Leeds-HGM & MiGut) .........cooeeeeeeeeeeennnnnn. 260
Table B-20 Other EQUIPMENT.......cooiiiii e 260
Table C-1 General Statistics for NGS data for miGUT and Leeds........ 261
Table C-2 Trimmomatic Summary Data for Pair-End Trimming........... 264

Table C-3 Summary of Assembled Reads in Millions (M Seq) and
Percentage of Total Paired Reads..........ccccceevviieiiiiiviiiiiiie e 265



Xvili

List of Abbreviations

Antibiotic-associated diarrhoea

ADD

AMC Co-amoxyclav

AMX Amoxicillin

AWaRe Access, Watch, and Reserve
BACSMLS Bile Acid Carnitine Sterol Library
BBE Bacteroides Bile Esculin

BEER Beerens Agar

BSH Bile Salt Hydrolases

C18 Carbon-18

CARBA CHROMID CARBA SMART Agar
CAWG Chemical Analysis Working Group
CCNA Cell Cytotoxicity Neutralization Assay
CDI Clostridioides difficile infection

cdtA Clostridioides difficile binary toxin
CFU Colony-forming unit

ChEBI Chemical Entities of Biological Interest
Cl Confidence interval

CID Collision-induced fragmentation

CIP Ciprofloxacin

CMS Continuous multi-stage

CPE Carbapenemase-producing Enterobacteriaceae
CRC Colorectal cancer

CRO Ceftriaxone

cV Coefficient of variation

DDA

Data-dependent acquisition




XiX

DDD Defined daily doses

EDTA Ethylenediaminetetraacetic acid

ES Electrospray lonisation

EtOH Ethanol

EAA Fastidious Anaerobe agar

FISh Fragment lon Search

EMT Faecal microbiota transplantation

GC Gas Chromatography

GCMS Gas Chromatography Mass pectrometry
GE Germ-free

GMHI Gut Microbiome Health Index

GUTMLS Microbiome Metabolite Library of Standards
HBSS Hanks Balanced Salt solution

HCAI Healthcare Assocaited Infection

HGM Human Gut Model

HMDB Human Metabolome Database

HPLC High-Performance Liquid Chromatography
HSCT Haematopoietic stem cell transplant

DB Inflammatory bowel disease

KAA Kanamycin Aesculin Azide Agar

KEGG Kyoto Encyclopaedia of Genes and Genomes
KPC Klebsiella pneumoniae carbapenemase

LC Liquid Chromatography

LCA Lithocholic acid

LCMS Liquid Chromatography Mass Spectrometry
LE Lactose-fermenting




XX

Limit of detection

LOD

m/z Mass-to-charge ratio

MAC MacConkey

MALDI-TOF Matrix-assisted laser desorption/ionisation — Time of
Flight

MDI Microbial Dysbiosis Index

MDRO Multidrug-Resistrant Organisms

MeCN Acetonitrile

MeOH Methanol

MS Mass Spectrometry

MS2 Tandem mass spectrometry

MSI Metabolomics Standards Initiative

MXE Brazier's CCEY agar + Moxifloxacin

NGS Next-generation sequencing

NMDS Non-metric Multidimensional Scaling

NUT Nutrient Agar

PBS Phosphate-buffered saline

PCOA Principal Coordinates Analysis

PCR Polymerase Chain Reaction

PE Paired End

PERMANOVA Permutational Multivariate Analysis of Variance

PES Polyether sulfone

PUFA Polyunsaturated fatty acids

QC Quality control

RT Retention time

rtPCR

Real Time PCR




XXi

Relative units

RU

SCEA Short-chain fatty acids

SE Single End

SHIME Simulator of the Human Intestinal Microbial
Ecosystem

SPE Specific pathogen-free

T6SS Type VI secretion systems

tcdB Clostridioides difficile toxin B

TVC Total viable counts

TZP Piperacillin-Tazobactam

UDCA Ursodeoxycholic acid

VDR Vitamin D receptor

XIC

Extracted ion chromatograms







1

Chapter 1

Introduction

The human body is home to a thriving abundance of life; bacteria, archaea,
viruses and eukaryotes all reside within its diverse range of ecosystems. This is
known as the microbiome. As the human body has evolved, an intimate
symbiosis with the microbiome has developed. It is now becoming evident that
this relationship exists at a level where the human and microbial components
can no longer thrive in isolation, leading to the emergence of a holobiont. There
are distinct ecological niches that exist across the human body and reflect the
abundance of environmental ranges found within the surrounding world. The
largest and most complex of these exists in the nutrient-rich and densely
populated intestinal tract. Within the intestinal tract, the microbiota strives to
carve out an ecological niche that competes with endogenous and invading
microorganisms whilst contending with the immunological defences of the host
immune system. When successful, there exists a finely tuned balance between
the host and microbiome known as homeostasis. During homeostasis, the
microbiome and host exist in a mutually beneficial relationship, with each

contributing to the well-being of the other.

The arrival of next-generation sequencing (NGS) brought about a new era in
metagenomic studies, allowing for investigations of the microbiome beyond the
capabilities of traditional culture-based methods. The Human Microbiome
Project explored the microbiota of 252 healthy adults between the ages of 18
and 40, screening a total of 4,788 species (Human Microbiomes Project
Consortium, 2012) and the American Gut Project (McDonald, D. et al., 2018)
profiling 10,000 individuals from across the world were groundbreaking studies
which demonstrated the potential for the future. These advances in sequencing
technology, able to generate vast amounts of data, brought about a new
understanding of the diversity and complexity of the microbiome, with the

variations which exist between individuals and across the globe.

Collectively, the microbiome possesses a genome that far surpasses our own. It
is estimated that the genes contained by the intestinal microbiome alone is

approximately 150 times larger than that of the human genome (Qin et al.,
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2010). Many of these genes work in complement with our own providing
important metabolic functionality.

These large metagenomic studies have revealed that even between healthy
individuals, there is a significant degree of microbiome compositional variability.
In addition to individual variations, the microbiome has undergone significant
shifts as human behaviour and lifestyles have changed, evidenced by shifts in
composition as populations move from non-industrial to industrial societies
(Keohane et al., 2020).

The compositional changes occurring between non-industrial and industrial
societies highlight the impacts that human behaviour, the environment, and
medical interventions can have in shaping the microbiome. Potentially, the
greatest impact documented as shaping the microbiome comes through the use
of antibiotics. Antibiotics have transformed the landscape of disease treatment.
Despite their benefits, the use of antibiotics is not without drawbacks, as they
can significantly impact the microbiome beyond their target organisms, leading

to disruptions by reducing diversity and abundance.

As researchers continue to explore the human microbiome, the complex
interactions which occur between host and resident microorganisms are being
revealed, and it is becoming increasingly clear that if research is to continue

exploring human health, it is imperative to consider the role of the microbiome.

As the microbiome has been increasingly studied, significant compositional
differences between the microbiomes of healthy individuals have been
observed. These differences highlight that there are multiple taxonomic
pathways which lead to a healthy microbiome, with functional redundancy
between bacteria allowing for different species to fulfil similar ecological roles.
This redundancy, potentially being key in maintaining host health as the
microbiome shifts over time in response to physiological and environmental

changes.

These observations have prompted researchers to increasingly explore the
functionality of the microbiome. The protection of the host from pathogens
afforded by the microbiota through colonisation resistance has been extensively
documented and reviewed (Caballero-Flores et al., 2023) (Hou et al., 2022) and

serves to prevent the establishment and proliferation of potentially harmful
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exogenous bacteria. The intestinal microbiome existing alongside the mucosal
membrane of the gut has been shown to have an important role in conditioning
the host immune system (Yamamoto et al., 2012; Graham and Xavier, 2023),
as well as being responsible for the production of key metabolites within the gut
(Miquel et al., 2013; Lee, J. et al., 2020).

Whilst the microbiome fulfils these important roles for the host, its proper
function is reliant on the homeostatic balance of the microbiome between
different microbial components and with the host immune system. When this
balance is disrupted, either from external influencing factors such as antibiotics
(Nel Van Zyl et al., 2022) or as the consequence of natural phenomena, such
as the reduction diversity associated with ageing (Odamaki et al., 2016) it can

have profound health consequences for the host.

Disruption of the microbiome and the homeostatic balance integral to optimal
function of the microbiome is known as dysbiosis. Whilst predisposition to many
of these conditions is associated with complex aetiologies which cannot be
attributed solely to the microbiome, the malleable nature of the microbiome
offers a route of functional amelioration through microbial contributions (Vrieze
et al., 2012; Kelly, C.R. et al., 2016) when the genetic factors in play remain

static

The purpose of this thesis is to explore intestinal dysbiosis through the
application of in vitro models of the human intestinal tract. By employing a range
of techniques, including bacterial isolation and culture, but with a significant
emphasis on metabolomics and metagenomics, the primary aim is to
characterise aspects of dysbiosis functionally. As a result of an increased
understanding of dysbiosis, it may also be possible to derisk antibiotic selection
by exploring function paucities associated with the side effects of antimicrobials
and identify patients who may be at an increased of developing dysbiosis and

the diseases associated with it, such as Clostridioides difficile infection



The Intestinal Microbiome and Dysbiosis

1.1 Composition

The microbiome does not occur as a fixed entity; microbial populations are
dynamic, undergoing subtle changes over time. The microbiome of a healthy
individual tends to exist within the confines of a specific range, remaining
relatively stable over time. The degree of variation within the microbiome can
differ significantly between body sites, and the gastrointestinal tract remains the
most stable over time. (Human Microbiomes Project Consortium, 2012) Whilst
stable, the gut microbiome varies in composition and density across different
regions of the gastrointestinal tract. Changes in pH, nutrient availability, water
absorption, bacterial growth, and the shedding of bacteria from sessile
populations associated with the mucosal layers of the intestinal wall all
contribute to the increasing density of bacteria along the intestinal tract. The
concentration of bacteria is estimated to increase by 1,000-fold from the small
intestine and colon to faeces (Sender et al., 2016). The two dominant phyla
within the intestinal microbiota are the Firmicutes and Bacteroidetes ,
accounting for approximately 90% of bacteria within the large intestine.
However, it is thought that the average intestinal microbiome is home to around
500 bacterial species (Sender et al., 2016)

Table 1-1 Bacterial Taxa Frequently Observed in the Gut Microbiome

Region Bacterial Prominent bacterial Taxa

Abundance3

Upper Small Intestine?! 10’ Streptococcus, Lactobacillus
(Duodenum & Jejunum)

Lower small Intestine?! 10 Streptococcus, Lactobacillus
(lleum
Colon? 1014 Firmicutes (Faecalibacterium, Clostridium,

Ruminococcus), Bacteroidetes (Bacteroides,
Alistipes, Prevotella)

Y(Ahmed et al., 2007), {(Wang, X. et al., 2003), (Hayashi, H. et al., 2005), ?(Liu, C. et al.,
2021), 3(Sender et al., 2016)
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The degree of permanence exhibited by the microbiome over weeks, months,
and years has been the topic of multiple investigations. Faith et al. (Faith et al.,
2013) displayed that at a compositional level, the microbiome remains relatively
stable over the course of time, with the majority of strains being predicted to
remain as residents of an individual’s intestinal microbiome throughout their life
with higher levels of alpha diversity being associated with greater microbial
stability. However greater variation exists at a metagenomic and
metatranscriptomic level, possibly driven by strain replacement within the
microbiota (Mehta et al., 2018; Chen, L. et al., 2021).

Faecal samples are the predominant sample used for the study of the intestinal
microbiome, particularly with humans, meaning current data remains largely
representative of the colon, with the small intestine being poorly characterised
by comparison. Studies with ileostomy patients may provide some insights into
the composition and function of the microbiome of the ileum, with Leimena et al.

(2013) suggesting a dominance of Streptococcus species.

Ahmed et al. (2007) identified significant populations of Bacteroides,
Lactobacillus and Clostridium species associated with the mucosa within the
terminal ileum of patients undergoing emergency resection of the large bowel.
Wang, X. et al. (2003) supported findings of Clostridium and Bacteroides from a

colonic lavage patient

Hayashi, H. et al. (2005) detected populations of Streptococci, Lactobacilli,
Enterococcus and Escherichia and a notable absence of Clostridium species

within the ileal microbiota from autopsied individuals.

However, the underlying health conditions which may have contributed to
patients being required to undergo ileostomy surgery or mortality may have
influenced the composition of the intestinal microbiome and, as such, may not
be representative of the healthy microbiome and explain some of the

contrasting findings in previous studies.

Despite studies such as these, due to a current lack of non-invasive methods by
which to obtain samples at a scale similar to faeces, the microbiome of the

small intestine is likely to remain relatively elusive by comparison to the colon.

The colon is host to an incredible amount of bacterial density (Sender et al.,

2016) and remains a focal point for research into the human microbiome. It is
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largely an anaerobic environment with some diffusion of oxygen from
surrounding tissue (Albenberg et al., 2014), and because of this, the
microbiome is predominately occupied by anaerobes (Macfarlane et al., 1998;
Arumugam et al., 2011; McDonald, D. et al., 2018).

1.2 Metabolic Function

The microbiome performs essential metabolic functions, significantly
contributing to host physiology and health. These functions complement host
metabolic pathways, providing additional capabilities that influence nutrient
metabolism, immune modulation and gut homeostasis. While the taxonomic
composition of the microbiome varies between individuals, the metabolic
capacity it possesses remains stable between individuals (Human Microbiomes
Project Consortium, 2012). This stable, functional component likely accounts for

the repertoire of microbial metabolic pathways upon which humans rely.

1.2.1 Non-digestible polysaccharides

Research has revealed a wide range of dietary fibres which can be utilised by
the microbiota, capable of supporting diverse microbial communities. By
breaking down complex carbohydrates, the microbiota provides the host with

additional resources to support physiological processes.

Plant and dietary fibres which are not processed by humans are able to be
fermented by the gut microbiota. For example, oligofructose, an inulin-type
fructan, being composed of fructose molecules, is a prebiotic fibre found in
plants and capable of being processed but the gut microbiota. Falony, G. et al.
(2006) demonstrated the complex interactions potentially occurring within
fermentative pathways in the gut using oligofructose as a substrate. Some
Bifidobacteria strains have the capacity to degrade inulin-type fructans,
including oligofructose to fructose (Falony, Gwen et al., 2009) through a
fermentative pathway producing acetate. When grown in co-culture with
Bifidobacteria longum, Anaerostripes caccae was able to grow utilising fructose
produced by B.longum. Similarly, Roseburia intestinalis was able to degrade
oligofructose only in the presence of acetate, either supplemented or produced
through fermentation. While neither A.caccae nor R.intestinalis are capable of
growing on oligofructose alone, the cross-feeding of metabolites by other

microorganisms within the microbiome can initiate additional metabolic
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pathways. Importantly, both A.caccae and R.intestinalis are butyrate-producing
bacteria, a metabolite with an important role in host physiology as an energy
source for colonocytes. Studies like this, highlighting the complex interactions
between microbiota constituents, reveal how disturbances to the microbiome
may have profound downstream metabolic consequences beyond those
encoded by the populations directly impacted.

The importance of these bacterial pathways is highlighted by the utilisation of
their products by the host. Short-chain fatty acids (SCFA) are produced through
these fermentation pathways and are key metabolites contributing to host
physiology. The significance of SCFA and the bacteria that produce them is
well-documented (Sokol et al., 2008; Miquel et al., 2013; Canfora et al., 2015;
Rios-Covian et al., 2016; LeBlanc et al., 2017; Tsukuda et al., 2021; Visekruna
and Luu, 2021; Frolova et al., 2022), underscoring their critical role in
maintaining gut homeostasis. The predominant SCFAs within the gut are
acetate, propionate and butyrate. Butyrate has been identified as having a
pivotal role in gut homeostasis as an important energy source for colonocytes,

contributing to approximately 70% of the cell's energy (Roediger, 1980)

Colonocytes of germ-free mice were shown to display a 56% reduction in the
level of ATP and a 16-fold reduction in NADH/NAD* ratio when compared to
conventionally raised mice. ATP production was able to be restored by
colonising GF mice with either microbial populations derived from
conventionally raised mice or by colonisation with known butyrate-producing

strains of bacteria. (Donohoe et al., 2011)

Administration of ceftriaxone in rats has been shown to cause substantial
changes to the microbiota, which persisted to 56 days post-antibiotic
withdrawal. These changes in composition were associated with decreased
concentrations of SCFAs and a shift in the colonic homeostasis, leading to
increased epithelial permeability in the colon and increased bacterial

translocation to the blood (Jernberg et al., 2007).



1.2.2 Lipids

Bacteria within the gastrointestinal tract have the capacity to metabolise dietary
fat from the host diet, contributing to host health

Dietary changes over the last 30 years have resulted in an increase in the ratio
of omega-6 fatty acid / omega-3 fatty acid from a historical 1:1 ratio observed in
hunter-gatherer societies to a 20:1 ratio observed today (Simopoulos, 2016).
Excessive intake of omega-6 fatty acids has been described as contributing to
cancer and heart disease (German and Dillard, 2004). Miyamoto et al. (2019)
described the protective effects of the microbiota to high-fat diets, by the
metabolism of dietary polyunsaturated fatty acids (PUFAS), such as linoleic
acid, to other beneficial metabolites. Mice colonised with PUFA metabolising
strains of Lactobacillus were shown to have significant decreases in body

weight and fat mass compared to the control group.

Kishino et al. (2013), demonstrated the capacity for Lactobacillus plantarum to
metabolise unsaturated fatty acids. L. plantarum was demonstrated to possess
the enzymatic pathway to saturate polyunsaturated fatty acids, generating
hydroxy, oxo and conjugated fatty acids. In mice, there were notable differences
in the levels of specific pathogen-free (SPF) mice and germ-free mice, with
higher levels of hydroxy fatty acids present in SPF mice, demonstrating how the

intestinal microbiome may play a role in shaping lipid metabolism.

The dietary habits of the host may impart compositional changes to the
microbiome, in turn shaping its functional output. Watanabe et al. (2021)
illustrated how diets high in cornstarch, fructose, branched-chain amino acids,
soybean oil and lard could result in the formation of unique microbial profiles.
Diets high in fats (Soybean oil and lard) were associated with obesity, glucose
intolerance and insulin resistance in both groups. Glucose intolerance within
mice fed the soybean oil diet was worse than those in the lard group. Faecal
Microbiota Transplants to germ-free mice from soybean oil and lard groups
were able to replicate the different glucose intolerance, suggesting that
microbiota composition established by the diet was an influencing factor in

glucose intolerance



1.2.3 Vitamins

The synthesis of vitamins is another important accessory function provided by
the gut microbiome. While humans have the capacity to synthesise vitamin D,
the gut microbiota and external dietary sources are relied upon as sources for

other essential vitamins,

Magnusdéttir et al. (2015) documented biosynthesis pathways for eight B
vitamins within 256 common gut microbiota. They identified widespread
production for each of the eight vitamins, approximately 40-60% coverage for
each, and some bacteria possessing production pathways for all eight.
Meanwhile, Wu et al. (2015) identified probiotic Lactobacillus strains rhamnosus
GG, and plantarum as increasing Vitamin D receptor (VDR) protein expression
in mouse and human intestinal epithelial cells. In-vivo, the increase in VDR
protein expression induced by the Lactobacillus stains provided a protective
function against Salmonella-induced colitis compared to wild-type strain and
VDR knockout mice.

1.2.4 Bile acids

Bile salts are the result of the conjugation of host-derived bile acids with the
amino acids taurine and glycine, being produced in the liver from cholesterol
and excreted into the gut, with the majority being reabsorbed in the small
intestine. Unabsorbed bile salt continues into the large intestine, where it is
metabolised by the microbiota into secondary bile acids through the removal of
hydroxyl groups. The conversion of primary to secondary acids is limited to a
few bacteria within the gut, the majority of which belong to class Clostridia
(Hirano et al., 1981). The primary bile acids within the human gut are cholate
and chenodeoxycholate, which are then transformed by the microbiota.

The microbial transformation of primary bile acids into secondary bile acids
diversifies the bile acid pool, broadening its functional capacity. Bile acids and
secondary bile acids have been studied for their protective antimicrobial role in
maintaining gut homeostasis (Metzendorf et al., 2022). Research has shown
that centenarians possess distinct microbiotas, which have unique biosynthetic
pathways for bile acids, Sato et al. (2021) describe pathways for the secondary
bile acid isoallolithocholic acid by Odoribacteraceae, which exerted

antimicrobial effects against gram positive bacteria.
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The success of Faecal Microbiota transplants (discussed in detail, 1.4.5
Recovery from Dysbiosis) has been discussed as being partially mediated by
the replenishment of Bile Salt Hydrolases (BSH) within the host (Mullish et al.,
2019). A prominent reaction catalysed by BSH is the deconjugation of taurine
and glycine from conjugated bile acids. The conjugated primary bile acid
taurocholic acid has been identified as a trigger of C. difficile germination (Sorg
Joseph and Sonenshein Abraham, 2008). Mullish et al. (2019) illustrated the
potential importance of BSH in the resolution of recurrent Clostridioides difficile
infection by demonstrating that C. difficile germination could be reduced when
incubated with taurocholic acid when supplemented with the spent growth

media of BSH expressing organisms.

The secondary bile acid deoxycholate, while positively influencing spore
germination at levels similar to other cholate-derived bile acids, has an inhibitory
effect on the growth of vegetive C. difficile (Sorg Joseph and Sonenshein
Abraham, 2008). Thanissery et al. (2017) further documented the potential for
secondary bile acids to inhibit taurocholic acid-mediated spore germination.
While not a universal effect among C. difficile, a variety of isolates (from
ribotypes 027,017,012,001,078); deoxycholate, isodeoxycholate, lithocholate,
isolithocholate, ursodeoxycholate, hyodeoxycholate inhibited spore germination

on at least one of the clinical strains tested at physiological concentrations

Secondary bile acids have also been demonstrated to have anti-inflammatory
action within the colon. Ward et al. (2017) documented the anti-inflammatory
capacity of ursodeoxycholic acid (UDCA) and lithocholic acid (LCA). UDCA was
able to inhibit the release of proinflammatory cytokines from colonic epithelial
cells. In a mouse model of mucosal inflammation, UDCA was shown to reduce
inflammation in a manner dependent upon the bacterial metabolism of
ursodeoxycholic acid to lithocholic acid. Mice treated daily with UDCA lost less
body mass and scored lower on the disease activity index than those without.
Mice treated with LCA, a product of the bacterial metabolism of UDCA, were
shown to have an enhanced capacity to inhibit the release of cytokines from
colonic epithelial cells and were able to reverse changes to mucosal histology in
vivo. 6a-methyl-Ursodeoxycholic acid, a nonmetabolising analogue of

ursodeoxycholic acid, lacked its anti-inflammatory effects in vivo. The lack of
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anti-inflammatory in 6a-methyl-Ursodeoxycholic acid suggests that the impact of
UDCA in-vivo may be attributable to bacterial metabolism.

Ursodeoxycholic acid has also been demonstrated to possess
chemopreventative properties on a variety of cancer cell lines as described by
Akare et al. (2006). Ursodeoxycholic acid was shown to induce senescence in
colon cancer cells and inhibit telomerase activity

1.3 Colonisation Resistance

Colonisation resistance refers to the protective effect that the microbiota
provides the host (Freeman et al., 2003; Chilton, Caroline H. et al., 2012;
Buckley et al., 2021). The mechanisms by which the microbiome confers
colonisation resistance may be broadly characterised as being direct or indirect
in nature. Direct colonisation resistance occurs due to interbacterial competition,
often between similar bacterial strains (Lee, S.M. et al., 2013). Indirect
colonisation resistance involves interactions between the microbiome and host
pathways, such as the modulation of the immune system (Yamamoto et al.,
2012) and metabolism of host-derived compounds such as mucin (Tailford et
al., 2015) and bile salts (Sato et al., 2021; Metzendorf et al., 2022). Colonisation
resistance is the first line of defence the human body possesses against
invasion by exogenous bacteria and the suppression of potentially harmful

pathobionts and quiescent pathogens.
1.3.1 Direct colonisation Resistance

1.3.1.1.1 Nutrient competition

The simplest method by which the microbiome provides colonisation resistance
is through interbacterial competition for resources. This contest for nutrients and
space excludes transient microorganisms from establishing themselves and
prevents the outgrowth of opportunistic pathogens. These competitive
interactions between species within the microbiome and the protective capacity
they provide have been documented, notably in research by Deriu et al. (2013)
and Momose et al. (2008), who demonstrated how endogenous Escherichia can

suppress closely related species.

E. coli strain Nissile 1917 was initially isolated during an outbreak of Shigella

during World War 1 from a soldier colonised with Shigella, but remained
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asymptomatic (Sonnenborn, 2016). Deriu et al. demonstrated that Nissile 1917
is able to competitively suppress Salmonella enterica serovar typhimurium by
out-competing S. typhimurium for iron. Competition for nutrients may
encompass amino acids such as proline, which has been demonstrated to be a
limiting factor in the growth of enterohaemorrhagic E. coli 0157:H7. In mice, the
growth of 0157:H7 was significantly inhibited when inoculated into mice already
colonised with a greater number of endogenous E. coli strains capable of

proline metabolism.

The impact of the diet on the intestinal microbiome effectively illustrates how
nutrient competition influences its composition, as the microbiota depend on
nutrients derived from the host’s dietary intake (David et al., 2014). Watanabe et
al. (2021) effectively demonstrated how varying nutrient composition resulted in
unique microbial profiles in mice. High carbohydrate fat and protein were shown
to restructure the murine microbiome, additionally impacting the host

metabolism (discussed previously in detail 1.2.2).

1.3.1.2 Antimicrobial Inhibition

Bacteria can inhibit the growth of closely related bacteria by the production of
bacteriocins, short peptide antimicrobials broadly categorised by being
produced by Gram-negative and Gram-positive bacteria. Perhaps some of the
best characterised are lantibiotics produced by the Lactobacillales.

Nisin is a member of the lantibiotics class produced by Lactococcus lactis,
which has antimicrobial activity against a relatively broad range of Gram-
positive bacteria, such as Staphylococcus aureus, Listeria monocytogenes and
C. difficile (Bartoloni et al., 2004). Nisin binds to lipid I, a precursor molecule in
cell wall synthesis. By binding to lipid I, nisin induces the formation of pores in
the membrane through the addition of lanthionine rings (Breukink et al., 1999)
and by inhibiting cell wall biosynthesis (Asaduzzaman and Sonomoto, 2009)
(Hasper et al., 2006).

Bacteriocins produced by Gram-negative bacteria are mainly limited to
Enterobacteriaceae and are known as microcins. The probiotic strain Nissle
1917, which has been used as the active probiotic component in treatments of

gastrointestinal diseases, has been identified as producing microcin’s. Nissle
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1917 has been shown to limit the expansion of Enterobacteriaceae (Sassone-
Corsi et al., 2016).

Colicins are high molecular weight proteins toxic to some strains of E. coli as
well as Shigella and Citrobacter. Colicins have a wide range of activities within
the targeted cell. However, they rely on transportation across the periplasmic
space unlike smaller peptide bacteriocins, which rely on specific receptors
(Cascales et al., 2007).

A benefit of exploring the microbiome from a functional perspective is the
identification and potential harnessing of its interactions, partially within the
context of the rising concerns around multi-drug resistance. Bacteriocins, which
differ from antibiotic due to their limited scope of activity, could offer new

therapeutic options for targeted interventions.

1.3.1.3 Inhibitory Metabolites

Inhibitory metabolites are important considerations in the dynamic environment
of the gut microbiome. They are the natural byproduct of bacterial growth and
metabolism and may act to prevent the growth of competing organisms, helping

to maintain homeostatic balance within the gut.

Beyond their role in contributing to gut homeostasis via host physiology, SCFAs
have an inhibitory effect on other potentially harmful members of the intestinal
microbiome. The inhibitory effect of SCFAs have been demonstrated on
commensals, pathogens and opportunistic pathogens. (Chang Kai et al., 2024).
One of the actions by which SCFA can inhibit other gut microbiome species is
via intracellular acidification. This mechanism has been documented to inhibit
antibiotic-resistant Enterobacteriaceae by potentially disrupting cell replication
(Sorbara et al., 2019). High concentrations of SCFAs were shown to counter the
competitive edge of O2 and NOs-based respiration by Enterobacteriaceae,

possibly due to gas diffusion from surrounding tissue.

1.3.1.4 Type VI Secretion Systems

Type VI secretion systems (T6SS) allow for the export of molecules across the
inner and outer membranes of gram-negative bacteria and into neighbouring
bacteria and host cells (Chen, C. et al., 2019). T6SS can translocate effector

proteins to adjacent cells, inhibiting growth. Components of T6SS appear to
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share some relation to bacteriophage proteins and those in Type IV secretion
systems (Zoued et al., 2013). To avoid self-targeting of the effector proteins
cells expressing T6SS genes must also encode a protein which affords
immunity to the cell. Bacteroidetes are one of the predominant phyla in the
intestinal microbiome of healthy adults and show the widespread possession of
T6SS genes (Russell et al., 2014). The predicted target of the effector proteins
encoded by Bacteroidetes is predominately peptidoglycan. This suggests that
the T6SS pathway is aimed at driving interbacterial antagonism rather than
host-directed (Russell et al., 2014)

1.3.2 Indirect Colonisation Resistance

1.3.2.1 Immune System Conditioning

The integrity of the intestinal immune system and mucosal barrier is of vital
importance as it is all that stands in the way of the translocation of potentially
pathogenic bacteria to the rest of the body. The microbiome is a key component

in the modulation of the immune system.

A comparison of germ-free (GF), specific pathogen-free (SPF), and gnotobiotic
mice showed that in GF mice, there was little difference in the transcriptome of
the small and large intestine, whereas in SPF mice, these areas possess
direction transcriptional profiles (Yamamoto et al., 2012). This suggests that the
microbiome could be driving host immune functionality by conditioning host
gene expression. It was also demonstrated that timing of exposure is also
essential for normal immune development in mice, as GF mice colonised after 5
weeks still failed to develop normal Toll-like receptor and Type-1 interferon

pathways.

The effect of external influences on the microbiome and their potential impact
on the microbiome's capacity to influence immune system modulation has been
studied in mice. Low-dose penicillin exposure from birth alters the expression of
genes exposed in immunity and results in a decreased production of

antimicrobial peptides (Cox et al., 2014).

It has been suggested that members of the genus Bacteroides may be
important to immune system function. Bacteroides fragilis is associated with

increased expression of IgA-secreting cells, which play an integral role in the
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immune function of mucous membranes and IgM-secreting cells, which form an

important complement of the innate immune response (Grénlund et al., 2000)

Bacteroides thetaiomicon is associated with the expression of the angiogenin
Ang4 by Paneth cells. Ang4 is a component of innate immunity within the gut,
possessing microbicidal activity against bacterial and fungal pathogens (Hooper
et al., 2003)

Clostridial species have also been described as having modulatory effects on
the immune system. The preventive effect clostridial clusters IV and XIV have
against inflammatory bowel disease has been associated with the accumulation
of colonic T regulatory cells. Mice colonised with members of the clostridial
cluster IV, and Xl increase the presence of T regulatory cells (Atarashi et al.,
2011).

1.3.2.2 Microbial Modification of Host-Derived Compounds

Bile acids are able to inhibit bacterial growth as they possess detergent activity,
which damages cell membranes (Urdaneta and Casadesus, 2017) At high
concentrations, bile acids will completely dissolve lipid membranes, leading to
leakage and cell death, whilst at lower concentrations, bile acids alter
membrane fluidity and permeability (Noh and Gilliland, 1993; Leverrier et al.,
2003). In addition to the membrane disruptive effect, bile acids also induce
damage to nucleic acids. In Salmonella enterica, bile exposure increases the
frequency of nucleotide substitutions as well as frame shifts and chromosomal

rearrangements (Prieto et al., 2004).

Primary bile acids can form soluble complexes with iron, increasing intestinal
iron uptake by the host. Iron is a fundamental element for many cellular
processes, and decreasing its availability in the lumen may inhibit bacterial

growth as well as induce colicin production by E. coli (Sanyal et al., 1991).

The secondary bile acids deoxycholic acid and lithocholic acids have been
found to have synergistic actions with 1-acetyl-b-carboline and turbomycin A,
antibiotics which inhibit cell division of C. difficile (Kang et al., 2019) Secondary
Bile acids have also been demonstrated to possess the ability to bind to and

neutralise TcdB toxin one of the driving elements of CDI.
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1.4 Dysbiosis

Disruptions to the gut's homeostatic balance can lead to large shifts in
microbiota composition. These shifts often lead to the loss of colonisation
resistance, which can have persistent immunological metabolic and
physiological impacts on the host. Dysbiosis of the microbiome is often
characterised by the loss of or proliferation of certain species within the gut.
However, due to the significant variation in microbiome composition between
individuals, defining dysbiosis purely through the perspective of microbial
presence or absence presents significant challenges. Multiple microbial species
may be capable of fulfilling similar ecological and functional roles within the
microbiome, with each unique strain possessing the potential to contribute to
the health and stability of both the microbiota and the host. Consequently, there
may be greater benefit in exploring and defining dysbiosis from a functional

perspective.

While natural factors, such as age-related microbial decline ,influence the
microbiome composition, it is often the changes induced through external
factors, such as diet, environmental exposures and xenobiotics such as food
additives, drugs (Imhann et al., 2016) and importantly antibiotics that play a
more obvious disruptive role (Muegge et al., 2011; Chilton, Caroline H. et al.,
2012; Holmes et al., 2017; Singh et al., 2017; Gerassy-Vainberg et al., 2018; So
et al., 2018; Macke et al., 2020; Venturini et al., 2021; Nel Van Zyl et al., 2022).
These external factors are concerning due to their potential to rapidly and
persistently alter microbiome composition, pushing it towards a dysbiotic state.

1.4.1 Age-Related Microbial Decline

As an individual reaches senescence, the microbiome begins to decrease in
diversity. This reduction in diversity can lead to dysbiosis of the intestinal
microbiota. Dysbiosis of the microbiome is common in the elderly and has been
proposed as a potential biomarker of ageing (Bana and Cabreiro, 2019).

Age-associated microbial decline should be considered within the context of
lifestyle changes that commonly accompany increasing age and frailty.
Reduction in activity, increased medication, and diet are not universal amongst
the elderly population and can, therefore, influence the trajectory of the

microbiome towards homogeneity with increased age. Housing status within the
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elderly impacts the rate of decline within the microbiome. Residents of long-
term care facilities experience an increased decline in microbial diversity and
populations associated with a more "youthful” microbiota within the population
(Jeffery et al., 2016).

The influence of the microbiome on the ageing process itself is an emerging
area of research. Bacterially produced indole has been demonstrated to
increase health-span and change gene expression towards a younger profile in
mice and C. elegans. This reflected finding further observations, where mice
colonised with indole-producing E. coli displayed greater composite health
scores (Sonowal et al., 2017).

Comparative taxonomic analysis of the microbiome with 16s by Xu et al. (2019)
across 368 samples from participants ranging from newborn infants to the
elderly put microbiome ageing on a continuum with gradual shifts occurring

throughout the life.

Age-related microbial shifts have been described in associated alterations to
specific taxa such as declining Bifidobacteria (Yatsunenko et al., 2012) and
increasing abundances of Bacteroidetes, Eubacterium and Clostridiaceae
(Odamaki et al., 2016).

Towards the extreme end of life, the microbiome has been shown to undergo
significant changes in bacterial abundance. Luan et al. (2020) explored the
microbial profiles of individuals at the extremes of life, noting that distinct
changes occur in the months leading to death. The majority of these changes
were associated with reductions in ten bacterial species, belonging to the
genera: Akkermansia, Alistipes, Bacteroides, Butyrivbrio and Prevotella, with
two species Bifidobacterium longum and Ruminococcus bromii increasing.
These changes potentially preceding clinical symptoms of deterioration by up to

4 months.

The prolonged nature of the ageing process, combined with the relatively recent
development omics fields such as metagenomics, has resulted in a scarcity of
true longitudinal studies tracking the development of the microbiome across the
human lifespan. Animal models, however, with shorter lifespans and

comparatively accelerated ageing processes, offer opportunities to explore the
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interplay between ageing and the microbiome (Sonowal et al., 2017; Catterson
et al., 2018)

Alam et al. (2021) showed that some Bacteroidetes and Firmicutes populations
remained relatively stable in ageing mice. This indicates that some bacterial
populations may be more resistant to age-induced changes. Odamaki et al.
(2016) noted that the observed alterations to Bacteroidetes levels occurred in a

“stepwise” manner in individuals over 70 years old.

In mice, Clostridiaceae and Lactobacillaceae reduced during ageing (Alam et
al., 2021). Interestingly these appear to be counter to observations in humans
(Odamaki et al., 2016). These changes may be attributable to model organism
differences or as Xu et al. (2019) demonstrated, that age-associated changes to
the microbiome may not follow a fixed trajectory, and some taxa potentially

increase before declining.

Reduction in bacterial stability and shifting composition may lead to dysbiosis
and increase the risk of pathobiont expansion and colonisation by multidrug-
resistant organisms (MDROSs). Pathobionts are members of the microbiome that
typically do not pose a risk to human health; however, when allowed to
proliferate, they may prove detrimental to health. Dysbiosis may be associated
with the creation of potential niches for colonisation by exogenous bacteria.
Together, these factors may contribute to an increased risk of opportunistic
infections, such as Clostridioides difficile infection (CDI), which is particularly
associated with older adults (Eze et al., 2017).

1.4.2 Antibiotic-induced dysbiosis

Antibiotics can cause a profound loss in the abundance and diversity of the
microbiome, disrupting its balance and potentially leading to dysbiosis. Despite
the efforts being made with antibiotic stewardship programmes, global antibiotic
use has continued to rise. Between 2000 and 2015, global antibiotic
consumption increased by 65% in total doses and 39% in doses per 1,000

inhabitants per day (Klein et al., 2018).

Despite overall consumption remaining below levels seen prior to the
implementation of COVID-19 measures, antibiotic consumption in England
increased in 2023 to 17.61 defined daily doses per 1,000 inhabitants per day

(DID) over the previous year 17.4. An increase in consumption was observed
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across the majority of antibiotic groups, with the greatest proportional increase
seen in anti-C.difficile agents (UKHSA, 2024).

In middle and low-income countries, antibiotic consumption is especially
pronounced, heightening the risk of multidrug-resistant organism (MDRO)
carriage (Andriatahina et al., 2010; Kiddee et al., 2019; Qureshi et al., 2021).
Klein et al. (2018) estimated that if antibiotic consumption trends continue at
their current pace, global consumption will reach 128 billion defined daily doses
(DDD) (41.1 DID), a 202% increase over 15 years. Tackling antimicrobial
resistance and antibiotic stewardship is particularly a problem in low- and
middle-income countries. Iskandar et al. (2021) highlighted the specific
obstacles encountered in these settings; being hindered by weak government
oversight, inadequate healthcare infrastructure, additionally cultural practice,
such as possible self-medication or over-the counter sale of antibiotics may lead
to uncontrolled consumption. Insufficient laboratory infrastructure and diagnostic
testing also leading to a reliance on empirical rather than targeted antibiotic

usage.

1.4.2.1 Factors Influencing Antibiotics impact on the Gut Microbiome

The extent to which antibiotic disrupt the microbiome depends on a range of
influencing factors. Variables such as pharmacokinetics, route of administration
and spectrum of activity all have a role in the extent and nature of microbial

disruption.

Oral antibiotics can affect the microbiome directly as they travel through the
intestinal tract. Systemic antibiotics may reach the gut after being processed by
the liver where they may be excreted into the intestine via hepatobiliary
clearance or returned to the blood for clearance by the renal system. The
hydrophobicity of an antibiotic can determine how it is cleared from the body.
Hydrophilic antibiotics are more likely to excreted from the body via renal
mechanisms whilst lipophilic are predominantly excreted via hepatic clearance
(Vincent et al., 2016). Intestinal absorption is another important factor when
considering what impact antibiotics may have upon the microbiome. For
example, metronidazole is readily absorbed in the small intestine meaning that
concentrations decrease along the gut. In contrast, vancomycin is poorly

absorbed and therefore maintains high concentration (Kim, S. et al., 2017).
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Poorly absorbed antibiotics may be expected to have greater potential to induce
dysbiosis in the gut microbiome, clindamycin for example has poor intestinal
absorption and is associated with several dysbiosis related conditions such as;
antibiotic associated colitis, diarrhoea and Clostridioides difficile infection (CDI)

discussed in detail in 1.4.3 Clostridioides difficile infection.

Studies in in-vitro models have explored the impact of antibiotics upon the
microbiome. Antibiotic instillation at clinically reflective concentrations, with
broad spectrum antibiotics; clindamycin, vancomycin, and piperacillin
tazobactam have been shown to have considerable deleterious impacts on the
intestinal microbiota, while this is less evident with more targeted antibiotics
(Baines, S. D. et al., 2005; Baines, Simon D. et al., 2009; Rea et al., 2011;
Chilton, C. H. et al., 2014).

1.4.2.2 . Effect of prophylactic Antibiotics on the gut microbiome

Prophylactic antibiotics have been used to prevent infections in
immunocompromised patients such as those undergoing organ transplants
(Centers for Disease Control and Prevention et al., 2000). Solid organ
transplant and Haematopoietic stem cell transplant (HSCT) recipients are at an
increased risk of developing infections due to immunosuppression as a result of
anti-rejection drugs. The prophylactic antibiotic regimes required to defend the
patient from pathogens and opportunistic infections can deplete the microbiota

making their use controversial (Shono and van den Brink, 2017)

There is evidence that dysbiosis in HSCT patients is associated with an
increase in adverse outcomes (Chong and Koh, 2020). The use of broad-
spectrum antibiotics in the treatment of neutropenic fever in allo-HSCT
recipients is associated with an increase of graft-versus-host disease related
mortality at 5 years. The 3-year survival for allo-HSCT patients with high
intestinal diversity is 67% compared to 36% in patients with low intestinal
diversity (Taur et al., 2018)
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1.4.3 Clostridioides difficile infection

Perhaps the most well-known outcome of antibiotic-induced dysbiosis is
antibiotic-associated diarrhoea of which Clostridioides difficile infection accounts
for 30% of cases (Bartlett et al., 1977; Anand and Glatt, 1993; Bartlett, 1996).
CDI can cause a range of symptoms from mild antibiotic-associated diarrhoea
to pseudomembranous colitis, and life-threatening toxic megacolon. CDI is a
significant burden on healthcare systems. Tresman and Goldenberg (2018)
estimate mean total healthcare costs associated with C. difficile infection at
£12,710 (95% CIl £9652-£15769) for primary infections, rising to £31,121 (95%
Cl1 10792-42447) in recurrent cases.

Beyond the considerable financial burden, the impact of CDI on patient welfare
can be immense. Patient and public involvement work indicates C. difficile
infection patients suffer with debilitating impact to their quality of life and, mental
health

In healthy individuals, the intestinal microbiota provides colonisation resistance
to C. difficile colonisation and infection. CDI is particularly associated prior
antibiotic use, disproportionately affecting older adults. The loss of diversity and
key members of the microbiota, associated with advance age may play an
additional, important role in the association of CDI with elderly patients.

Some antibiotics are associated with an increased propensity to induce CDI;
clindamycin third generation cephalosporins and fluoroquinolones are all linked
with CDI. A meta study by Sliming and Riley (2014) identified strong
associations between: carbapenems, 3™ and 4" generation cephalosporins, and
moderate associations with: clindamycin, fluoroquinolones, and penicillins +

beta-lactamase inhibitor combinations.

The risk associated with antibiotic use rises with dose, number of antibiotics
received, and length of antibiotic therapy (Stevens, V. et al., 2011). Shifts in the
microbiome as a result of antibiotic exposure can lead to changes in the
functional capacity of the microbiome. These alterations can create a conducive
environment for C. difficile expansion within the microbiome, leading to

symptomatic disease.

Select members of the microbiota play a key role in the deconjugation of

primary bile acids, transforming them into secondary bile acids (Hirano et al.,
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1981) and disruption to the microbiota and therefore the pools of primary and
secondary bile acids may play a role in CDI. Primary bile acids have been
shown to contribute to the germination of C. difficile (Wilson et al., 1982). The
gut metabolome in C. difficile susceptible mice is associated with an increase in
primary bile acids such as taurocholate, with a decrease in the abundance of
secondary bile acids (Theriot et al., 2014). This dynamic, however, is
complicated by the fact that the primary bile acid chenodeoxycholate is able to
inhibit the germination of C. difficile spores through the competitive inhibition of
taurocholate-mediated germination (Sorg and Sonenshein, 2010), highlighting
the complexity of aetiology associated with the progression of microbiome

associated diseases.

1.4.3.1 CDI Recurrence

Despite effective antimicrobial therapy, persistent dysbiosis following the
treatment of primary CDI may lead to recurrence in 30% of cases, with the risk
of recurrent CDI increasing with subsequent episodes ((NICE), 2021). This can
be compounded by further use of antibiotics used to treat the infection (Eze et
al., 2017). Recurrent CDI is defined by the additional instances of CDI which

occur within 8 weeks of previous episodes (Debast et al., 2014)

Metronidazole, vancomycin and fidaxomicin are used to treat CDI. However,
metronidazole is no longer recommended as a first-line treatment for CDI due to
poor efficacy (McDonald, L.C. et al., 2018; (NICE), 2021; [NICE], 2021).
Vancomycin remains widely used but has a profound effect on the microbiome,
possibly perpetuating the dysbiosis and leaving patients vulnerable to further
infection (Lewis, B.B. et al., 2015). Fidaxomicin has been identified as an
effective treatment of CDI and, due to its narrower spectrum causes less
collateral damage to the microbiome and is associated with lower rates of

recurrence (Ajami et al., 2018)

1.4.4 Colonisation by Multidrug-resistant Organisms.

As antimicrobial resistance continues to rise, the perseveration of existing
antibiotic agents has become a critical factor in the continuing efficacy of many
clinical interventions that modern medicine has come to rely on. Organ
transplantation, surgical intervention, and cancer treatments all require the

support of antimicrobial therapy to ensure patient well-being. Perhaps the
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greatest threat facing modern medicine is the rise of multi-drug-resistant
organisms (MDROSs) and the spread of antibiotic resistance genes. It has been
suggested that in the next 50 years, antibiotic-resistant bacteria could be
responsible for the death of over 10 million people per year (O’Neill, 2014).
Dysbiosis and the loss of colonisation resistance increase the potential for an
individual to become colonised by exogenous bacteria (Mahieu et al., 2017)

Venturini et al. (2021) explored the potential for antibiotics to alter the
composition of the murine microbiome, leaving it susceptible to colonisation by
MDROs. In this study, mice were treated with piperacillin-tazobactam (TZP) and
ceftriaxone (CRO) for 5 days; at the height of antibiotic-induced dysbiosis,
colonisation resistance was tested with multi-drug-resistant Escherichia coli and
Klebsiella pneumoniae. Dysbiosis was associated with disruptions to the murine
gut in composition and diversity, leaving it susceptible to colonisation by both
multidrug-resistant organisms (Venturini et al., 2021).

Ducarmon et al. (2021) explored the prevalence and risk factors associated with
MDRO colonisation among nursing home residents, finding that 44.4% (12) of
the participants within the study were colonised at least one time-point during
the study. ESBL-producing bacteria were the most common MDROs identified
in the study within 22.2% (6) of participants. Antibiotic use was identified as the
second highest risk factor (OR 2.84 95% CI 0.85-9.49) in MDRO carriage after
hospital admittance in the past year (OR 3.78 95% CI 0.69-20.70). Dorea,
Lachnospiraceae_ND3007_group and Atopobiaceae were identified as being
consistently more abundant in patients never colonised by MDROs within the

study.

In their systematic review, Sulis et al. (2022) examined the association between
antibiotic exposure to Access, Watch, and Reserve (AWaRe) antimicrobials and
MDRO colonisation. Previous exposure to any AWaRe group antibiotic was
associated with increased colonisation with MDROs. Reserve-class antibiotics
were associated with the greatest risk of MDRO colonisation. Linezolid (a
Reserve antibiotic) was associated with the greatest risk of those antibiotics
profiled (OR 2.56 [95% CI: 2.09 — 3.14). These findings highlight the potential
for antibiotics (particularly those within the Reserve classification) to drive

MDRO colonisation potentially as a byproduct of antibiotic-associated dysbiosis.
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1.4.5 Recovery from Dysbiosis

Recovery of the microbiome following disruption has been shown to be heavily
reliant upon environmental reservoirs within the host population. Ng et al.
(2019) demonstrated the importance of community reservoirs, such as shared
living environments and social interactions in the recovery of the microbiome
following antibiotic treatment. Microbiotas of co-housed mice recovered rapidly
following the withdrawal of antibiotics. Mice kept in isolation showed impaired
recovery of the microbiome when compared to co-housed mice. This finding
potentially suggests that critically ill patients, who are often kept in isolated
environments to prevent further infections, could face challenges in microbiome

recovery due to the lack of environmental exposure increasing recovery time.

Strategies are now being explored to aid in microbiome recovery, such as
faecal microbiota transplantation (FMT), which has been used successfully to
restore the microbiome in patients experiencing recurrent CDI. FMTs involve
the transfer of faecal microbiota from healthy microbiomes to those who
experience dysbiosis. These may be from transplant donors or autologous
transplants where the recipient undergoes an infusion with their own
microbiome with healthy stool prepared before treatment which may impact the
microbiome. A systematic review by Shogbesan et al. (2018), explored FMT
outcomes in immunocompromised patients. They Identified success rates of
88% to 93% following single and multiple FMTs within the general population,
whereas patients who were immunocompromised were associated with lower
success rates of 78% - 89%. Among the 303 immunocompromised patients, 2
deaths were identified within the following 30 days; however, they could not be
directly attributed to FMT, CDI or underlying immunocompromised states.

Additionally, they identified 5 instances of bacteraemia following FMT.

The transfer of undefined microbial populations such as with FMT may have
unforeseen consequences. Following two instances of bacterial infections
cause by multi-drug-resistant organisms, the US FDA issued additional
recommendations for donor screening for FMT. Invasive infections caused by
extended-spectrum beta-lactamase (ESBL)-producing E. coli in two
immunocompromised patients, which proved fatal in one instance, were
attributed to FMTs from a single donor; the donor stool and FMT had not been

prior to transplantation (FDA, 2019).
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Due to the risks associated with FMT, strict guidelines have been proposed for
donor selection (Cammarota et al., 2017). FMT is regulated in the UK and only
recommended for the treatment of severe and recurrent infections of CDI
(INICE], 2022). Despite the risks, donor FMT has been shown to be highly
effective in the treatment of recurrent CDI (Kelly, C.R. et al., 2016),

The use of autologous FMT has been explored in allo-HSCT patients by Taur et
al. (2014). 25 patients about to undergo antibiotic prophylaxis processing
transplantation were asked to freeze and bank stool samples to aid the
reconstruction of their microbiome post antibiotics.14 received autologous FMT,
and 11 were placed in a control group. Prophylactic antibiotic treatment was
associated with disruption of the microbiome, leading to a domination of
enterococcus within the microbiome. Autologous FMT was associated with
increased diversity, a 63.8% (95% CI 36.3 - 91.2%) increase to inverse
Simpson Index) over those in the control group not receiving autologous FMT
who saw a 38.7% (95% CI 17.9 — 59.6%) increase to their inverse Simpson

index.

1.4.5.1 Microbiome therapeutics

As advancing knowledge of host-microbiome interactions enables better
characterisation of dysbiosis, opportunities arise to develop more targeted
restorative therapies. Researchers are beginning to explore how defined
bacterial consortia can restore the microbiome to a healthy state, reducing the
associated consequences of less defined treatments (Caballero et al., 2017).
Given the ongoing burden of CDI and the challenges in treating recurrent
infections, many targeted consortia interventions focus on enhancing the

resolution of recurrent CDI.

SER-109 is a notable example of a restorative microbiome therapy targeted at
treating recurrent CDI. Composed of live firmicute spores positioned to compete
with C. difficile for essential nutrients and aid in the re-establishment of
colonisation resistance by altering bile acid profiles. A clinical trial exploring the
efficacy of SER-109 in preventing further recurrent CDI in patients who had
previously experienced three or more episodes of CDI found that patients
receiving SER-109 were found to have lower rates of recurrence compared to
placebo (12% and 40% respectively) (Feuerstadt, P. et al., 2022).VE303 is a
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similarly positioned therapeutic developed as a consortium of commensal
clostridia, has shown similar promise, reducing recurrence in patients who have
experienced one or more episodes of CDI to 13% in “high dose” administration
of VE303, compared to 45.5% in the placebo group (Louie et al., 2023). In a
diversion from the oral therapeutic SER-109 and VE303, RBX2660 (REBYOTA)
is a rectally administered “microbiota product” also aimed at treating recurrent
CDI. The largest study of live microbiota therapeutics to date, the PUNCH study
explored the treatment and resolution of recurrent CDI with REBYOTA. The
treatment success rate, defined as an absence of CDI diarrhoea through 8
weeks, was 73.8% and the clinical response rate, defined as resolution of
current CDI episode and no new CDI episode at 6 months, was 91.0%
(Feuerstadt, Paul et al., 2024)}.

1.5 ldentifying dysbiosis

There is a complex relationship between the benefits of resolving infection and
the potential to compound damage to the microbiome, potentially leading further
down the path to relapse and antibiotic resistance. The immediate need to
resolve life-threatening infections is now more carefully considered within the
broader implications to microbial integrity, diversity and wider gut health.
Identifying biomarkers of dysbiosis would aid in addressing this complex issue.
Identifying at-risk compositional and functional profiles and the antibiotics

potentially complicit in their destabilisation.

1.5.1 Biomarkers of Dysbhiosis

Biomarkers are employed as clinical tools for assessing pathological conditions
and physiological function. Acting as diagnostic indicators for biological
processes (Biomarkers Definitions Working Group, 2001; Strimbu and Tavel,
2010), these markers originate from the host or external sources such as the
microbiota and may fall within several classifications such as genetic,

proteinaceous or metabolites.

Predictive indices are composite tools constructed from multiple variables,
including biomarkers. While they do not fall explicitly within the classification of

biomarkers, they are discussed here alongside single-point biomarkers
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Compositional and metabolic markers from dysbiotic microbiomes have been
identified as being associated with colorectal cancer (CRC) development and
progression. Markers may be associated with the prevention of tumour growth
or linked to microbiomes associated with CRC progression (Purcell et al., 2017;
Avuthu and Guda, 2022).

The Gut Microbiome Health Index (GMHI) is a composite score assessing 50
microbial species associated with a healthy microbiome. It is able to distinguish
between healthy and non-healthy Individuals with an accuracy of 73.7% (Gupta
et al., 2020). The index is built on data from shotgun metagenomes from 4347
participants and compares the relative abundance of microbial populations at
the species level, grouped by their associated good and adverse health
conditions. The unhealthy classification is an aggregation of 12 disease states
and abnormal body weight conditions. While the index may be successful in
distinguishing large compositional changes between healthy and dysbiotic
states, it lacks the power to differentiate between diverse diseased states.
Importantly, it is unclear whether shared microbial characteristics across a
range of conditions such as: overweight, underweight, Crohn’s disease and
colorectal cancer are sufficiently informative, or if state-specific indices provide
more descriptive utility. Finally, since GMHI is based solely on population
demographics and shotgun metagenomics, it may lack features required in
diagnostic tests: metagenomic sequencing host and data processing times
exceed what would be appropriate clinically and a diagnosis of “unhealthy” may

not be appropriate or specific enough for therapeutic intervention.

The Microbial Dysbiosis Index(MDI) (Toto et al., 2024) was designed as a tool
to assess disruptions to the intestinal microbiome associated with inflammatory
bowel disease(IDB). MDI uses both clinical observations and taxonomic
markers, with several bacterial genera described as being positively associated
in stools and ileal biopsies of IDB patients. The metabolic state was assessed
with predictive analysis based on 16s data and PICRUST and confirmed with
indican levels in urine, a product of bacterial metabolism of tryptophan within

the intestinal tract.

Predictive markers based on microbial populations at the point of admission
have been explored and applied to Antibiotic-associated diarrhoea (ADD) and
CDI (Berkell et al., 2021). Findings indicate that patients with ADD and CDI
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commonly show higher abundances of pathobionts from the Enterococcus
genus (E.faecium and E.faecalis) in contrast to reductions in taxa such as
Blautia, Ruminococcus, Porphyromonas, and Bifidobacterium observed as
being lower in abundance. The ratio of Enterococcus-to-Ruminococcus ratio

was identified as being an effective marker for CDI.

These largely taxonomy-based indices show strong associations with specific
populations with well-defined clinical statuses. However, there is little evidence
supporting their effectiveness as predictive or diagnostic tools. Offering
relatively binary approaches, they aim to define a broad dysbiotic state. In the
case of MDI, this dysbiotic instance is specifically contextualised for its
association with IDB patients but does not explicitly mention any capacity to
differentiate IDB from other gastrointestinal diseases. Given these limitations,
indices of this nature may currently have limited diagnostic potentials. However,
they may be useful as predictive tools for disease progression.

Microbiome-based health indices offer significant promise in diagnosing and
classifying dysbiosis. However, relying solely on taxonomic associations in their
construction is inadequate, as it overlooks critical functional and metabolic
factors. A multi-omic approach, incorporating more diverse biomarkers, may
provide a more refined framework for assessing microbiota health and

functionality.

Research has begun to explore the integration of metabolomic markers with
taxonomic indicators. An investigation into hospital-acquired diarrhoea and CDI
compared antibiotic-associated cases with non-antibiotic associated instances
and identified with antibiotic-associated instances, there were unique microbiota
profiles of Enterococcus-dominated and non-Enterococcus dominated
microbiomes, and an increase in Enterococcus species was positively
associated with CDI. Within both groups, C. difficile detection was associated
with an increase in the presence of the SCFA butyrate (Bosnjak et al., 2023).
Providing an interesting perspective on the integration of multi-omics in
microbiota investigations, the methodology invites consideration regarding the
practical application of identified biomarkers. C.difficile infection, in this
instance, was diagnosed through the detection of GDH and Polymerase Chain
Reaction (PCR) for Toxin B (tcdB) and binary toxin (cdtA), which is not
sufficient to diagnose CDI. The utility of butyrate as a biomarker singular
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biomarker of CDI is limited, as butyrate production is not limited to toxigenic C.
difficile, particularly when effective biomarkers (such as C. difficile toxins) with
validated assays for CDI exist. Despite these limitations, this study effectively

demonstrates the potential of metabolic markers in identifying CDI and gut

dysbiosis.
1.6 Approaches to identifying markers of dysbiosis

1.6.1 Meta-omics

Omics techniques transformed the understanding of genetic information flow
and cellular processes within singular organisms; Meta-omics approaches apply
the same framework to study complex microbial ecosystems, capturing the
intricate dynamics and interactions that shape microbial communities (Barker-
Tejeda et al., 2024). By applying these techniques to the gut microbiome, it is
possible to study both the compositional and functional characteristics in a way
that can contextualise microbial activity to human health outcomes (Yachida et
al., 2019; Kappel et al., 2020; Liu, X. et al., 2023).

Meta-omics encompasses multiple omics modalities: genomics, transcriptomics,
proteomics and metabolomics, each targeting distinct layers of microbiome
function. Combining these approaches, it is possible to explore the microbiomes
from complementary perspectives (Figure 1-1 Meta-omics Approaches Along

the Central Dogma).
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Figure 1-1 Meta-omics Approaches Along the Central Dogma. lllustrating
how different modalities are applied from the study of functional potential
to phenotypic expression

Metagenomic analysis has a well-established role in microbiome research,
providing extensive compositional and functional information for the human
intestinal microbiome (Human Microbiomes Project Consortium, 2012)
(McDonald, D. et al., 2018) (Tigchelaar et al., 2016).

When designing multi-omic studies, it is important to consider the suitability of
sequencing methodologies to the research question. For studies exploring
compositional changes at a genus level 16s rRNA and shotgun sequencing may
perform comparably (Pearson, 2013). However, shotgun sequencing has been
shown to detect an increased range of the microbiota within the gut. Shotgun
sequencing offers a greater resolution able to detect a broader range of the
microbiota including less abundant taxa. This increased capacity to recover
minor constituents of the microbiome may provide a more nuanced insight into
compositional and functional shifts, enhancing the resolution of microbiota

analysis.

Protein homology-based alignments are employed to enhance computational
efficiency in metagenomic workflows by aligning translated protein sequences

rather than genomic sequences, redundancy is reduced. These translated
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microbial sequences are ideally matched to a non-redundant sequence
database (O'Leary et al., 2016) to facilitate taxonomic and functional binning.

Metabolomics, a relatively new field, complements metagenomics by focusing
on the characterisation of the metabolome, small molecules that are the result
of the biological activity of both host and microbiota (Wishart et al., 2007;
Wishart et al., 2022). In in-vitro studies, particular attention may be directed
towards microbiota-specific mechanisms; while this may simplify the
complexities of in-vivo symbiosis, in-vitro studies allow for the controlled study
of microbial process in a more focused and manageable environment than can

be achieved with in-vivo.

The integration of metagenomic and metabolomic approaches has shown

promise in characterising the intestinal metabolome within animal models.

Research indicates that even with relatively short courses of single antibiotics,
significant alterations can occur within the intestinal metabolome, affecting the
abundance of 87% of identified compounds, implicating multiple metabolic
pathways. Additionally, the effects of enrofloxacin and vancomycin have been
observed to alter microbiome composition, host immune response and

metabolome in mice (Sun et al., 2019).

Antibiotic-associated atherosclerotic lesions have been identified as being
associated with a loss of microbial abundance and diversity. Compositional
findings accompanied by untargeted metabolomics on serum samples indicated
that antibiotic treatment-induced effects on the metabolome, particularly

tryptophan and secondary bile acid metabolism (Kappel et al., 2020).

A ten day course of cefoperazone, induced dysbiosis in mice, making them
susceptible to C. difficile infection, resulting in compositional changes and
increases in key metabolites such as bile acids and carbohydrates conducive to
bacterial growth (Theriot et al., 2014), cefoperazone associated dysbiosis in

mice was similarly associated with C. albicans (Gutierrez et al., 2020).

While multi-omic investigations in animal models reveal valuable insights into
the implications of antibiotic-induced gut dysbiosis, the dynamics in human
patients are characterised by complex disease states with multifaceted

aetiologies.
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Multi-omic studies utilising metabolomics have been used to explore the
microbiome of Crohn's disease and ulcerative colitis patients, associating
metabolic shifts with host inflammation, with up to 31% of features differently
abundant in IDB patients. Bile acids and long-chain fatty acids were identified

as compounds of interest (Franzosa et al., 2019).

Efforts are being made to catalogue compounds associated with the human
metabolome encompassing host and microbiota derive products. The Human
Metabolome Database is one such project (Wishart et al., 2022), providing a
resource of compound information and contextual and identification

characteristics for metabolome derived compounds.

Due to the variety of statistical methodologies which underpin -omics studies,
there are issues with comparability between studies. The gut microbiome-
metabolome dataset is an aggregation of 14 human gut microbiome-
metabolome studies, that seeks to address that through its unification and
curation of datasets (Muller et al., 2022). With emerging fields, there will
inherently be variations in the processing and utilisation of data sets, which can
make comparisons between data and the identification of biologically
meaningful truths challenging, which is evident from the evolving perspectives

researchers have on the microbiome.

While human and in-vivo models offer powerful insights into the intestinal
metabolome, there are practical and ethical limitations to the studies which can
be performed. While in in-vivo models, it is common to conduct cross-sectional
analysis on individual subjects, sampling and analysis methods often
necessitate sacrifice, and due to this, longitudinal in-vivo studies explore the
dynamics across populations over time. In-vitro models allow the study of single
systems within highly controlled environments to explore the mechanisms of

dysbiosis over long periods of time with multiple sampling opportunities.
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1.6.2 In-vitro Model systems

The ability to accurately model the complex interactions of the microbiota is
crucial to the future success of microbiome research. Model systems are
required to be able to maintain complex and stable microbial communities for
the duration of study, and while in-vivo models such as mice are common,
particularly in studies implicating the host immune response, in-vitro models are
a popular alternative for studying the microbiome due to ethical and practical
considerations. The aim of using in-vitro models in human microbiome research
is to accurately replicate the conditions of the human colon within a highly

controlled system.

In-vitro models for studying the microbiome can be broadly categorised into
three classifications: Batch fermentation, continuous single-stage and
continuous multistage models. Model systems vary in complexity and suitability

to research questions.

1.6.2.1 Batch Fermentation models

Batch fermentation models offer the simplest in-vitro system, in which bacteria
are maintained in a single vessel with controlled internal conditions. They
potentially offer an avenue for highly parallelised screening of the microbiome
over relatively short time frames (Roupar et al., 2021). The simple nature of
these models causes nutrients to deplete and the build-up of potentially
inhibitory metabolites within the vessel, limiting the feasibility of longitudinal

studies.

1.6.2.2 Continuous single-stage models

Continuous single-stage models represent the next conceptual development in
the progression of in-vitro models, offering a higher level of complexity

compared to batch fermentation methods (Gianetto-Hill et al., 2023).

Unlike batch fermentation systems which are closed environments, continuous
single-stage models allow for the continuous replenishment with fresh growth
media and the removal of potentially inhibitory metabolites produced by
cultures. These factors have the potential to significantly extend experimental
lifespan, enabling long-term cultivation of microbial community under conditions

which may more closely mirror those found in vivo. In addition to nutrient
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replenishment and removal, turnover rate can be used to simulate gut transit
times, exploring transient colonisation and antibiotic washout from the intestinal
microbiome. These factors can allow for more accurate monitoring of microbial
growth rates and metabolic outputs than would be achievable with batch

models.

Longer experimental time allows for continuous single-stage models to explore
a wider range of research questions exploring how the microbiome changes

over time, such as in response to antibiotic instillation.

Despite their ability to support longer experimental durations, due to their
simplicity continuous single stage models fail to capture the physiological
variable along the gastrointestinal tract (Prochazkova et al., 2024). This
limitation prevents them from representing the distinct environmental conditions
that shape the microbial communities across different regions of the gut. As a
result of this single stage models cannot fully represent the complexity of the
trophic interactions that emerge both within and between these environmental

niches.

1.6.2.3 Continuous multi-stage models

Continuous multi-stage (CMS) models represent an expansion of the single-
stage systems discussed earlier. Designed to study the intestinal microbiome,
these most have been developed to more effectively replicate and support the
diverse microbial ecology found within the human colon. The model utilised
within this thesis is a development of those described and validated against the
intestinal contents of sudden death victims by Macfarlane et al. (Macfarlane et
al., 1998).

The conditions within the gastrointestinal vary significantly along its length, with
considerable variations occurring within the colon alone. Multistage chemostats
aim to provide an effective in vitro representation of this diverse range of

environments.

Gastrointestinal transit, varying pH and nutrient availability can be replicated
and maintained for extended periods of time with CMS in a manner not possible

with batch or single stage systems.

The ability of these models to accurately maintain conditions and support

microbial populations representative of the human colon for sustained periods
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has led to their use across numerous studies. They have been used extensively
to study the intestinal microbiome, being employed in pre-clinical research
(Roberts et al., 2020) with notable studies investigating the impacts of antibiotic
therapy and the potential to develop antibiotic-associated diseases (Saxton et
al., 2009; Chilton, Caroline H. et al., 2012; Moura et al., 2022; Davis Birch et al.,
2023), and exploring restorative therapies such as FMT (Moura et al., 2020).
The versatility and modularity of these systems have enabled adaptation with
biofilm-supporting structures to explore potential sources of recurrent infection
in CDI (Crowther et al., 2014; Normington et al., 2021).

CMS models have been further expanded beyond modelling the colon. The
Simulator of the Human Intestinal Microbial Ecosystem (SHIME) expands CMS
systems to reactors representing the stomach and small intestine in addition to
the colon (Van de Wiele et al., 2015). Notably all vessels within the SHIME
model are seeded with faecal microbiota. While this does have distinct practical
advantages, the suitability of faecal microbiota for upper gastrointestinal tract
models is questionable due to variations in microbial composition and density
between regions (Leimena et al., 2013) (Human Microbiomes Project
Consortium, 2012) (Sender et al., 2016)

Understanding the limitations of any model system is an important step in
applying that system to research. Within the realm of statistical models, the idea
by George E. P. Box that “all models are wrong, but some are useful” is widely
acknowledged. All model systems are inherently flawed, but some may be
powerful research tools that can be applied to study the microbiome from varied

perspectives.

In vitro models thus provide an avenue to explore trophic interactions of the
microbiota under controlled environmental parameters. They allow for spatial
investigations of the colonic microbiota that would require surgical procedures in
vivo and involve fewer ethical constraints than animal models. The insights
gained from in vitro studies can provide valuable insights to inform and

effectively allocate resources in clinical investigations in patient populations.



1.7 Thesis outline

This thesis comprises four investigatory chapters in which distinct aspects of

microbiome analysis are addressed using culture, metagenomics and

metabolomics in the context of antibiotic-induced dysbiosis.

Chapter 2

Metabolomic Methods Development

e Metabolomic Pipeline Development
for LC-MS analysis

* Sample preparation : Optimised
workflow for consistency and
scalability

¢ Discussing challenges of
Metabolomic analysis and contextual
limitations

Chapter 3
Gut Model

« |Implementation of an /n-Vitro model
simulating antibiotic induced
dysbiosis

+ Monitoring Key taxa for impacts of
antibiotic and recovery.

s Confirming dysbiosis, by challenging
colonisation resistant with intestinal
pathogens.

Chapter5 |
Metabolomics

» Phenotypic Resolution of functional
pathways identified in Chapter 4

= Explore the potential for
Metabolomics to resolve
characteristics of antibiotic induced
dysbiosis

« |dentify a panel of putative bacterial
markers for antibiotic induced
dysbiosis

Chapter4 |
Metagenomics

e Taxonomic Shift : identifying changes
in taxa composition in response to
antibiotic therapy

¢ Functional Impact : Exploring
functional capacity changes related
to altered microbiota

Figure 1-2 Thesis Structure: Method development, In-vitro modelling and
multi-omic approaches for exploring the intestinal microbiome. Summary
of key experimental chapters contained within this thesis, focusing on
exploring the impacts and identification of potential biomarkers
associated with antibiotic associated dysbiosis.

1.7.1.1.1 Chapter 2: Metabolomics Method Development
This chapter details method development for a unified Liquid Chromatography
Mass Spectrometry pipeline facilitating untargeted metabolomics investigations

across in vitro models and clinical patient samples.

1.7.1.1.2 Chapter 3: Gut Model
This chapter covers the implementation of in-vitro models for antibiotic-induced
dysbiosis, assessing both the immediate impacts of antibiotics on the intestinal

microbiome and potential for microbial recovery.
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1.7.1.1.3 Chapter 4: Metagenomics

This chapter begins omics investigation into the microbiome, presenting a
metagenomic analysis of the long-term effect of antibiotic therapy, comparing
the bacterial community impact and recovery assessed via metagenomic to
those identified via culture-based method in chapter two. Metagenomics allows
for more comprehensive insights into the microbiome composition as well as

being able to explore the potential functional capacity of the microbiome.

1.7.1.1.4 Chapter 5: Metabolomics

This chapter explores the phenotypic resolution of antibiotic-induced gut
dysbiosis. Building on the microbial compositional and functional changes
identified in Chapter 4, using the Liquid Chromatography Mass Spectrometry
pipeline developed in Chapter 2.

1.8 Thesis Aims

This thesis aims:

e To develop an effective and scalable pipeline for metabolomic analysis of
in-vitro gut models and human faecal samples.

e To determine whether in-vitro gut models can be used for the
investigation of antibiotic induced dysbiosis

¢ To identify putative bacterial markers of antibiotic induced gut dysbiosis,
using multi-omics approaches (metagenomics and metabolomics) in in-

vitro gut models
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Chapter 2

Metabolomic Methods Development

2.1 Introduction

Metabolomics is an emerging and rapidly evolving area of research, finding
applications across a wide range of research questions (Yang et al., 2019). The
field investigates the collective spectrum of small molecules, substrates,
metabolic intermediaries and endpoints of biological processes providing insight
into the cumulative expression of the genomic and functional capacity of a
system. By studying the metabolomes of various biological matrices, such as
faeces, blood, and tissue extracts, it is possible to gain critical functional
insights into health and disease (Tsukuda et al., 2021; Dekkers et al., 2022).
However, due to the field’s evolving nature and the unique methodological
challenges posed by the diverse range of sample types, there is little
standardisation within the field, creating an obstacle to workflow selection
(Wang, Z. et al., 2018; Erben et al., 2021; Kelly, P.E. et al., 2022).

This thesis utilises Liquid Chromatography Mass Spectrometry (LCMS) to
explore the intestinal microbiome through in vitro gut models to identify possible
functional biomarkers of antibiotic-induced dysbiosis, aiming to validate these

putative markers in clinical samples.

The coupling of chromatography, either liquid (LC) or gas (GC), with Mass
Spectrometry (MS) results in a versatile analytical tool which can simplify highly
complex samples through the separation of components over time. LCMS has
advantages in its board compatibility in compounds (Pitt, 2009), including those
molecules with lower volatility, which may be less suited to GCMS. A large part
of the versatility of LCMS can be attributed to the range of column chemistries
that can be utilised for sample fractionation, which adds dimensionality to mass
spectrometry data through chromatographic retention times, increasing the
specificity of compound identification.

This chapter covers a spectrum of methodological considerations for
metabolomics pipeline development (Figure 2-1 Overview of LCMS
Metabolomic workflow with Validation steps for analysis), including LCMS
Setup, optimisation of extraction methodology for high-throughput analysis,
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validation of data-dependent Mass Spectrometry analysis, data annotation and

post-processing.

Csﬁm[::en 2.4.1 Faecal Sample
° T ° Processing Methods
2.91 Impact of Polarity Sample | 2.4.2 Evaluation of
an Compound Recovery Processing Extraction Solvents
¥
2.92 Compound HPLC
Classes A_ssoc_iate by Separation 2.7 Deep Scan - Determining
Retention time ¥ 3 Optimal Coverage
Full -Scan Data-Dependent ¢ /
MS MS?
¥ ¥
Compound Discoverer
2.8 Local Library -
Compound Detection and
Development } Quality Control
2.93 Compound ¥ 3
Annotatiocn Confidence L Local Library Online Database
Mapping Mapping
A 4
Data output and analysis
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| Validation Steps | Sample Preparation || LCMS
| Data Processing | | Compound Annotation |

Figure 2-1 Overview of LCMS Metabolomic workflow with Validation steps
for analysis. Outlining the key steps in metabolomic analysis, including

sample collection (Blue), LCMS analysis (Red), data processing (Purple),
and compound annotation (Yellow), is listed. Chapter subheadings that

address the validation steps taken are outlined (Green).

Whilst metabolomics is widely used, its application to multistage chemostats
such as the MiGut and Leeds human gut model represents a novel area of
research. It warrants developing and validating a unified workflow for both in
vitro samples and faeces; because of this, it was necessary to develop a
pipeline suitable for use within the research group and the requirements of the

University of Leeds community.

Standardising practices through developing a group-specific pipeline that
addresses the analytical challenges associated with faecal and in vitro samples
will ensure reproducibility and comparability for future investigations. When
developing the workflow, it was important to consider the utility of the pathway
for both sample types, as it is anticipated that metabolomic insights from in vitro
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investigations may pave the way for translation biomarker validation studies on

clinical samples.

2.2 Chapter Aims

Establish a reliable LCMS pipeline: Sample extraction, LCMS analysis
and the post-processing of in vitro and faecal samples in metabolomic
analysis

Define the analytical boundaries of the pipeline: identifying which
compounds fall within the realm of whose which can be reasonably
determined, assessing its suitability for exploring the intestinal
microbiome both in vitro and via faecal samples.

To improve compound annotation depth and accuracy: by

developing an in-house LCMS spectral library.
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2.3 Experimental outline

In the context of a novel application for the university and research group, the
absence of established metabolomics expertise necessitated developing and
validating a new pipeline. The steps taken in the following sections aim to
ensure the reliability of the pipeline and begin to define experimental boundaries
by exploring the analytical recovery of known metabolites.

2.3.1 High-Performance Liquid Chromatography, Sample
Fractionation

High-Performance Liquid Chromatography (HPLC) is a powerful technique that
enables the fractionation and analysis of highly complex samples based on the
physiochemical properties of analytes within the sample. This process results in
the gradual elution of compounds throughout a chromatographic gradient by
gradually altering the composition of the mobile phase. The elution times of
compounds can be used as data points, allowing for more specific matching of
compounds to known standards. Chromatographic retention times can
potentially be used to differentiate compounds of the same m/z through different
chemical properties. Upon elution, analytes are directed to the MS; the
reduction in the number of compounds entering the MS enhances the sensitivity
and specificity of compound detection. Column chemistry selection may greatly
impact the type of compounds which can be recovered; this factor is the reason
for the validation steps discussed in 2.9 Metabolite Identification Limitations.
This thesis utilises Carbon-18 (C18) reverse phase HPLC. Column chemistry is
discussed in detail in the section. 2.5.1 High-Performance Liquid

Chromatography.
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2.3.2 Full Scan and Deep-Scan Experiments

Two LCMS experiments are conducted to maximise data collection whilst
minimising machine time and data processing requirements. This is achieved by
avoiding redundant data acquisition across samples by reducing the number of
tandem mass spectrometry (MS?) experiments performed (Figure 2-2 LCMS

Experimental Outline for Full Scan and Deep Scan Experiments.).

2a MS Spectra
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e
1a TETTEEEEAE A mm |
Y Y ' 3

Experimental QC-Blank-QC Experimental Linked by Compound m/z and
chromatographic retention
time
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Figure 2-2 LCMS Experimental Outline for Full Scan and Deep Scan
Experiments.. This figure outlines key steps in the MS analysis of extracted
samples. The injection order (1a) illustrates how quality control (QC) samples
and blanks for normalisation and carry-over checks are integrated. For Deep-
Scan analysis, the injection process (1b) facilitates the creation of exclusion and
inclusion lists for iterative MS? generation in the following steps. The output of
the MS data (2a) can be linked to MS? spectra (2b) from the Deep-Scan
experiment through the correlation of compound m/z values and retention times.
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Experiments are performed in positive and negative ionisation modes, referring
to the way in which molecules are ionised and selected before being transferred
to the mass spectrometer. The decision to perform both positive and negative
experiments was made due to the fact compounds may form ions more
effectively in one mode over the other, influencing sensitivity of detection.
Compounds may have a greater propensity to gain or lose protons ([M+H]* or
[M-HJ), or form adducts with other ions within the sample such as chloride (CI")
or sodium (Na*) ions (Figure 2-3 Examples of some common positive and

negative molecule (M) adducts).

Negative Adducts Positive Adducts
: p -l : -1 : ; +1 g
Mole_cule_! * Molecule - Molecule + Molecule +
Chloride ion Hydrogen lon Hydrogen ion Sodium ion

Figure 2-3 Examples of some common positive and negative molecule (M)
adducts. Examples shown include protonation ([M+H]*), sodium
adduction ([M+NA]*1) in positive ionisation mode and deprotonation ([M-

H]1) and chloride adduction ([M+CI]?) in negative mode.

The rationale behind conducting experiments in both positive and negative
ionisation modes to provide more comprehensive characterisation of the

intestinal microbiome.
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2.3.2.1 Full Scan
A Full-Scan experiment (Figure 2-4 MS processes during Full Scan LCMS

experiments) aims for comprehensive metabolite coverage, capturing all ions
across the defined full m/z range. Within the Full-Scan experiment, no ion
fragmentation is performed, aiming to provide intact masses for all compounds
within the sample. Focusing solely on the collection of single MS data for intact
compounds, rather than conducting MS? experiments as well, more sample
points can be included over the course of a compound's elution. This results in
better peak integration and more accurate measurements of abundance.

During Full-Scan experiments initial quadropole

acts as a wide-pass filter removing compound
ions outside defined scan range_

2 6 m/z of intact compounds
is analysed in Orbitrap
mass analyser
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Figure 2-4 MS processes during Full Scan LCMS experiments. (1)
Compound ionisation by Electrospray ionisation occurs in positive and
negative moves. (2) Neutral compounds are removed from the ion beam;
neutral compounds fail to be directed by the active beam guide. (3)
Quadrupole filters out compounds which do not fall within the scan range.
(4) The Iron routing multipole packages groups of compounds, which are
routed to the C-Trap (5) The C-Trap injects intact compounds into the
orbitrap (6) Compounds are analysed by the Orbitrap mass analyser.

During the Full-Scan experiment, samples were analysed with triplicate
injections, and the sample order was randomised across the run. Quality control

injections taken from the pooled samples serve as reference points for
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normalisation throughout the run, as readings may fluctuate over time as
conditions with the mass spectrometer change. Blanks are injected regularly
and act as points to identify the carryover of analytes between chromatographic
runs. Following blank injects, an additional QC injection is advised to maintain
column conditions between samples. The rate at which QC and blank injections
are performed is every 5-10 samples, depending on the length of the run, to

balance data quality with machine run time and availability.

2.3.2.2 Deep Scan

Deep-Scan experiment (Figure 2-5 MS processes during Targeted Deep Scan
LCMS experiments) is a targeted scan focusing on compounds within a list of
pre-determined m/z values by iteratively working through a list of all compounds
identified within the sample set from a pooled sample. The most abundant
compounds are identified and added to a target list for further analysis.
Collision-induced fragmentation (CID) breaks compounds into fragment ions.
These fragment ions provide valuable information on compound composition
and structure, used to differentiate compounds of similar mass and composition.
Each iteration of the Deep-Scan experiment works down the list of compounds,
digging deeper into the data set and providing fragmentation data for more

compounds within the dataset.



46

When conducting Deep Scan targeted analysis,
the quadropole filters precursor ions identified
in the Inclusion list for fragmentation prior to
analysis

6 lon fragments produced
inin the lon Routing

Multipole/CID chamber
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Figure 2-5 MS processes during Targeted Deep Scan LCMS experiments.
(1) Compound ionisation by Electrospray ionisation occurs in positive and
negative moves. (2) Neutral compounds are removed from the ion beam;
neutral compounds fail to be directed by the active beam guide. (3) During
Deep-Scan experiments, the quadrupole acts as a narrow filter, selecting
compounds on the current iterations inclusion list and allowing them to
pass to the lon routing Multipole/CID Chamber (4) These precursor ions
which arrive in the CID chamber, undergo fragmentation via high energy
impacts with nitrogen, fragment ions are directed to the (5) C-Trap before

being injected into the (6)Orbitrap for analysis.

Deep Scan experiments are conducted on pooled samples, which theoretically
contain all metabolites within the experiment set. A blank sample is injected and
analysed with a full scan experiment to generate an initial exclusion list of
background compounds that will not be selected as precursor ions for MS2
experiments in the following injections. An initial full scan experiment on the
pooled sample generates a list, which, in theory, contains all compounds within
the sample set. This compound list generates target lists of precursor ions for
MS2 experiments. The Deep-Scan workflow iterates through the compound list,

selecting the analysis of the most abundant compounds before adding them to
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an exclusion list for the next iteration. This prevents the continual reanalysis of
the same compounds across iterations. The appropriate number of iterations
necessary for comprehensive metabolite identification is discussed in 2.7 LCMS

Deep Scan Experiments: Determining Optimal Coverage.

2.4 Sample Processing

In the development of a metabolite extraction pipeline, emphasis was placed on
creating an optimised methodology for both faecal samples and in vitro model
samples (Figure 2-6 Outline of Key Steps in the Extraction of Metabolites from

Faecal and In Vitro Samples).

1. Sample Collection & Important
Storage consideration, full
¥ incorporation into the
2. Sample diluent is consistent
y I across sample
Homogenisation consistencies whilst

¥ remaining repeatable

Solvent selection for 3. Removal of Cells digggsz?:jl?r?gij

protein precipitation & Fibrous material

varies between 3
protocols. Organic

solvents typically used 4. Protein precipitation
( MeOH , EtoH, MeCN)

are reviewed in 2.4.2 ¥ .

5. Evaporation and
Resuspension

Figure 2-6 Outline of Key Steps in the Extraction of Metabolites from
Faecal and In Vitro Samples.

In the development of a metabolite extraction pipeline, particular emphasis was
placed on initial homogenisation of faecal specimens covered in 2.4.3
Comparative Analysis of Faecal Sample Processing Methods: Bead-Beating vs.

Manual Extraction.

Faecal samples, owing to their heterogeneous composition, present distinctive
challenges. Variations in diet, health status, age, medication history, and
underlying gastrointestinal issues contribute to the challenging nature of
establishing a standardised protocol for metabolite extraction suitable for a
range of sample consistencies. Disruption and emulsification of faeces into a
diluent such as phosphate-buffered saline (PBS) phosphate-buffered saline is

necessary to aid in the removal of non-soluble fibrous material and remove host
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and microbial cells. Incorporating solid faecal samples into a liquid state is
integral to the centrifugation and filtration steps that facilitate this.

Due to the agueous environment of the in vitro models, samples from the MiGut
or Leeds Human Gut Model-(HGM) are readily processed without the need to
be incorporated into a diluent. In vitro model samples can be analysed without
any preprocessing steps, and following mixing by agitation samples can be

processed immediately via centrifugation and filtration.

Extraction solvent choice was also a concern for developing a unified extraction
process for faeces and in vitro samples. Several solvents are commonly used
for metabolite extraction for LCMS analysis, the potential of which is discussed
in 2.4.4 Comparative Evaluation of Extraction Solvents for Faecal and In-vitro

model Samples

2.4.1 Ethical approval

The collection and use of human faeces in the model has been approved by the
School of Medicine Research Ethics Committee, University of Leeds (MREC-
15-070-Investigation of the interplay between Commensal Intestinal Organisms

and Pathogenic Bacteria).
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2.4.2 Solvent-Based Metabolite Extraction

Samples were all processed with a solvent-based extraction Figure 2-7
Overview for Metabolite Extraction for Faecal and In Vitro Gut Model Samples.
Faecal samples underwent an initial homogenisation step to improve the
efficacy to centrifugation and filtration in the follow steps and ensure uniform
distribution of metabolites within the sample. Faecal sample homogenisation
methodology is discussed in 2.4.3 Comparative Analysis of Faecal Sample

Processing Methods: Bead-Beating vs. Manual Extraction.

A - Faecal Samples B - in Vitro Model

— ﬂ - Samples
l| ]' | yi
-

1000mg

Faeces + Sample

10001 PBS Homogenisation

_ I -
g o ol f
— — — . —

_ = _ ] LY
1) Centrifuge 5000g . .
for 20minues at 4°C 2) Filter sterilise 3) store at 4).1:3 Sampletc  5) Vortex
supernatant -80°C Solvent 30 Seconds
; I
a_., 7T
\ 7 -
(=a \
- Y /] S
6) Centrifuge 10000g 7)Transfer Supernatant ~ 8) Resuspend 9) Sonicate
for 20 minutes at 4°C and evaporate under in 300ul, 5% for 2 minutes

vacuum Methanol

Figure 2-7 Overview for Metabolite Extraction for Faecal and In Vitro Gut
Model Samples. (A) Faecal Samples undergo an initial homogenisation
step to aid in extraction of metabolites (B) in contrast in vitro samples are
aqueous in nature and more homogenous, therefore only require
vortexing to ensure metabolites are uniformly dispersed within the sample
prior to extraction

To remove bacterial and host cells prior to storage and extraction, samples are
centrifuged at 50009 for 20 minutes and filter sterilised through a 0.22um
polyether sulfone (PES) syringe filter. The Supernatants are then presumed to

be sterile, free from non-cellular material, bacterial and host cells, and suitable
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for long-term storage at -80°C, generally recommended for metabolomic
samples (Smith et al., 2020; Valo et al., 2022).

If stored at -80°C prior to extraction, samples should be thoroughly defrosted
and vortexed before beginning the solvent-based metabolite extraction.
Samples are diluted in a 1:3 ratio of sample to solvent (Methanol (MeOH)) and
vortexed for 30 seconds. They are then centrifuged at 10000g for 20 minutes at
4°C to remove precipitate, which should contain proteins and other
macromolecules. The supernatant containing the metabolites of interest is
transferred to a new Eppendorf tube and evaporated under a vacuum until dry.
The dry material can then be resuspended in the original sample volume using
5% methanol. The sample should subsequently be vortexed and sonicated to

aid in dissolution.

2.4.3 Comparative Analysis of Faecal Sample Processing Methods:

Bead-Beating vs. Manual Extraction

The homogenisation process for faecal samples combines raw faecal samples
in a 1:1 ratio with a diluent to create a faecal slurry. This is an important step as
it facilitates the removal of cells and other non-soluble material from the
aqueous phase. PBS is used instead of organic solvents, which have the
potential to disrupt filter membranes used to remove bacterial cells and non-

soluble material.

Faecal slurries are the processed in the same manner is in vitro samples
(Figure 2-7 Overview for Metabolite Extraction for Faecal and In Vitro Gut Model

Samples.)

Faecal material falls under the Human Tissue Act (UK Government 2004) and
may contain pathogens hazardous to human health; therefore, removing
bacterial and host cells before storage renders the samples safe to handle and
compliant with regulations. Ensuring that sample processing aligned with
compliance with regulations and ensuring sterility for processing in non-

biosafety labs were both considered in protocol development.

Six faecal samples obtained from healthy donors were subjected to analysis in
this study. Each sample underwent both processing methods: bead-beating and
manual agitation. Following homogenisation, the samples were extracted and

analysed in triplicate via LCMS.
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To evaluate the effectiveness of the homogenisation procedures, the
abundance of identified compounds was compared across 3 replicates for each
extraction method. Variations in metabolite extraction were identified by
calculating the coefficient of variation (CV) for each compound signal within the
replicate. The uniformity of compound extraction was used to determine the
consistency of homogenisation between bead-beating and manual processing

techniques.

Manual Preparation:

Manual agitation, similar to grinding with a pestle followed by vortex mixing
serves as an accessible method for sample homogenisation. The hands-on
nature allows for case-by-case tailoring to samples of a heterogeneous nature,
albeit with potential inconsistencies, time constraints, and scalability issues
inherent in manual sample preparations. Initial manual agitation is necessary as
vortexing alone is insufficient for the full incorporation of faecal samples into the
diluent. This method becomes inefficient when working with larger sample sets,
necessitating a more standardised and time-efficient homogenisation approach

for faecal samples.

PBS was added to faecal samples in a 1:1 ratio. Samples were initially
disrupted using a sterile loop inverted and used in a "pestle-like" manner to
facilitate homogenisation. Following disruption, samples were vortexed for 2

minutes to further enhance mixing and solubilisation of metabolites.

Bead Beater Preparation:

Bead-beating examined as a scalable alternative to manual mixing and
vortexing in sample preparation. Bead-beating offers shorter processing times,
scalability with increased sample numbers, and enhanced control and
repeatability. By comparing bead-beating with the baseline method, the aim was
to assess whether bead-beating can match the sample consistency achieved
with manual preparation. The experimental design was to evaluate manual
homogenisation alongside bead-beating, for consistency w processing

efficiency and scalability.

PBS was added to faecal samples in a 1:1 ratio. A sterile and acid-washed
6mm glass bead was added to each tube to aid in disruption. Homogenisation

was performed using a FastPrep-24 5G homogeniser set to a speed of 4 m/s,
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with 2 cycles of 20 seconds, interspersed with a 120-second pause between
cycles. The selection of bead size and homogenisation cycle parameters was
made to optimise emulsification of the sample while minimising cell damage and

processing time.

Following homogenisation, samples processed by both methods were sub-
aliquoted into three replicates. Metabolites were then extracted using the
method described in 2.4.2 Solvent-Based Metabolite from each sub-sample

and the relative abundance of compounds was assessed via LCMS

Compound relative abundance variation Analysis.

The relative abundance of compounds was measured, and the coefficient of
variation (CV) of compound abundance between replicates of processing
method recorded (Figure 2-8 Comparison of Coefficient Variability in Bead
Beaten and manually processed Samples: Positive vs. Negative lonization).
The coefficient of variation provides a normalised metric of dispersion for
readings within each set of replicates. A lower CV indicates that datapoints
within the replicates are closer to the mean. Compound CV was explored in
both positive and negative ionisation modes to ensure that impacts were

consistent across compounds recovered across both ionisation modes.
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Figure 2-8 Comparison of Coefficient Variability in Bead Beaten and
manually processed Samples: Positive vs. Negative lonization

The combined mean for All Bead-beaten samples was 32.47 and manually
extracted 33.50. The lower mean CV value implies there is less relative
variability within the bead-beaten samples, suggest greater consistency. A
welch Two Sample t-test was conducted using the t.test() functionin R to
compare the means of Bead Beaten and Manually processed groups. The small
but statistically relevant difference in mean supported by a p-value of 5.785e-11
suggests that bead-beating samples as a method of sample homogenisation, is
a viable and potentially preferable method compared to manual extraction.

2.4.4 Comparative Evaluation of Extraction Solvents for Faecal and

In-vitro model Samples

There are a variety of extraction solvents used for metabolite extraction when
processing samples for LCMS. Methanol (MeOH) Ethanol (EtOH) Acetonitrile
(MeCN) are commonly used in extraction protocols for reverse phase
chromatography analysis applications. During the development of an extraction
protocol, it was deemed appropriate to identify if there were significant
differences in the metabolome extracted from faecal and in vitro samples
between solvents. Solvent choice may impact metabolite extraction efficiency,

as different solvents could potentially extract different compound classes. Three
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commonly used solvents (MeOH, EtoH and MeCN), a 1:1 mixture of Methanol:
Ethanol (MeEt) as well as PBS for evaluation.

Pooled faecal sample from 4 healthy volunteers, processed with the bead
beating method described previously and pooled in vitro material from the distal
portion of a healthy Leeds Human Gut model during steady state were
extracted with each solvent.

Untargeted LCMS analysis was conducted in both positive and negative
ionization modes, resulting in the identification of 9393 and 9076 compounds
across all samples, respectively.

Principal Coordinates Analysis (PCOA) was employed to visualize the extracted
metabolomes, where sample types tended to cluster closely together rather
than by solvent type (Figure 2-9 PCoA Assessment of Solvent Effects on
Metabolite Profiles).
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Figure 2-9 PCoA Assessment of Solvent Effects on Metabolite Profiles

Variations between the extraction solvents were more pronounced in faecal
samples than In Vitro Model samples, potentially attributed to their increased

complexity and diversity of compounds within starting material.
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The three organic solvents and solvent mixture (MeOH, EtOH, MeCN, MekEt)
display comparable clustering in both Faecal and In vitro extractions.

With this in mind and in the context of untargeted LCMS analysis where the
focus is on capturing gross relative changes in the metabolome between
Healthy and dysbiotic states, extraction solvent choice may have a diminished
impact compared to targeted studies.

Considering the development of targeted studies in the future, with a focus on
absolute quantification and heightened sensitivity, profiling how extraction
solvents interact with specific compound classes of metabolites may potentially
be advantageous going forward.

2.5 LCMS Parameters

High-performance liquid chromatography (HPLC) was coupled with mass
spectrometry (MS) to resolve and analyse compounds. This coupling enables
the analysis of complex samples by reducing the complexity of individual
sample injections over time and adding another dimension of data through

chromatographic retention times.

2.5.1 High-Performance Liquid Chromatography

High-performance liquid chromatography (HPLC) is characterised by its high
working pressure and small particle size of the stationary phase. The smaller
bead size used in HPLC offers a greater surface area for increased interactions
between the analytes and stationary phase of the column, leading to increased
separation efficiency, improving the resolution compounds eluting over similar
time frames. The increased operational pressure of HPLC allows for enhanced
separation speed and efficiency which would not be possible with traditional

liquid chromatography.

Liquid Chromatography is often described as being Normal Phase or Reverse
Phase. This distinction describes the polarity of the stationary (column) and

mobile phases (solvent).

Normal phase chromatography has a polar stationary phase and non-polar
mobile phase. The non-polar solvents used in normal phase are less suited for
the analysis of polar aqueous samples typical in many areas of biological
research (Jandera, 2013), alongside the environmental and safety concerns
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inherent when working with solvents such as hexane or chloroform means that

normal phase chromatography does not see as widespread use reverse phase.

In contrast to normal phase chromatography, reverse phase utilises a non-polar
stationary phase and a polar mobile phase (Figure 2-10 Reverse Phase
Chromatography, an overview.). The solvents used in reverse phase such as
water, methanol and acetonitrile pose fewer safety concerns than those
common in normal phase. This configuration is better suited to aqueous sample
types, making reverse phase the more commonly employed methodology in

biological and clinical research.
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Figure 2-10 Reverse Phase Chromatography, an overview. The mobile
phase consists of two components, Aqueous and Organic, which are
relatively more and less polar, respectively. The proportions of each
component change over time.
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2.5.1.1 C18 Chemsitry

Sample analysis in this thesis is performed using C18 reverse phase columns.
C18 column chemistry is defined by its octadecyl (CH2)17 chains bound to a
silica support base (Figure 2-11 C18 Column Chain Chemistry). These long
hydrocarbon chains provide the hydrophobic interaction points within the
column, upon which separation is achieved. These Hydrophobic interactions
cause non-polar compounds to elute later than the chromatographic run than

polar compounds.

C18| groups offer non-polar interaction HPLC Column
sites for the separation of compounds

CHs
|
| CHs  — (CH)iy|— Si — 0 —si
| Yo
CHs /
OH——Si
CHs
| P
CH3 — (CH2)17 -|— Si — 0 —Si
|
CHs

Figure 2-11 C18 Column Chain Chemistry . Silica Beads with Octadecyl
Chain attachment
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HPLC Column

C18 columns were utilised for chromatographic separation. C18 columns were
chosen due to their versatility in analysing biological samples. Hypersil GOLD
C18 selectivity Reversed Phase columns (2.1mm x 150mm) with corresponding
guard columns (2.1mm x10mm) (Thermo Fisher Scientific) were used across all

experiments.

Solvents

The aqueous phase (solvent A) consisted of high-performance liquid
chromatography-grade water (Romia) with 0.1% v/v formic acid, while the
organic phase (solvent B) comprised acetonitrile (Romia) supplemented with
0.1% v/v formic acid. Formic acid is added to the solvent to aid peak formation
by enhancing peak shape and reducing chromatographic tailing (Souihi et al.,
2023).
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Chromatographic Gradient

A 15-minute chromatographic gradient was utilised to balance runtime and
sample separation effectiveness. Flow rate was 0.3 mL/min. Data collection
occurred between 0.5 minutes and 10 minutes of each sample run. The
chromatographic gradient begins with a composition of 99% aqueous phase
and 1% organic phase. Between 0.5 minutes and 5 minutes, the proportion of

the organic phase increased to 60%; in minutes 5 to 6, the organic phase was

further increased to 95%, which is maintained until minute 10 (Figure 2-12
Organic Phase (Solvent B) proportion in HPLC Chromatography).
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Figure 2-12 Organic Phase (Solvent B) proportion in HPLC
Chromatography

After the data collection portion of the run, an equilibration step was performed
to prime the column for the next sample. During the equilibrium phases (before
0.5 minutes and after 10 minutes), the column flow was diverted to waste to
prevent sample build-up within the ionisation source and preserve the stability
of LCMS across extended analysis runs. During the equilibration step, the

organic phase component is reduced to 1% and maintained for 5 minutes.

The gradient was validated using pooled faecal material from healthy donors,
chosen for its anticipated complexity and diverse compound composition. 5ul
sample volumes were injected in triplicate and resolved according to the
specified gradient. The purpose of this validation was to ensure there was

minimal loss of metabolites during the equilibrium phase (Figure 2-13 Histogram
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of Compound Retention Times (minutes) of Pooled Faecal Samples). Retention

times for both positive and negative injections were recorded, with
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Figure 2-13 Histogram of Compound Retention Times (minutes) of Pooled
Faecal Samples
of approximately 95% of compounds in positive and negative mode eluting at

retention times of 7.0 minutes and 6.8 minutes, respectively. This assured that

there would be minimal loss of recoverable compounds during the equilibrium

phase.
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2.5.2 Mass Spectrometry

Mass spectrometry analysis was conducted using an Exploris 240 Orbitrap
system (Thermo Fisher Scientific). Heated Electrospray lonisation (ESI) was
used as the ionisation source. The positive ionisation mode was set at a voltage
of 3.5 kV, while the negative ionisation mode was maintained at 2.5 kV. A lower
negative voltage helps to reduce arching within the ion source. The vaporiser
temperature was set to 320°C. All data acquisition was performed with a scan
range of 80 — 800 mass-to-charge ratio (m/z). For Full Scan experiments, a
resolution of 120,000 was used. MS? experiments utilised stepped collision
energy at collision energies of 30, 50, and 150 and a resolution of 15,000. Runs
were managed with Xcalibur (ver 4.3) software (Thermo Fisher Scientific)
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2.6 Data Processing and Analysis

Metabolomic data was processed using Compound Discoverer v3.3, a
streamlined platform with integrated tools for post-processing, compound
detection, and identification. It supports both untargeted and targeted
metabolomics workflows. The workflow used in this study was adapted from a
default metabolomic workflow to suit the sample type and study requirements
(Figure 2-14 Compound Discoverer Untargeted Metabolomics data processing
workflow. Key data processing steps and their significant Parameters are

detailed below
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Figure 2-14 Compound Discoverer Untargeted Metabolomics data
processing workflow.

2.6.1 Input

Raw files for processing are imported as Xcalibur RAW files from the data
acquisition PC. They are categorised as ‘Samples,” ‘QC,’ ‘Identification Only,” or

‘Blank’ for Compound Discoverer’s use in subsequent processing steps.
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2.6.2 Spectrum Processing

The Align Retention Times node adjusts for small retention time variances
among compounds in sample runs. It employs the Chromalign algorithm
(Sadygov et al., 2006) for the alignment of chromatographic and Mass spec

data.

2.6.3 Compound Detection and QC

Detect Compounds filters out low quality extracted ion chromatograms (XIC)
traces, default parameters were used; mass Tolerance 5ppm, minimum peak

intensity 10000, and minimum 5 scans per peak.

Merge Features combines compounds identified by Detect compounds via m/z
values and chromatographic retention time. Default parameters used; mass

tolerance 5ppm, retention time (RT) tolerance 0.05 (min).

Group Compounds, groups compounds together based on similar
characteristics with default parameters used; mass tolerance 5ppm, RT
tolerance 0.2 (min), Preferred lons [M+H] and [M-H] and most common ion
selected as the area for integration.

Peak rating, a measurement of how “good” the peak is; contributed to by Area,
Coefficient of Variation, full width at half maximum, Jaggedness (changes in
peak direction), Modality (size of deepest valley), and “Zig-Zag Index” (mean of
all valleys within a peak) Together these scores off insight into the overall shape
and quality of the chromatographic peak. Base on scoring from the Peak Rating
Filtering can be done during processing, where a minimum score “4” was
selected across 3 files (all samples injected in triplicate so filtering out

compounds which are not detected across at least 3 being filtered as “noise”

Fill Gaps an interpolation node which calculates the area of missing

chromatographic peaks.

Apply QC Corrections Uses a Linear regression model to normalise

compound abundances based on QC samples throughout the experiment.

Mark Background Compounds highlights compounds identified in sample

blanks.
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2.6.4 Compound Identification

Assign Compound Annotation sets the order in which annotations are
applied. Ordering was curated to apply the highest quality compound

annotations where possible.

1. mzVault - This was chosen to be top annotation as it contains locally
generated data RT and Spectral Vault data. The combination of RT and special

data enhances reliability of compound annotations.

2. mzCloud - mzCloud contains spectral data for compounds and therefore
provides excellent fingerprint mapping of compounds detected to known spectra

providing accurate compound detection.

3. Predicted Compositions - suggest likely compound formula based on mass

spectrometry data.

4. Mass List Search - despite providing limited information, Mass list searches
can be used to identify compounds have been run locally but lack MS2 spectral
information. The inclusion of retention time data alongside compound masses

provides an additional dimension to compound identification.

5. ChemSpider Search - Offers broad compound coverage, the reliance solely
on compound formula or mass-based searches limits the specificity of
compound annotation. It may, however, serve as a useful tool when other

searches fail to provide potential identifications.
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2.7 LCMS Deep Scan Experiments: Determining Optimal
Coverage

The Deep Scan experiment relies on data-dependent acquisition (DDA) of MS?
spectral data. In the outlined untargeted workflow, it is responsible for the
generation of all necessary spectral data used for compound identification via
spectral libraries. The deep scan analysis begins with the generation of a list of
putative precursor ions to be selected for fragmentation and analysis.
Experimental cycles then select the most abundant compounds, moving down
the list with each successive cycle probing deeper into the dataset. This method
requires the balancing of dataset coverage against machine time, prompting an
evaluation of the cycles required for effective coverage of the intestinal

metabolome.

A pooled faecal sample, derived from samples obtained from 4 healthy
volunteers, underwent analysis. Faecal samples were selected due to their
anticipated diversity and complex of compounds, making them a suitable

medium for the evaluation of experimental performance and efficacy.

A data-dependent acquisition experiment was carried out, comprising 10
iterations of both positive and negative ionisation. Post acquisition, the data-
dependent acquisition for preferred ions ((M+H]+1 and [M-H]-1) for each

iteration was evaluated.

MS? coverage was broadly the same for positive and negative ionisation modes
whilst being consistently lower for negative ions. This is likely attributed to the
increased size of the negative dataset (Negative 95281 compounds vs Positive
80980 compounds) Figure 2-15 MS2 Spectra Distribution: Preferred lon
Coverage vs DDA lIteration, by lonization Mode

Mean coverage for both ionisation modes was approximately 37% for the first
iteration, 54% for the second, 64% for the first and 69% for the fourth. The
fourth round of DDA marked the point of diminishing returns for generating new
spectral data within the experiment.
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Figure 2-15 MS2 Spectra Distribution: Preferred lon Coverage vs DDA
Iteration, by lonization Mode

MS? spectra are in matching compounds against spectral libraries, mzCloud
and mzVault. Beyond the absolute coverage of the dataset, it is important to
interpret this data within the context of how successive DDA iterations influence

annotations, as these affect the practical utility of the data.
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Assessing “Full Match” identifications against compounds within the mzVault
and mzCloud, show a similar trend to total MS? coverage (Figure 2-16 Spectral

Library Annotations vs. DDA lIteration: Negative lonization).
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Figure 2-16 Spectral Library Annotations vs. DDA Iteration: Negative
lonization

For both total MS2 coverage of the data and assigned compound annotations, 4
DDA iterations seem sufficient; it is important to note, however, that the utility of
additional DDA iterations may change in the future as local and online

databases expand.
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2.8 Local Library Development — Processing and Annotation

For the enhancement of compound annotation, the development of local
metabolite libraries was pursued. Two commercially available libraries for mass
spectrometry were selected; Microbiome Metabolite Library of Standards
(GUTMLS), and Bile Acid Carnitine Sterol Library (BACSMLS) (IROA
Technologies, USA). They were chosen for their relevance to the intestinal
microbiome, as well as their potential to serve as benchmarks for the analytical
workflow. BACSMLS — contains 96 compounds belonging to the classes; bile
acids, carnitines, and sterols, and GUTMLS - contains 185 compounds
belonging to a diverse range of important metabolic pathways associated with

the intestinal microbiome.

The libraries were supplied as lyophilised 96 well plates with each well
containing 5pg of compound per well. Compounds were solubilised as per
manufacturer specifications using HPLC grade solvents (Methanol, Ethanol,
Chloroform) and prepared for multiplex injection. The rows of each plate were
pooled by row allowing BACSMLS to be analysed over 8 triplicate injections and
GUTMLS 16. Libraries were both run using the MS? experiment previously
described, due to the simplicity of the analyte being run, DDA was deemed

unnecessary. Both Libraries were run in positive and negative ionisations.

MLSDiscovery (IROA Technologies, USA) was Initially used to generate
spectral libraries. Despite the successful identification of compounds with the
data and generation of a library, Compound discoverer was unable to match
compounds with the Data set to online resources but not mzVault, despite being
within the defined parameters. It was believed that this was due to a lack of
standardisation within the NIST file format used to store LCMS data, resulting in
much of the meta-data Compound discoverer utilises in library matching being
lost. Despite multiple attempts to make the workflow function with reduced
metadata, it was unsuccessful in mapping compounds within the data to
mzVault and removal of metadata requirements from local library mapping
resulting in the workflow failing entirely. It was decided to rebuild the library
entirely. Compound Discoverer was instead used directly for library generation
to retain meta-data lost previously. A mass List of all compounds within the

library was used as the primary annotation source.
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Out of 281 metabolites analysed across two libraries, 170 compounds were
reliably identified: 132 from GUTMLS and 38 from BACSMLS. The ionisation
mode influenced the detection of compounds. For GUTMLS, 112 were positive
and 114 were negative, with 94 identified in both modes. For BACSMLS, 35
were positive and 26 were negative, with 23 identified in both modes. This
highlights the importance of analysing samples in both ionisation modes when

aiming to fully capture the metabolome during an initially exploratory analysis.

Compound identification was correlated to compound class likely due to shared
properties Figure 2-17 Distribution of Compound Classes by Recovery Status in
GUTMLS and BACSMLS Libraries. The LCMS protocol was particularly suited
to resolving identifying carboxylic acids and derivatives (26/27 compounds
Identified) and bile acids (21/33 compounds). It identified fewer Fatty Acyls
(24/41 compounds), carnitines (21/33) and sterols (7/31). These findings are
like those previously identified for the BACSMLS library, although there are
some discrepancies resulting from LCMS methodology, data curation and the

method of standard spiking (Pooled vs Individual).
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Figure 2-17 Distribution of Compound Classes by Recovery Status in
GUTMLS and BACSMLS Libraries
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The 287 spectra generated (147 Positive / 140 Negative) were all manually
curated during library generation. Sense-checking identified compounds against
pooled samples to ensure isomers within the libraries were correctly annotated.
MS? fragment data was compared to experimental and theoretical spectral data
in online resources were possible Human Metabolome Database (HMDB )
(Wishart et al., 2022), PubChem (Kim, Sunghwan et al., 2023), mzCloud).

A mzVault library was constructed with the curated data for each library
containing MS? spectral data, retention time and machine meta-data. The
mzVault libraries could potentially be made retention time agnostic in future and
could therefore, be utilised across multiple column chemistries using spectral

data alone.
2.9 Metabolite Identification Limitations

2.9.1 Impact of Polarity on Compound Recovery

LCMS relies on the physiochemical properties of compounds for effective
sample separation via HPLC. The C18 chromatographic method outlined in this
thesis utilises hydrophobic interactions between compounds and the stationary

phase for sample separation.

Non-polar compounds which have a greater affinity for the C18 stationary phase
bind more strongly and consequently elute later in the chromatographic run.
The recovery of highly nonpolar compounds may present a challenge as the
organic solvent utilised in the mobile phase may lack the elution capability to
overcome interaction between these compounds and the stationary phase
causing them to remain bound to the column. Consequently, this method of
analysis may not identify highly nonpolar compounds. To understand the
implications of this limitation on metabolome and assess the role in compound
polarity may play in compound recovery and identification within this workflow
the metabolite libraries analysed in 2.8 Local Library Development — Processing
and Annotation were selected as they consist of known compounds relevant to
the area of study; as they contain all known compounds it is possible to identify
which are outside the limitations of the analysis method.

XLogP (Wang, R. et al., 1997) is an algorithmic approach used for calculating

the partition coefficients, known as LogP values, of compounds in an octanol-
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water mixture. LogP values serve as an estimation of the compound’s polarity.
Higher XLogP values indicate a greater degree of hydrophobicity, while lower

values suggest a higher degree of polarity.

The XLogP of call compounds within the two libraries were obtained. Values
were pulled from entries in PubChem by matching compound IDs (CID) present
in the supplied library meta-data. XLogP was analysed against the identification
status within the library (Figure 2-18 GUTMLS and BACSMLS libraries, XLogP
vs Molecular Weight).

750 -

500 -

Molecular Weight

250 -

XLogP

ID Unidentified Identified Library 4 GUTMLS e BACSMLS

Figure 2-18 GUTMLS and BACSMLS libraries, XLogP vs Molecular Weight
GUTMLS (triangles) and BACSMLS (circles) libraries, plotted based on
XLogP and Molecular Weight. Identified compounds are marked in blue,

while unidentified ones are marked in red.

Higher XLogP values are associated with unidentified compounds, the average
XLogP of identified compounds being 0.459 and the average XLogP of
unidentified compounds 2.117. Whilst XLogP and, therefore potential compound
polarity alone does not entirely describe a compounds recovery potential, as
other factors may influence library building such as fragmentation, peak quality,
it does appear to be a limiting factor and worth considering in the future if
moving towards a targeted/semi-targeted approach.
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2.9.2 Compound Classes Associate by Retention Time

Compounds belonging to the same class are expected to share similar
physiochemical properties. As shown in 2.8 Local Library Development —
Processing and Annotation some compound classes were recovered at lower
rates. To identify how compound classes are distributed throughout the
chromatography run and identify potential implications this may have for
compound recovery the 10 most abundant compound classes (benzene and
substituted derivative, carboxylic acids and derivates, fatty acyls, hydroxy acids
and derivatives, imidazopyridines, indoles and derivatives, organooxygen
compounds, pyridine and derivatives, Steroids steroid derivatives, and
unclassified "na") were evaluated for retention time and XLogP (Figure 2-19

Prominent Compound Classes Analysed by XLogP and Retention Time).

Compound Class
Benzene and substituted derivatives
10- Carboxylic acids and derivatives
Fatty Acyls
Hydroxy acids and derivatives

Imidazopyrimidines

xlogp

Indoles and derivatives

» ® ®»

na

Organooxygen compounds

Pyridines and derivatives

Steroids and steroid derivatives

25 5.0 7.5
Retention Time [min]

Figure 2-19 Prominent Compound Classes Analysed by XLogP and
Retention Time

There is positive correlation between increased retention time and XLogP.
Compound classes tend to cluster together when considering XLogP and
retention time. Within the metabolite libraries tested, two compound classes,
fatty acyls and steroids and steroid derivatives, were identified within the

metabolite libraries as being problematic for recovery within this workflow.
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These compound classes exhibited higher XLogP values and retention times,
suggesting that their poor recovery may be associated with retention within the
column. Organooxygen compounds were associated with very low retention
times during chromatographic separation, potentially indicating a lack of
effective binding to the stationary phase, causing them to elute before

compound capture begins.

2.9.3 Compound Annotation Confidence

As shown throughout this chapter, compound Identification is a major challenge
in LCMS. There are accepted levels in confidence in metabolite identification
(Figure 2-20 Hierarchy of compound annotation in metabolomic analysis.) these
consider the specificity of the data used in compound annotation. Compound
annotation is a point of discourse within the literature (Reisdorph et al., 2019)

(Schrimpe-Rutledge et al., 2016) with some variation between publications.

In this thesis, the evaluation of data annotations involves four levels of
compound annotation (Figure 2-20 Hierarchy of compound annotation in
metabolomic analysis.).

Highest Level Identification
Compound Identified to known standards

Le_:’el (mzVault / mzCloud)
High Level Identification
Level 2 Compound Identified to Literature / Databases with
Annotation spectral Data ( mzCloud / HMDB / Pubchem)
Confidence
Medium Level Identification
Level 3 Compound Identified to formula Level

(Chemspider)

Low Level Identification
Compound Identified by Unique

Level 4 feature (Molecular Mass)

Figure 2-20 Hierarchy of compound annotation in metabolomic analysis.

Levels are in line with those presented by The Chemical Analysis Working
Group (CAWG), Metabolomics Standards Initiative (MSI) (Sumner et al., 2007).

Confidence levels used within this thesis are as follows:

e Level 1 represents the highest level of Identification with a validated
ID against a reference standard.
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e Level 2 considered Putative ID using MS? spectral data.

e Level 3 Tentative IDs Compounds identified to formula level
Potentially with an accompanying database match.

e Level 4 consists of compounds identified by a unique feature such as

molecular mass.

To assess the annotation confidence that could be expected in datasets
analysed using the workflow outlined in this chapter, Iteration 10 data generated
from pooled faecal material evaluated in 2.7 LCMS Deep Scan Experiments:
Determining Optimal Coverage was analysed for the highest level of compound
annotation that could be assigned to a compound for both positive and negative
ionisations (Figure 2-21 Compound annotations by highest level identification.).
Faecal Sample data was chosen for the anticipated complexity and diversity of
compounds, increasing the challenge of compound identification.
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Figure 2-21 Compound annotations by highest level identification.

The workflow identified 8090 compounds in positive ionisation and 9528
compounds in negative ionisation. This resulted in 2237 named annotations for
positive and 1881 for negative.
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Of these, 313 positive IDs and 275 negative IDs belonged to the two highest
confidence levels of MS2 spectra-based annotations: 25 positive and 43

negative in mzVault, and 288 positive and 232 negative in mzCloud.

Tentative compound IDs from MS? form the majority of the annotations present

within the dataset.

Mass List matches based on molecular mass and retention times obtained
running compounds locally, but lacking MS? spectra resulting in 93 Positive and

96 negative identifications.

ChemSpider database searches based on MS1 scans using molecular mass
and predicted formula obtained 1607 positive IDs and 1457 negative IDs.
Compounds which could be annotated to predicted compositions by molecular

weight but lacked database matches were 4825 positive and 6563 ne negative.

Compounds which could not be identified to a level beyond a unique molecular
mass were 1260 positive and 1137 negative.
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2.10 Discussion

This chapter outlines an LCMS approach designed for the untargeted analysis
of the intestinal metabolome (Figure 2-22 Final LCMS Metabolomic Workflow
for Untargeted Analysis), utilising faecal samples and in vitro gut models. In
developing this method, it has been important to strike a balance between cost,
time, and breadth of data generation, necessitating certain compromises. Within
the scope of this thesis, limiting analysis to a single column type was deemed
an acceptable concession. This decision was made to ensure the feasibility of
the study within the timeframe whilst maintaining a focus on depth and quality

throughout the process.

Sample
Faecal Sample Collection
Homogenisation : Bead ¥ 31
beating Sample ‘ Solvent : Sample
Processing Methanol
3 Extraction
HPLC
C18 |m—)
Separation
¥ ¥
Full -Scan Data-Dependent
MS Ms?
¥ ¥

Compound Discoverer

Compound Detection and
Quality Control

¥ ¥
Local Library Online Database
Mapping Mapping
¥
Key Data output and analysis
Sample Preparation | | LCMS
| Data Processing | | Compound Annotation |

Figure 2-22 Final LCMS Metabolomic Workflow for Untargeted Analysis

Sample Processing

In the development of the metabolomics workflow outlined in this chapter, a
core objective was to design a scalable and standardised processing and
extraction method, which would facilitate the comparative analysis of large

sample sets.

Manual disruption, whilst effective as a means of sample homogenisation, is

time-consuming and introduces variability between samples, both of which are
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undesirable for large-scale studies. Bead-beating was explored as a potential
alternative to manual methods aiming to achieve consistent sample
homogenisation. Bead beating is commonly employed as a Lysis and
homogenisation technique in omics studies and often serves as an alternative
to sonication (van Burik et al., 1998; Santaus et al., 2019). Sonication has been
shown to impart higher energy into samples, potentially leading to increased
microbial lysis, which can leak intracellular metabolites into the sample (Starke
et al., 2019). Bead beating offers a gentler homogenisation approach, creating
uniform slurries from faecal samples whilst minimising microbial lysis, which
may alter the extracellular metabolome. Through investigation, bead beating
demonstrated comparable efficiency in sample processing with less effort and

within a significantly shorter timeframe.

Metabolomics, as an emerging field, presents a unique challenge for sample
analysis, resulting in a lack of uniformity across current extraction protocols with
variations in solvents utilisation and extract proportions (Theriot et al., 2014;
Wang, Z. et al., 2018; Franzosa et al., 2019; Sun et al., 2019).

Previously, different solvents have been shown to preferentially extraction some
compound classes (Erben et al., 2021). It was important to establish the effect

various solvent extractions have on both faecal and in vitro models’ samples.

As expected, due to reduced sample complexity, all extraction solvents
performed more similarly in, in vitro model samples than they did in faecal
samples. The solvents clustered together closely in both samples, but sample
types did not overlap. The comparable nature of extraction potentially explains
the heterogeneity of selection seen among extraction protocols in the literature
(Theriot et al., 2014; Yu et al., 2017; Franzosa et al., 2019; Sun et al., 2019;
Erben et al., 2021). In untargeted analysis, focused on an exploratory approach
examining gross metabolome changes solvent choice may be less critical
compared to targeted or quantitative studies valuing sensitivity. However, as
potential biomarkers reveal themselves, assessing recovery efficiency for

different solvents may become increasingly important (Lu et al., 2017).

Due to the emerging area of research LCMS, extraction methods are continually
evolving, Kelly, P.E. et al. (2022) describe a valuable method for extractions of
metabolites from freeze dried faecal samples. The extraction protocol within this

thesis focuses on an initial emulsification step, followed by centrifugation and
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filtration. The juxtaposition of sample protocols effectively highlights the
importance of application within method development. The methods presented
by Kelly, P.E. et al. are optimised for the study of chronic non-infectious
gastrointestinal disease (Crohn’s disease and coeliac disease) where variation
in sample consistency may affect metabolite concentration and extraction
efficiency. The method described within this thesis is presented as an effective
means of metabolite extraction from in vitro models and acute diarrhoeal
samples with an emphasis on the removal of human cells and possible

pathogens for storage and biosafety concerns.

HPLC

C18 is a widely used reverse-phase HPLC chromatography chemistry valued
for its versatility. An objective of this chapter was to assess the scope of
compounds which it is suitable for resolving. Utilising metabolite libraries
comprised of known standards, provided a defined landscape for testing the

analytical boundaries.

Whilst it is unlikely that any single column chemistry would be able to effectively
resolve all compounds within a complex and diverse sample such as faecal
samples or in vitro gut model samples, the aim was to identify which compound

classes may be underrepresented in results obtained with this method.

Here, specific compound classes (fatty acyls and steroids, steroid derivatives
and organooxygen compounds) with XLogP values at the extreme ends of the
polarity spectrum of compound standards were identified as being areas where

C18 under-preformed compared to other compound classes.

Given the scope of the experimental question addressed in this thesis, the
underrepresentation of certain compound classes was deemed acceptable, as it
is unlikely to significantly affect the overall identification of putative biomarkers
within the study. With approximately 20% of total compounds annotated, there
is a substantial pool of thousands of identified compounds already available for
assessment as potential biomarkers. Rather than attempting to further increase
compound capture and annotation, it was decided that it may be more
productive to named compounds with strong associations. However, it is

important to identify and acknowledge these limitations, with the perspective
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that the absence of these under-represented compounds from the data may be
due to analytical limitations rather than biological phenomena.

Findings align with those seen previously (Babu et al., 2022). The level of
interpretation required when reviewing chromatographic and spectral data may
account for some differences in findings depending on what is deemed
acceptable in chromatographic peaks by researcher assessment or algorithmic
analysis. Additionally, variations in instrumental set-up apart from column type,
such as chromatographic gradients and solvents, may play a role. Library
generation is focused on the generation of quality MS2 spectra for compound
identification, and variations in MS2 experimental parameters also plays a roll.
These intrinsic factors of LCMS contribute to the remarkable versatility as an
analytical platform, yet they may also pose limitations when comparing data
across studies. This underscores the importance of local validation for effective
compound identification.

In the future, utilising different column chemistries will allow for the expansion
into additional compound recovery as research questions become focused on
specific compound classes that may be beneficial to data generation (Wang, J.
et al., 2015).

Data-Dependant Data Acquisition

For the data-dependent data acquisition experiment used to generate MS2
spectral data, three DDA iterations are considered sufficient for effective
spectral library matches see 2.7 LCMS Deep Scan Experiments: Determining
Optimal Coverage. While the percentage of MS2 coverage reliably increases up
to 10+ iterations, the number of annotations does not follow the same trend. It is
important to note that these observations are not definitive rules; they are
subject to change based on database completion and would merit further review

in the future.

Compound Annotation

The outlined workflow exploring compound annotation in pooled faecal samples
yielded a high proportion of useable data, a significant factor contributing to this
being the high resolution of the Orbitrap MS instrument used. This enabled

precise differentiation of compound masses, enhanced by the implementation of

post-processing steps.
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High-level compound annotations contributed to a noteworthy proportion of data
generated, allowing for the confident identification of many potential compounds
of interest. Medium-level annotations were also a valuable addition, providing
reliable identifications of compounds which could be selected for validation
against standards in the future, particularly if they prove to be potential
biomarkers of interest. The prominent contribution of level 1-3 annotations
resulted in named compound IDs for 4118 compounds, approximately 20% of

compounds across both ionisation modes (2238 Positive / 1881 Negative).

Metabolomics data analysis is constrained by low annotation levels (de Jonge
et al., 2022), making data comparison and interpretation problematic. Given the
extensive variety of compounds within the intestinal metabolome, the
complexity of compounds and the formative stage of this field of study,
compound identification will continue to be a challenge resulting in gaps in
metabolomic datasets. In the realm of metabolomics research, the results of the

workflow implemented align with anticipated outcomes.

Databases

Databases are an essential component in metabolomics. Several have been
employed throughout the development of this pipeline and will continue to be
instrumental to data curation in the future. Two external compound databases
are integrated directly into the compound discoverer workflow for compound

identification: mzVault and ChemSpider.

mzCloud is a spectral library containing over 32,000 compounds and continues
to expand. Matches are established based on spectral information generation
during the MS? experiment. Spectra within the database are experimentally
generated using known standards in a reference lab. These factors collectively
result in high-confidence annotations to the data, potentially aligning with level 1
compound annotations comparable to standards run locally. However, the
additional dimension of retention time data is absent. Multiple fragmentation
pathways for compound breakdowns are listed with ionisation matching for
additional specificity. As with many proprietary products, mzCloud is not freely
available for integration into all workflows, its use is predicated on software

licences, which incur an additional cost.
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ChemSpider is the second database integrated into the compound discoverer
workflow. Annotations are derived from molecular mass and compound formula
data, generated from MS?! experiments. While reliance on MS! data may result
in a lack of specificity, identifications potentially resulting from MS* data may
lead to potential misattributions to isometric compounds possessing the same
formula but differing structural compositions, it does offer the advantage of

encompassing a broad scope of compounds.

Within the workflow, database matches typically return a table of ranked
matches. In this context, annotations can be manually changed in instances
where a compound ID is believed to be incorrectly attributed. For compounds of
particular interest, it can be advantageous to subject them to additional
processes of manual data curation and verification. However, applying this level

of manual curation to the entire set of compounds would be unrealistic.

In addition to databases used directly for compound mapping The Human
metabolome database, PubChem, and Chemical Entities of Biological Interest
(ChEBI) ((ChEBI), 2024) have been integral to manual data curation.

The Human Metabolome Database with 220,945 metabolites and 4064
compounds with MS? reference spectra is not specific to faecal samples,
however, encompasses human-associated metabolites and compounds
associated with disease. This database profiled high quality information which
can be use in manually curating LCMS data, hosting experimentally and
computationally generated fragment data.

PubChem hosts information of over 109 million compounds and ChEBI over
60,000 fully annotated compounds are both extensive but non-specific
databases. They contain a wealth of useful information which have been

instrumental in method development.

Compound Ontology and Taxonomy

Compound ontology present a significant challenge in chemical taxonomy. The
choice of which may be specific to the domain of study. For the purpose of this
thesis, exploring the human-associated intestinal microbiome and it's
metabolomic interactions, the taxonomy provided by the Human Metabolome
Database made the most intuitive sense for the articulation of the research

objective and themes explored.
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Alternative ontological frameworks were utilised to offer valuable perspectives
from alternative viewpoints and have been used to provide useful information

during development steps.

2.11 Summary

The work in this chapter provides an initial exploration of how LCMS can be

applied to metabolomic studies of the intestinal microbiome.

An effective and scalable extraction protocol was identified using bead beating

to maximise metabolite recovery and consistency from faecal samples.

Optimal DDA experimental parameters were explored to enhance compound

annotation within the dataset, improving the reliability of data interpretation.

A local library was developed to aid in compound annotation, serving as a
reference database and as experimental data set to assess the practical
limitations of the outlined analytical pathway, evaluating the recovery capacity of
the pipeline and identifying which compound classes may be underrepresented
in the final experimental data, highlighting potential areas for further

development in the future.
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Chapter 3
Gut Model

3.1 Introduction
The human intestinal microbiome stands as an intricate ecosystem

characterised by its dynamic complexity. Explorations into the interplay between
constituents of the microbiota and host present a myriad of challenges.
Navigating the exploration ecological landscape requires significant thought in

the selection of an appropriate model.

In modelling the intestinal microbiome, the system must possess the capacity to
sustain a diverse range of facultative and anaerobic organisms over periods
ranging from weeks to months to accurately capture the shifts in microbial
composition and functional capacity which may occur during the exposure to
antibiotics and other therapeutic interventions. This requires the precise ability
to maintain tight experimental parameters, appropriately reflecting the delicate
balance present within the natural system. The model must also be repeatable
over multiple replicates to ensure robustness in findings associated with

experimental outcomes.

For this project, the Leeds Human Gut Model (HGM) (Freeman et al., 2005)
was selected for its proven ability to meet the above criteria, alongside a newly
developed model the MiGut created as an evolution to the Leeds HGM. The
MiGut has been optimised for the application of molecular methods such as
metagenomics and metabolomics. In this study, the aim was to produce a state
of dysbiosis within the models using clinically reflective antibiotic dosing
regimens, demonstrating a functionally dysbiotic state by challenging with

pathogens known to be associated with the condition.
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3.2 Experimental Design
The objective of this model was to investigate the potential for antimicrobials to

induce significant long-term alterations to microbiome taxonomy and function,
resulting in the opening of ecological niches which could be exploited by the
exogenous pathogens introduced at week 9 Figure 3-1 Dysbiosis Model

Timeline.

An initial 2-week steady-state period allows microbial populations within the
system to reach self-regulated homeostasis. Following the establishment of a

baseline healthy microbiome, antimicrobial instillation was initiated.

Antibiotics, chosen for their clinical relevance, were employed to simulate the
repetitive exposure a patient might undergo during a chronic infection. Antibiotic
instillation phases each consisted of a 5-day dosing regimen followed by 2 days
with no antibiotics administered.

o Piperacillin- Model Endpoint
Amoxicillin tazobactam 12 days post
(2.4mg 3x 83mg 1x daily/ pathogen

daily/5days) 5days). P 3 inoculation
- Weeks Week
Wiek 6-8 9-10
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3 5 Week 10

) _Antihioti Pathogen
Model Zeedmg Ciprofloxacin Pos‘éteﬁgzl::otlc challeﬁge
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Yy daily/5 days)

Figure 3-1 Dysbiosis Model Timeline. The timeline depicts key experimental
time points for both MiGut and Leeds HGM models. Major experimental time
points including model seeding, antibiotic instillation and pathogen challenge
are highlighted. Following completion of the final phase of antibiotic therapy, the
model was maintained free from intervention for 3 weeks to allow the

microbiome to recover and reach a new homeostasis.

At week 9, the ability of the recovered microbiome to resist the colonisation and
expansion of exogenous pathogens was challenged by the introduction of two

clinically relevant strains, C. difficile (027 210) and K. pneumoniae, a Klebsiella
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pneumoniae carbapenemase (KPC) producing strain. The colonisation and
expansion of introduced pathogens were monitored as well as the production of

C. difficile toxin.

Metagenomic and Metabolomic samples were collected from Vessels 1 & 3,
with each sampling occurring on the final day immediately before the next
therapeutic intervention or prior to the introduction of pathogens. Extracted
metabolites and DNA were systematically stored for subsequent batch analysis
subsequent date. Following the introduction of Pathogens to the model,
sampling scope was increased to track the expansion and proliferation of
introduced strains as well for the presence of C. difficile toxin within the system.

3.3 Methods

3.3.1 In-vitro models

Two model variations are employed in the study both of which have been
validated for use in the study of the intestinal microbiome. The Leeds Human
Gut Model and the MiGut platform model variations address specific
requirements of culture-based and omics-based exploration of the intestinal
microbiome. Models are seeded with ex-vivo populations derived from faecal

material from volunteers.

The following sections outline the methods used for in vitro models. Unless
stated otherwise, the described methods apply to both systems, with any

deviations explicitly noted.

3.3.1.1 Ethical approval
The collection and use of human faeces in the model has been approved by the

School of Medicine Research Ethics Committee, University of Leeds (MREC-
15-070-Investigation of the interplay between Commensal Intestinal Organisms

and Pathogenic Bacteria).
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3.3.1.2 Leeds Human Gut Model
The Leeds Human Gut Model (HGM) is an in vitro model developed by the

Healthcare-associated Infection (HCAI) Research group primarily for the study
of C. difficile infection and adapted from the triple-stage model originally
developed by MacFarlane et al. (Macfarlane et al., 1998). This model consists
of a triple-stage continuous chemostat arranged as a cascading weir system
(Figure 3-2 The Leeds human gut model (HGM) and configuration overview).
Each of the individual vessels within the model maintains distinct nutrient and
environmental conditions to reflect the changing physiological conditions from

the proximal to the distal colon (Crowther et al., 2016).
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through model
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Figure 3-2 The Leeds human gut model (HGM) and configuration overview
.(A) Picture of a single replicate of Leeds HGM. (B) Configuration of Leeds
HGM, showing lay out of media, acid, alkali, nitrogen inputs and gas outlet
and sample port. The system is a weir cascade with vessel overflow
feeding the next in weird with outflow from Vessel 3 directed to waste
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Model Parameters

The Leeds HGM maintains tight environmental controls within the system,
which reflect the physiological conditions of the human colon.

Consistent pH ranges are maintained through the addition of acid (1M
Hydrochloric acid) and base (1M sodium Hydroxide). The pH within the vessels
Is continually monitored via a probe within each of the vessels, and acid/base
dosing is handled via automated control units set to dose when readings
exceed the upper/lower bounds described in Table 3-1 Leeds HGM vessels and

their respective conditions..

Vessel contents are continually purged with nitrogen to maintain an anaerobic
atmosphere reflective of the colon. Nitrogen is supplied via a nitrogen
generator. An anaerobicity indicator (resazurin) present in the media serves to
provide a visual indication of whether vessels have been sufficiently purged of
oxygen. In the absence of oxygen, the vessels maintain a “straw-like”

colouration; when exposed to oxygen, they develop a pink-red hue.

Temperatures within the vessel are maintained at 37°C by a water jacket. Water
temperature is maintained by a heated water bath with a pump to circulate

water throughout the system.

Vessels are arranged in a weir cascade; this allows retention to be controlled by
media flowing into the system. Media is pumped into vessel one at a rate of

0.3mL/min resulting in a retention time within the model of ~48 hours.

Homogeneity in the contents of each vessel is achieved by constant agitation

with a magnetic stirrer and flea to ensure uniformity of nutrients and antibiotics.

In some instances, excessive foaming within the reactors may occur. Foaming
its ameliorated with the addition of an aqueous-silicone antifoam emulsion
(Antifoam B Sigma) suitable for use in microbiological culture systems. Antifoam
concentrate is used to create a 10% solution in vegetable oil as per supplier

recommendations.
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Table 3-1 Leeds HGM vessels and their respective conditions.

Biological Volume (mL) pH Temperature
Analogue (°C)
Vessel one  Proximal colon 280 55+0.2 37
Vessel two Medial colon 300 6.2+0.2 37
Vessel Three Distal colon 300 6.8 £0.2 37

In-vitro HGM growth Media

The HCAI research group has developed a complex defined growth media
designed specifically for the sustainability of intestinal microbial populations
over longitudinal experiments. The constituents described in Table 3-2 Leeds
HGM Growth Media. Growth media is made in 2L volumes. Except for glucose,
all constituents are added to 1985mL of distilled water in a 2L Buncher flask. A
vent filter (Merck Millipore, USA) is added to the side arm. A bung with two
ports; one for the addition of supplements post autoclaving and another for the
drawing of media via peristaltic pump. A Magnetic stirrer bar is added for mixing
of the media to prevent sedimentation. Following autoclaving, glucose
(dissolved in 10mL distilled water) and anaerobicity indicator resazurin (5mL)
are added via the addition port in the top of the flask through a 0.22um syringe
filter (Merck Millipore, USA).



Table 3-2 Leeds HGM Growth Media
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Constituent Amount Supplier
Magnesium sulphate 0.01g/L Sigma
Calcium chloride 0.01 g/L Sigma
Sodium chloride 0.1g/L Sigma
Di-potassium mono hydrogen 0.04 g/L Fisher
phosphate

Potassium dihydrogen phosphate 0.04 g/L Fisher
Sodium hydrogen carbonate 2.0g/L Sigma
Haemin 10 ml/L Sigma
Cysteine HCL 0.5 Sigma
Bile Salts 0.5 Sigma

Arabinogalactan 1.0 Chem Cruz
Tween 80 2 mL/L Sigma

Pectin 2.0 Acros Organics

Starch 3.0 Oxoid
Vitamin K1 10 pL/L Sigma
Peptone Water 2.0 Oxoid
Yeast extract 2.0 Oxoid
Chenodeoxycholic acid 0.25 mg/L Sigma
Lithocholic acid 0.017 mg/L Sigma
Mucin 1lg/L Sigma
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Donor Specimen Collection

Initial bacterial populations within the model are derived from a faecal slurry
created from the pooled faeces of healthy donors (>18 years old), and mixed
gender. Healthy donors are defined as having no current acute gastrointestinal
distress and no history of antibiotic use within the previous 3 months.

Participants self-collected specimens using the collection kits provided.

Samples were stored in sterile 180m: poly-propylene containers, which were
then stored anaerobically using AnaeroGen W-Zip Compact generator system
(Oxoid) to maintain an anaerobic environment prior to delivery to the laboratory.
Upon delivery to the laboratory, the samples were transferred to an anaerobic
workstation (Don Whitley Scientific A95).

Screening of Donor Faeces

To ensure the absence of experimental pathogens within donor faeces used in
the seeding of the models, all donor specimens were screened for the presence
of C. difficile GDH antigen as well as undergoing culture-based screening for C.
difficile and KPC on selective media described in Table 3-4 Introduced
Pathogens and Media for Culture

Preparation of the Faecal Slurry

The faecal slurry for seeding the model is made from equal parts taken from 3
donor specimens. Specimens are weighed on a laboratory balance into a
stomacher bag with an integrated filter. The pooled faecal sample was diluted
with sterile anoxic PBS. The diluted sample was homogenised using a
laboratory blender (Stomacher). The integral strainer was closed to retained
fibrous material, and the slurry was decanted into a sterile 2000mL bottle and
placed in an anaerobic workstation for aliquoting. The Faecal slurry was

separated into 160ml aliquots.

Seeding Model

Each vessel is inoculated with 160mL of faecal slurry after purging the empty

system with nitrogen overnight.
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3.3.1.3 MiGut

The MiGut platform is a scalable system developed from the Leeds HGM by
William A. Davis Brich, which has been validated for the simulation of antibiotic-
induced dysbiosis (Davis Birch et al., 2023).

The MiGut platform scales down the model volume from 300mL to 45mL and
introduces remote system monitoring to improve efficiency, allowing for
increased parallelisation. Temperature and pH remain the same as Leeds
HGM. The flow rate of media is scaled to match vessel retention time within
each stage of the model to that of the Leeds HGM.

The reduced scale of the MiGut platform allows for four parallel replicates within
the spatial footprint of a single Leeds HGM system. Figure 3-3 (Details of the
Migut platform and model.) show four replicates of the MiGut platform. Within
the present study, samples for metagenomic (Migut replicates sampled, n=1)
and metabolomic (Migut replicates sample, n=3) analysis were sampled from

vessel 3 representing the distal colon (identified in Figure 3-3 (G) Vessel 3).

Media feed
°d 0.045 mUmm

SS

Vessel 1 ( Vessel 3

Proximal colon Medial colon Distal colon
pH54-5.6 pH 6.15-6.35 pH 6.65 - 6.85
Nutrient rich Reduced nutrients Nutrient poor

U rrr rrr

~ -
~. -
_________________________________________________________

e ————
Vessel 1
€ [9SSIA

R

Figure 3-3 Details of the Migut platform and model. Central controller (B)
pumping unit (C) four triple-stage gut models each capable of running a
unique setoff conditions (D) peristaltic pump for media addition (E)
nutrient-rich media (F) details the flow within the reactor (G) 3D render of
reactor unit, with colour coded vessels. Image reproduced from MiGut: A
scalable in vitro platform for simulating the human gut microbiome-
Development, validation, and simulation of antibiotic-induced dysbiosis
(Davis Birch et al., 2023)

As the over-arching purpose of this PhD is to explore the Intestinal microbiome

and the changes induced beyond those seen at a taxonomic level, this model



92

provides an ideal platform providing biological replicates for analysis via
Metagenomics/Metabolomics/rtPCR.

Seeding Model

Due to the reduced size of the MiGut platform, vessels are inoculated with

20mL of faecal slurry after purging the empty system with nitrogen overnight.

3.3.2 Bacterial Culture & Enumeration.

Samples were taken from the Leeds HGM for the enumeration of key culturable
populations listed in Table 3-3 Key bacterial Strains and Culture Media. Sample
frequency was twice weekly during steady state, increasing to three times a
week with the beginning of antimicrobial dosing. Approximately 10mL was taken
from vessels 1 and 3. Where required, samples were sub-aliquoted for
metabolomic, metagenomics, and toxin. Samples were immediately transferred
to an anaerobic workstation. They were serially diluted down to 107 into anoxic
peptone waters and plated out in triplicate on selective and non-selective agars
described in Table 3-3 Key bacterial Strains and Culture Media and Table 3-4
Introduced Pathogens and Media for Culture. Spore counts were achieved by
diluting neat samples with equal parts ethanol (96% v/v) and incubating at room
temperature for one hour to kill vegetative cells present and serial diluting.
Colony morphology /characteristics were used to attribute genus-level
identification to cultured organisms. A Matrix-assisted laser
desorption/ionisation — Time of Flight (MALDI-TOF) biotyper platform (Bruker
Daltonik Biotyper) was used on unique colonies to confirm identifications and
give a species-level diversity estimate MALDI-TOF ID was performed at the end
of each experimental phase with the aim of monitoring how the composition of

target communities were evolving throughout the experiment.
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Table 3-3 Key bacterial Strains and Culture Media.

Culture Media Growth conditions

Target Organism

Total Facultative

Nutrient Agar (NUT),

24 hours at 37°C

anaerobes Pre-poured (Oxoid) Aerobically
Enterococcus Kanamycin Aesculin 48 hours at 37°C
Azide Agar (KAA) Aerobically
Lactose Fermenting MacConkey (MAC), Pre- 24 hours at 37°C
Enterobacteriaceae poured (Oxoid) Aerobically

Total Anaerobes

Fastidious Anaerobe
agar (FAA) with 5%
horse blood, Pre-poured
(Oxoid)

48 hours at 37°C
Anaerobically

Clostridia

Fastidious Anaerobe
agar (FAA) with 5%
horse blood, Pre-poured
(Oxoid)

48 hours at 37°C
Anaerobically

Lactobacillus

LAMVAB Agar (LVAB)

48 hours at 37°C
Anaerobically

Bifidobacterium

Beerens Agar (BEER)

48 hours at 37°C
Anaerobically

Bacteroides

Bacteroides Bile Esculin
(BBE) agar

48 hours at 37°C
Anaerobically

Total spores

Fastidious Anaerobe
agar (FAA) with 5%
horse blood, Pre-poured
(Oxoid)

48 hours at 37°C
Anaerobically

Table 3-4 Introduced Pathogens and Media for Culture.

Target Organism

C.difficile (Ribotype
027), Total viable counts
(TVC)

Culture Media
Brazier's CCEY agar +
Moxifloxacin (MXF)

Growth conditions

48 hours at 37°C
Anaerobically

C.difficile (Ribotype
027), spores

Braziers CCEY agar +
Moxifloxacin (MXF)

48 hours at 37°C
Anaerobically

Carbapenemase-
producing
Enterobacteriaceae
(CPE)

CHROMID CARBA
SMART Agar
(CARBA),Pre-poured
(Biomerieux)

Bi-plate - OXA-48
screening media + KPC
and NDM-1 screening

24 hours at 37°C
Aerobically
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3.3.2.1 MALDI-TOF Identification of Cultured Strains
Unique colonies were identified by eye by morphological variation on each agar

type. Representative colonies for each subpopulation were selected for MALDI-
TOF identification. Colonies were picked and transferred to a steel MALDI-TOF
target plate, and 1uL of a-Cyano-4-hydroxycinnamic acid matrix was added and
allowed to air-dry. The processing of prepared target plates was performed by
the Microbiology Department of Leeds General Infirmary, feeding into pipelines
for the processing of routine diagnostic samples. Samples were screened
against MALDI Biotyper Reference Library (MBT Compass and MBT Explorer
Software plus MBT Compass Library), which was used to confirm (genus) and

attribute (species) level identifications.

Table 3-5 Quality Scores for MALDI-TOF Identification.

Score Value Identification Level

2.3-3.0 Genus: Reliable / Species: Reliable
2.0-2.29 Genus: Reliable / Species: Probable
1.7-1.99 Genus: Probable

Identifications are scored numerically on a scale of 1.0 — 3.0 using Brunker’s
guality scoring algorithm. Identifications <1.7 were deemed unreliable and
repeated. Genus and species IDs were recorded based on quality scores
described in Table 3-5 Quality Scores for MALDI-TOF Identification.

Where required colonies could be sub-cultured onto non-selective media,
Colombia blood agar (CBA) or Fastidious anaerobe agar (FAA) and
identification reattempted on fresh growth following a further 24—-48-hour

incubation.
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3.3.3 Antibiotic Instillation

Antibiotics were selected based on data from a previous study at Leeds
Teaching Hospitals. This indicated that piperacillin-tazobactam, amoxicillin and
ciprofloxacin were the most commonly prescribed broad-spectrum antibiotics
received by patients with antibiotic-associated diarrhoea without CDI (n=50), or
with CDI (n=15) in the preceding 12months. Together they accounted for >50%
of previously prescribed antibiotics (Freeman J, 2021)

3.3.3.1 Antibiotic Dosage & Schedule
Antibiotic dosing was designed to reflect clinical regimes and achieve

concentrations in Vessel 1 equivalent to those typically seen in the colon
described Table 3-6 Antibiotics, Dosing Frequency and Leeds HGM Vessel 1
target concentration. Antibiotics were prepared for the week in advance. 50mL
of each antibiotic was made in the required solvent, Table 3-6 Antibiotics,
Dosing Frequency and Leeds HGM Vessel 1 target concentration. Antibiotics
prepared in sterile distilled water were filter sterilised through 0.22uM syringe
filters. 1mL aliquots were taken, transferred to sterile microtubes, and stored at -
20°C until needed.

Dosage concentrations were designed so that when administered to vessel one,
they would achieve the desired concentration in the 280mL vessel volume.
Daily dosing schedules reflect those typically seen prescribed to patients.

Table 3-6 Antibiotics, Dosing Frequency and Leeds HGM Vessel 1 target
concentration.

Antibiotic Dosing Vessel 1 Solvent
Frequency Concentration
Amoxicillin 3 x Daily 8mg/L Sterile Distilled water
(AMX)
Ciprofloxacin 2 x Daily 132mg/L Acetic Acid
(CIP)
Piperacillin — 3 x Dalily 276mg/L Sterile Distilled water
Tazobactam
(TZP)
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3.3.4 Pathogen Challenge
Pathogens were introduced on day 55 of the model, 3 weeks after the cessation

of antimicrobial therapy. Vessel 1 was inoculated with 1x10* cfu of Klebsiella
pneumoniae (KPC) and 1x107 cfu C. difficile spores (PCR ribotype 027 210,

Maine Medical Centre (Portland) isolate) on day 55.

3.3.5 Cell Cytotoxicity Neutralisation Assay

Cell Cytotoxicity Neutralization Assay (CCNA) is often regarded as the golden
standard for diagnosis of C. difficile infection (CDI) (McDonald, L.C. et al.,
2018). CCNA tests for the presence of C. difficile toxin within a stool sample or
gut model fluid with assays being predominantly sensitive to the presence of
toxin B. This allows for the identification of active CDI rather than quiescent

colonisation.

The CCNA assays faeces/HMG fluid against Vero cells (African Green Monkey
Kidney Cells, ECACC 84113001). C.difficile toxin-induced cell death is
confirmed by the neutralisation of cytotoxicity by the Presence of Clostridium

sordelli anti-toxin.

Two CCNA assay variations were used throughout the experiment, testing for

C. difficile toxin production within the model.

Samples were taken and tested for toxin the day before pathogen introduction
to confirm the absence within the model before inoculation with C. difficile, and

every day following.

An initial screening assay was preformed daily testing for the presence/absence
of toxin. Following detection, a titration assay was used to ascertain the

abundance of toxin within each of the vessels.

Toxin levels in each of the vessels were monitored daily post-inoculation with C.
difficile. Following the detection of toxin within the model, concentrations were
monitored daily.
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3.3.5.1 Vero Cell Preparation

Vero Cell Culture

Vero cells are grown in flat bottom tissue culture flasks containing 20mL of
Dulbecco’s Modified Eagles medium described in Table 3-7 Vero Cell Growth
Media, and incubated with 5% CO2 at 37°C until confluent monolayers are
formed after 48 hours. Monolayers are examined for confluency by microscopy
(Olympus UK Ltd) prior to harvesting.

Table 3-7 Vero Cell Growth Media

Constituent Amount Supplier
Dulbecco’s Modified Eagles 20mL Sigma
Medium
newborn calf serum 10 % (v/v) Gibco
L-glutamine 1% (v/v) Sigma
antibiotic/antimycotic solution 1% (v/v) Sigma

1mL of trypsin-Ethylenediaminetetraacetic acid (EDTA), is added to 9mL Hanks
Balanced Salt solution (HBSS) per flask passaged. Spent media from the cells
to be passaged is discarded, the flask is washed with 5mL of trypsin-EDTA +
HBSS to remove residual media. Washed cells are incubated at room
temperature for 1 minute with the remaining 5mL trypsin-EDTA + HBSS, which
is then discarded. The flask is recapped, and cells incubated at 37°C for 5-10
minutes, after which the cells will be detached from the bottom surface of the
flask. 6mL of Vero cell Growth media is added and gently mixed with a
serological pipette to create a uniform cell suspension. This volume can be
altered if confluency is less than 100%; for 80% confluence, 4.8mL should be
used (6mL x 0.8 =4.8mL).

Flask Seeding

2mL of Vero cell suspension is added to each flask being prepared. 18mL of
Vero Cell Growth Media is added to each flask. The passage date is recorded,
and the passage number is incremented by 1 and recorded on the flask. Flasks
are returned for incubation at 5% COzat 37°C for 48 hours.
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CCNA Tray Seeding

For each tray a 2:18mL of Vero cell suspension: Growth media is made in a
sterile universal. 180pL of cell suspension is added to sample wells, and 160
pL added to negative wells shown in Figure 3-4 CCNA Vero Cell Seeding

Layout.
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Figure 3-4 CCNA Vero Cell Seeding Layout. (A) Screening assay layout (B)
Titration assay layout

After seeding, trays are labelled with date of production and are returned for
incubation at 5% COzat 37°C for 48 hours.

3.3.5.2 CCNA Assay Protocol

Model Sample Processing

1mL of sample is aliquoted into a sterile microcentrifuge tube and centrifuged at
10,0009 for 10 minutes to pellet out cells. Supernatant filtered sterilised with a
0.22uM syringe filter into a new sterile 1mL microcentrifuge tube. Filtered toxin
samples can then be stored at 4°C until required.
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CCNA Tray inoculation

20uL of C. sordellii antitoxin (Prolab Diagnostic) is added to all Negative wells in
the tray using a multi-dispenser pipette (Multipette M4, Eppendorf) , rows
B,D,F,H in screening trays, row B in titration assay Figure 3-4 CCNA Vero Cell
Seeding Layout.
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Figure 3-5 CCNA Assay variations for Detection and Quantification of C.
difficile Toxin.

(A) Plate format used in the screening for C. difficile Toxin (B) Titration
plate format used for the quantification of C. difficile Toxin.

For Screening assays, 20yL of filtered toxin is inoculated into a 180uL Sample
well and gently pipette mixed to prevent disturbance of cell monolayers adhered
to the bottom of the well. 20uL from the well can be carried over to the next well
creating a 10-fold dilution. This is repeated in the row below containing 160pL +
20uL Antitoxin. Previous steps are repeated for sample replicates and positive

control.

Titration assays 20uL of neat sample is added for replicates across row A and
B. A 12-channel pipette is then used to create a 10-fold serial dilution into rows
C, D, E, F, G and H. After inoculation, trays are incubated at 5% CO:2 at 37°C.
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Reading CCNA Results

Trays are read after 24 and 48 hours, cell appearance is assed for the impact of
toxin within the sample, Healthy cells remaining adhered to the bottom of the
well are deemed to be negative, some rounding may be seen within healthy
populations but should be present in <50% of cells. Wells with cell rounding
(>50% cells) and detachment from the well surface, which is also neutralised in
the corresponding negative well are considered positive Figure 3-6 Vero cells
displaying Positive and Negative reactions. Wells with >50% cells rounding that
fail to be neutralised by anti-toxin are considered to display non-specific cell
rounding and recorded as negative for C. difficile toxin. If all wells for a sample
including those inoculated with anti-toxin display >50% rounding, no result is
recorded and test for that day is repeated.

Toxin Negative Toxin Positive.

A

Figure 3-6 Vero cells displaying Positive and Negative reactions.

The results of screening assays are reported as Positive/Negative for the day.
Titration results are reported at relative units (RU). RU are reported based on
the highest dilution in which a positive result was recorded. A positive result

seen in a 10! would be given a RU of 1.
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3.3.6 Metagenomic and Metabolomic Sample Collection

Samples for metagenomics and metabolomics were taken on the final day of all
experimental phases; Steady State, AMX, CIP, TZP, Post Antibiotic recovery,
and Pathogen Challenge.

Samples for metagenomics and metabolomics were processed as stated in 2.4
Sample Processing and 4.4.1 DNA Extraction and stored for batch analysis
later.

3.4 Results

3.4.1 Impacts of Antimicrobials on the Gut Microbiome

Data described in the following sections are Logio colony-forming unit(CFU)/mL
and Logao transformation of mean CFU/mL. Mean CFU/mL is calculated from
20pL of inoculum across 3 plates. This sampling method results in a limit of
detection of 16.66 CFU/mL (1.22 Logio CFU/mL).

Each week’s antibiotic period outlined consists of a 5-day active antibiotic
instillation period followed by a 2-day period without dosing. Peak disruption
values are taken from the final day of dosing. This is assumed to be where

concentrations of therapeutics were at their highest.

3.4.1.1 Facultative Anaerobes

Facultative Anaerobes — Vessel 1

The initial phase of the experiment involved running the model without any
interventions, allowing for the colonization and stabilization of monitored
populations within the vessel. During this period, lactose-fermenting (LF)
Enterobacteriaceae exhibited higher abundance (6.42 Logio CFU/mL)
compared to Enterococcus spp. (6.38 Logio CFU/mL) Figure 3-7 Facultative
Anaerobes: Leeds HGM Vessel 1 (Proximal).

The introduction of amoxicillin resulted in an initial decrease in the overall
abundance of facultative anaerobes within the proximal region, decreasing from
7.20 Logio CFU/mL to 6.35 Logio CFU/mL. Populations began to recover during
active antibiotic instillation and continued even after cessation of amoxicillin
dosing, with facultative anaerobes reaching 7.76 Logio CFU/mL prior to
ciprofloxacin instillation. This increase can be largely attributed to an expansion

of LF Enterobacteriaceae, which increased by 1.26 Logio CFU/mL, while
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Enterococcus spp. declined throughout the entire period, falling by 0.54 Logio
CFU/mL.

The instillation of ciprofloxacin coincided with a decrease in the overall
abundance of facultative anaerobes, both during active instillation and the
subsequent cessation of dosing period, dropping from 7.76 Logio CFU/mL to
7.15 Logio CFU/mL. LF Enterobacteriaceae also decreased, falling by 0.78
Logi0o CFU/mL, and Enterococcus spp. declined by 1.05 Logio CFU/mL.

During TZP installation, Enterococcus spp. increased in abundance by 1.51
Logio CFU/mL, while LF Enterobacteriaceae decreased by 0.79 Logio CFU/mL.
Overall, total facultative anaerobes displayed a reduction of 0.42 Logio CFU/mL

Logso CFU/mL

3 8 13 18 23 28 33 38 43 48 53 58 63
Time (Days)

Steady State Ciprofloxacin Dysbiosis
stage
Amoxicillin Pip/Tazo Pathogen

Organism Enterococcus spp. === Facultative Anaerobes LF Enterobacteriaceae

Figure 3-7 Facultative Anaerobes: Leeds HGM Vessel 1 (Proximal).
Facultative Anaerobes (Green) Enterococcus spp. (Red) and Lactose
Fermenting Enterobacteriaceae (Blue)

During the post-antibiotic recovery period, all populations swiftly rebounded,
ultimately reaching abundances comparable to or exceeding their baseline
levels by day 38 (7 days following the final antibiotic dose): Enterococcus spp.
reached 7.20 Logio CFU/mL, LF Enterobacteriaceae reached 8.23 Logio
CFU/mL, and facultative anaerobes reached 8.13 Logio CFU/mL.
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Facultative Anaerobes — Vessel 3

During steady state, the microbial populations within the system achieved stable
abundances. Facultative anaerobes were present at 7.38 Logio CFU/mL, while
Enterococcus spp. and LF Enterobacteriaceae established at levels of 6.13
Logio CFU/mL and 6.17 Logio CFU/mL, respectively Figure 3-8 Facultative
Anaerobes: Leeds HGM Vessel 3 (Distal).

Upon introduction of amoxicillin, there was an initial decrease in the abundance
of Facultative Anaerobes, which later stabilized, resulting in an overall decrease
of 0.77 Logio CFU/mL during the period. Enterococcus spp. exhibited a steady
reduction in abundance initially, followed by a sharp decline during the 2-day
cessation of the dosing phase, resulting in a total decrease of 1.23 Log1o
CFU/mL over the period. In contrast, LF Enterobacteriaceae displayed
consistent growth in abundance throughout amoxicillin instillation, resulting in
an increase of 0.39 Logio CFU/mL.

Logo CFU/mL

3 8 13 18 73 28 33 38 13 48 53 58 63
Time (Days)

Steady State Ciprofloxacin Dysbiosis
stage
Amaxicillin Pip/Tazo Pathogen

Organism Enterococcus spp. === Facultative Anaerobes LF Entercbacteriaceae

Figure 3-8 Facultative Anaerobes: Leeds HGM Vessel 3 (Distal).
Facultative Anaerobes (Green) Enterococcus spp. (Red) and Lactose
Fermenting (LF) Enterobacteriaceae (Blue)

Ciprofloxacin instillation corresponds with a continuous rise in total facultative
anaerobes, increasing by 0.65 Logio CFU/mL consistently throughout both the
active dosing and drug-free interval. Similarly, LF Enterobacteriaceae

experienced a concurrent increase of 0.65 Logio CFU/mL over the same
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duration. While Enterococcus spp. displayed some recovery following an initial
decline, ultimately, they exhibited a net decline of 0.29 Logio CFU/mL.

With TZP dosing, all populations experienced steep initial decreases in
abundance; Facultative Anaerobes fell by 2.37 Logio CFU/mL, LF
Enterobacteriaceae decreased by 5.99 Logio CFU/mL, falling below the limit of
detection (LOD), and Enterococcus spp. declined by 2.52 Logio CFU/mL.
Despite some recovery during active antibiotic instillation, both LF
Enterobacteriaceae and Facultative Anaerobes failed to reach abundances
seen prior to TZP, resulting in net reductions of 4.25 Logio CFU/mL and 0.79
Logio CFU/mL, respectively. Whilst Enterococcus spp. also fell below the LOD
during active installation, the population flourished following the cessation of
antibiotic dosing. Enterococcus spp. quickly recovered to levels exceeding TZP

introduction, surpassing LF Enterobacteriaceae in abundance.

Populations in the distal portion of the model returned to abundances seen prior
to the administration of any antibiotics at day 41, 10 days after the final dose of

antibiotics.
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3.4.1.2 . Obligate Anaerobes
During the steady state within the proximal stage of the model, Bifidobacterium

spp. reached 6.80 Logio CFU/mL, Lactobacillus spp. stabilised at 7.30 Logao
CFU/mL, Bacteroides spp., despite being present in the faecal slurry used to
inoculate all vessels, failed to colonise at a level sufficient for detection via
culture (less than 1.22 logio CFU/mL) remaining below detectable levels for the
remained for the experiment. Total anaerobes stabilised at 7.59 Logio CFU/mL.

Obligate Anaerobes — Vessel 1

Logo CFU/mL

3 8 13 18 ) 28 53 38 43 48 53 58 63
Time (Days)

Organism == Anaerobes == Bacteroides spp. == Bifidobacterium spp. Lactobacillus spp

Steady State Ciprofloxacin Dysbiosis
stage
Amoxicillin Pip/Tazo Pathogen

Figure 3-9 Obligate Anaerobes: Leeds HGM Vessel 1 (Proximal). Total
Anaerobes (Blank) Bacteroides spp. (Purple) and Bifidobacterium spp.
(Green) Lactobacillus spp. (Pink)

Amoxicillin instillation sees an initial decrease in total anaerobes in the proximal
vessel decreasing to 6.08 Logio CFU/mL. Bacterial abundances increase
rapidly following the cessation of dosing, increasing to 8.10 Logio CFU/mL, a
net increase of 0.51 Logio CFU/mL. The overall increase in abundance
potentially being attributed to LF Enterobacteriaceae. Bifidobacterium spp. and
Lactobacillus spp. both declined during amoxicillin instillation, falling below the
limit of detection by the end of the active dosing and following the cessation of
dosing.

Lactobacillus spp. recovered during ciprofloxacin instillation, reaching 6.04

Logio CFU/mL by the end of the phase. Bifidobacterium spp. remained below
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detectable levels. Despite the recovery in Lactobacillus spp., total anaerobes
levels fell during the ciprofloxacin trend.

TZP saw reductions in total anaerobes, decreasing by 0.72 Logio CFU/mL.
Lactobacillus spp. fell below levels detectable via culture and both

Bifidobacterium spp. and Bacteroides spp. remained undetectable.

After the cessation of all antibiotics, anaerobic spp. failed to reestablish to the
same extent as facultative spp. Lactobacillus spp. returned to pre-exposure
levels by day 41, 10 days after the final antibiotic dose. Transient detection of

Bifidobacterium spp. was noted at days 41 and 55, however they failed to
stabilise.

Obligate Anaerobes — Vessel 3

In the distal portion of the model, all monitored anaerobic populations were
successfully established Figure 3.3-10 Obligate Anaerobes: Leeds HGM Vessel
3 (Distal).. The total anaerobic count reached 8.58 Logio CFU/mL, with
Bacteroides spp. at 5.51 Logio CFU/mL, Bifidobacterium spp. at 7.02 Log1o
CFU/mL, and Lactobacillus spp. at 7.59 Logio CFU/mL.

- /\% +
: | T _/_)Kz/\

Logso CFU/mL

3 8 13 18 23 2 33 38 43 48 53 58 63
Time (Days)

Organism =— Anaerobes == Bacteroides spp. == Bifidobacterium spp. Lactobacillus spp

Steady State Ciprofloxacin Dysbiosis
Amonxicillin Pip/Tazo Pathogen

Figure 3.3-10 Obligate Anaerobes: Leeds HGM Vessel 3 (Distal). Total

Anaerobes (Blank) Bacteroides spp. (Purple) and Bifidobacterium spp.
(Green) Lactobacillus spp. (Pink)
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Throughout the course of amoxicillin exposure, total anaerobe levels remained
relatively stable, concluding at 8.74 Logio CFU/mL. Both Lactobacillus spp. and
Bifidobacterium spp. experienced consistent declines during the amoxicillin
treatment, decreasing by 3.16 Logio CFU/mL and 3.11 Logio CFU/mL,
respectively. Despite an initial drop to 4.34 Logio CFU/mL during active dosing,
Bacteroides spp. rebounded during the drug-free interval, reaching 7.10 Logzo

CFU/mL before the commencement of the next treatment.

Ciprofloxacin dosing coincided with a net drop in the total abundance of
anaerobes, falling 1.45 Logio CFU/mL. Bacteroides spp. and Bifidobacterium
spp. both drop below the limit of detection during active antibiotic dosing and
remain at undetectable levels throughout the drug-free interval. Lactobacillus
spp. initially fell in abundance by 2.1 Logio CFU/mL however recovered during
the drug-free interval resulting in a net increase of 1.66 Logio CFU/mL over the

period.

Bifidobacterium spp. and Bacteroides spp. remained below the limit of detection
throughout TZP installation. Lactobacillus spp. fell to undetectable levels during

active dosing, recovering to 2.19 Logio CFU/mL during cessation of dosing.

The Proximal microbiome largely recovers by day 45 with Total abundances of
anaerobes, Lactobacillus spp., and Bacteroides spp. recovering to abundances
like those seen prior to antibiotic instillation. Transient detection of
Bifidobacterium spp. was recorded on days 41 and 48; however, they failed to
stabilise until day 52, 21 days after the final antibiotic dose.

3.4.1.3 Predominant Species Diversity Estimates (MALDI-TOF)
At the conclusion of each experimental stage, species diversity estimates were

made. Predominant visually distinct colonies were selected and analysed via
MALDI-TOF biotyping Table 3-8 Predominant Bacterial species recovered by
bacterial culture by agar media type Leeds HGM Vessel 1 + Vessel 3 (MALDI-
TOF). While some populations, such as Enterococcus spp. and LF
Enterobacteriaceae, remained consistent throughout the experiment, others
experienced restructuring of predominant strains or reductions in species
diversity. Notably, total anaerobes exhibited a decline in diversity following the

instillation of Amoxicillin and Ciprofloxacin after which Escherichia coli
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dominated the microbial community. This change persisted through the

remained of the experiment.

Lactobacillus spp., species diversity decreased. During steady-state,
Lactobacillus was primarily dominated by the species gasseri plantarum,
fermentum, and oris. Following exposure to amoxicillin and ciprofloxacin,
Lactobacillus plantarum was the most common species detected by MALDI-
TOF.

Bifidobacterium spp. fell below the limit of detection following CIP dosing and,
only one of the two strains identified by MALDI-TOF prior to antibiotic treatment
recovered to detectable levels through culture.



Table 3-8 Predominant Bacterial species recovered by bacterial culture by agar media type Leeds HGM Vessel 1 + Vessel 3 (MALDI-TOF)

Target Organisms

Total Facultative
anaerobes

Steady State

Escherichia coli

Day 5
Amoxicillin

Escherichia coli

Day 5

Ciprofloxacin

Escherichia coli

Day 5

Piperacillin/Tazobactam

Escherichia coli

Post Antibiotic
Recovery

Escherichia coli

Klebsiella pneumoniae

Enterococcus spp.

Enterococcus faecalis

Enterococcus faecalis

Enterococcus faecalis

Enterococcus faecalis

Enterococcus faecalis

Lactose Fermenting
Enterobacteriaceae

Escherichia coli

Escherichia coli

Escherichia coli

Escherichia coli

Escherichia coli

Total Anaerobes

Escherichia coli
Bifidobacterium longum

Lactobacillus gasseri

Escherichia coli
Enterococcus faecalis
Hungatella hathewayi

Bacteroides ovatus

Escherichia coli

Escherichia coli

Escherichia coli

Lactobacillus spp.

Lactobacillus gasseri
Lactobacillus plantarum
Lactobacillus fermentum

Lactobacillus oris

Lactobacillus oris
Lactobacillus plantarum

Lactobacillus rhamnosus

Lactobacillus plantarum

Lactobacillus plantarum

Lactobacillus plantarum

Bifidobacterium spp.

Bifidobacterium longum

Bifidobacterium
pseudocatenulatum

Bifidobacterium longum

None recovered

None recovered

Bifidobacterium longum

Bacteroides spp.

Bacteroides ovatus

Bacteroides ovatus

Bacteroides faecis

None recovered

None recovered

Bacteroide faecis

Total spores

Hungatella hathewayi /
effluvii

Hungatella hathewayi /
effluvii

Clostridium tertium

Hungatella hathewayi / effluvii

C.difficile

60T
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3.4.2 Antimicrobials and Colonisation Resistance

3.4.2.1 Clostridioides difficile
C. difficile spore preparation was inoculated into the model on day 55; the

model was sampled prior to introduction, and levels of C. difficile spores and
vegetative cells were below detectable levels in the model less than 1.22 Logio
CFU. Detectable levels of the bacterium were observed in both the proximal
and distal regions by day 56. Initially, the total viable counts (TVC) were 4.64
Logio CFU/mL and 4.56 Logio CFU/mL respectively (Presented in Figure 3-11).

In the proximal region of the model, C. difficile populations remain consistent
until day 63. The consistent presence of C. difficile spores alongside stable total
viable counts (TVC)

Proximal

g-
8-
7-
6 -
5- stage
==F ~
4- Ay - — Steady State
3- \/ Amoxicillin
Ciprofloxacin
- 29
£ 1- ZII Pip/Tazo
— [} 0 i 0 ' ' 0 0 0 0 0 0 0
E 3 8 13 18 23 28 33 38 43 48 53 58 63 Dysbiosis
% Distal Pathogen
g
39
8- Organism
7- === Anaerobes
P C.diff Spores
C.diff (TVC)
5-
4-
3-
2=
3 8 13 18 23 28 33 38 43 48 53 58 63

Time (Days)

Figure 3-11 Leeds HGM - Clostridioides difficile Spore (Orange) and Total
Viable Counts (TVC) (Blue) for Proximal (Top) and Distal (Bottom)

Distally there is differentiation of Spore and TVC counts on day 64, By day 66
spore counts were 3.27 Logio CFU/mL and TVC counts 4.54 Logio CFU/mL.
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CCNA Toxin Assay

Active C. difficile infection of the model was confirmed with the presence of C.
difficile toxin being detected on days 65 and 66.

3.4.2.2 Klebsiella pneumoniae
K. pneumoniae KPC- overnight culture added on day 55; prior to these no

detectable levels of KPC-positive K. pneumoniae were detectable within the
model less than 1.22 Logio CFU/mL. The presence of KPC-positive E. coli was

also undetectable prior to inoculation (presented in Figure 3-12).

In the proximal region, K. pneumoniae (KPC) levels stabilised at approximately
3 Log10 CFU/mL before expanding; by day 66, levels had reached 6.48 Log10
CFU/mL. On days 56 and 59, populations of KPC positive E. coli were

Proximal
8-t
7=
.- =
5-
= stage
4- Steady State
3- —— Amoxicillin
2- Fa Ciprofloxacin
E ] Lt — Pip/Tazo
= ' | | | | ! . ‘ . | ) ) |
E 3 8 13 18 23 28 33 38 43 48 53 58 63 Dysbiosis
% Distal Pathogen
g8
=
7- Qrganism
- = Facultative Anaerobes
K.pneumoniae KPC
5-
E.coli KPC
- 1 E
s
3 =
E:
2-
15 . . . . . . . \ . — .
3 8 13 18 23 28 33 38 43 48 53 58 63

Time (Days)

Figure 3-12 Leeds HGM - Detection of KPC positive K. pneumoniae
(yellow) and E. coli (blue)

Distally, KPC-positive strains remained undetectable until day 58
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3.1 Discussion

The purpose of the models described in this chapter is to establish a healthy in
vitro microbiome derived from human populations, which could be utilised to
simulate the long-term impacts of repeated antibiotic exposure, which are
commonly seen in patients with persistent or recurrent infections. Such models
offer significant advantages, including the ability to tightly control experimental
conditions, isolate specific variables and conduct experiments without the

complex ethical considerations associated with human or animal studies.

These models are crucial as they underlie the work in the following chapters as
they serve to provide samples for metabolomic and metagenomic profiling,
enabling exploration of the intestinal microbiome from both taxonomic and
functional perspectives. Additional samples from this model as serve as
material for method development purposes described in the preceding chapter.

A challenge inherent to the Leeds HGM is the resource and labour intensity
required, which limits the number of replicates that can be performed at once.
Running a single replicate in the context of the experiment outlined in this

chapter provided several benefits:

e The vessel volume of the Leeds HGM means that additional aliquots can
be taken without significantly impacting the bacterial populations.

e Culture-based sampling of the populations, whilst limited in its scope, can
provide useful insights into the overall health of the model, as well as
insight into the compositional changes occurring within the microbiome in

a contemporaneous manner.

The MiGut system's scalability has been optimised for omics approaches, and
as a consequence, concessions are made which allow for limited culture to be
performed before potentially seeing adverse effects on the stability of the

system.

Weekly quantitative RT-PCR was performed throughout the study on both the
Leeds HGM and MiGut platforms as part of system validation. The results

confirmed consistency between the two platforms (Davis Birch et al., 2023).
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On this basis, culture results can be used to draw some interesting initial
insights into what is potentially occurring within the microbiome, as well as
being confident in the success of goals before investing in next generation
sequencing and metabolomic profiling. Utilising both models together allowed
for culture and omics approaches to be effectively combined leveraging the
strengths of both approaches. The Additional replicates possible with the MiGut
platform further increase experimental robustness in further analysis. In the
following sections, experimental goals will be outlined, with an explanation of
how the data suggests their achievement and the rationale for progressing

confidently.

3.1.1 Establishing Baseline Microbiome

Based on previous experience working with the Leeds HGM and MiGut
platforms, it is understood that an initial 2-week steady-state period is sufficient
for bacterial populations to stabilise. During the steady-state period, stable
detection of monitored populations is expected. A collapse of any key species
or the emergence of species typically not associated with the intestinal
microbiome could indicate a failure to establish a healthy baseline or

contamination. These issues would prompt a discontinuation and restart.

Culture data points towards the establishment of a healthy microbiome.
Culturable Bacteroides spp. failed to establish at detectable levels within Vessel
1. This is possible because the pH range of the proximal region is sub-optimal
for the proliferation of Bacteroides spp. Bacteroides spp. have been shown to
establish at lower abundances in co-cultures at pH levels less than 6; even
when present as a dominant strain within the starting inoculum, they are
outcompeted by other minority strains. Bacteroides begin to dominate co-
cultures towards neutral pH (Ilhan et al., 2017). This is a probable cause for the
difference in abundance of Bacteroides spp. recovered from proximal and distal

regions.

Medial and distal regions (V2 and 3) are potentially more relevant to clinical
symptoms of CDI, displaying the greatest colonisation and germination by C.

difficile and highest toxin production. Researchers are increasingly appreciating
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that taxonomic delineations of the microbiome are insufficient to explain
dysbiotic states. Thus, spatial differentiation of the intestinal microbiome in
composition and functional capacity may be more important. Upstream
metabolic outputs in the proximal regions could potentially compound
alterations seen along the colon.

3.1.2 Impacts of Antimicrobials on the Gut Microbiome

The Leeds HGM has an extensive history of investigating the propensity of
antimicrobials to induce antibiotic-associated dysbiosis, particularly concerning
its potential to lead to CDI (Freeman et al., 2003; Baines, S. D. et al., 2005;
Baines, Simon D. et al., 2009; Chilton, Caroline H. et al., 2012; Buckley et al.,
2021)

AMX is a broad-spectrum antibiotic in the penicillin class, primarily used to
target Gram-positive bacteria. AMX has been studied in the Leeds HGM for its
propensity to illicit CDI following a 7-day dosing regimen of amoxicillin
clavulanic acid (co-amoxyclav) (AMC) (Chilton, Caroline H. et al., 2012). AMC
was shown to have a less deleterious effect than other antimicrobials
associated with CDI whilst still being able to induce CDI. Chilton et al
demonstrated that AMC impacted the microbiome, reducing the abundance of
Bacteroides spp. and Bifidobacterium spp. and resulting in increased
abundance of facultative anaerobes. Interestingly, trends observed in
Enterococcus spp. differ, previously, AMC was shown to be associated with an
increase in Enterococcus spp. within the model (Chilton, Caroline H. et al.,
2012). In the present study, AMX instillation coincided with reductions in
Enterococcus spp. in vessel 1 and vessel 3 of the model. This may be due to
differences in microbiome composition between pooled faeces inoculum. The
two most common Enterococcus strains in the human intestinal microbiome are
E. faecalis and E. faecium, both strains are regularly isolated from the Leeds
HGM through culture. These strains show differing susceptibility profiles to
AMX, with E. Faecalis being susceptible and faecium displaying increased
resistance (Schouten et al., 1999). Throughout this run, faecalis was identified

as the predominant Enterococcus spp. across all time points via MALDI-TOF



115

Table 3-8 Predominant Bacterial species recovered by bacterial culture by agar
media type Leeds HGM Vessel 1 + Vessel 3 (MALDI-TOF). The pooling of faecal
samples used in seeding the models is done with the purpose of mitigating
variations between runs, but there may still be variations in dominant species
between runs. The previous observations of AMX in the Leeds HGM do not
have published species-level identification available; this reinforces the need for
greater resolution than genus-level identification for characterising the

microbiome particularly when de-risking antibiotic selection.

Ciprofloxacin (CIP) is a board spectrum fluoroquinolone with activity against
Gram-positive and Gram-negative bacteria. Observations from the present
study are comparable to previous observations in the Leeds HGM, with marked
reductions in Bacteroides spp. and Bifidobacterium spp. falling below the limit of
detection during CIP instillation and Lactobacillus spp. and Enterococcus spp.
undergoing smaller decreases in abundance (Saxton et al., 2009). Proximally,
in vessel 1, some recovery of Lactobacillus spp. is seen. However overall
populations are still suppressed compared to levels during steady state. CIP
instillation coincides with reductions in culturable species diversity in total
anaerobes and Lactobacillus spp., with both groups being dominated by a

single species.

Piperacillin-Tazobactam (TZP) is a combination antibiotic consisting of
piperacillin, a broad-spectrum penicillin, and tazobactam, a beta-lactamase
inhibitor. This combination provides a broad range of activity, targeting both
Gram-positive and Gram-negative bacteria. TZP’s impact on the microbiome
and its potential to act as a driver for the spread of Carbapenemase-producing
Enterobacteriaceae (CPE) within the microbiome has been previously studied in
the Leeds-HGM. Rooney et al. (Rooney et al., 2019) demonstrated that the
selective antibiotic selective pressure of TZP was associated with the transfer of
antibiotic-resistance genes from K. pneumoniae to E. coli. In the present study,
TZP induced marked reductions in all monitored populations mirroring what had
been observed previously (Harris et al., 2021). Species which had previously
fallen below the LOD, such as Bifidobacterium spp. and Bacteroides spp.

remained suppressed throughout TZP installation.
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All three antibiotics in the present study were able to induce marked changes in
the intestinal microbiome, in some instances compounding the effect of the

previous, reducing overall bacterial abundance and species diversity.

3.1.3 Recovery

In each antibiotic phase, there is a two-day drug-free interval. During this
interval, it is anticipated that the concentration of the antibiotic within the model
may decline to levels potentially below the therapeutic threshold. This pause
allows for a brief recovery period before the initiation of the subsequent
antimicrobial treatment. Consequently, it may be expected to observe an
increase in certain bacterial populations at sampling points immediately prior to
the next treatment. The duration of this window depends on factors such as the
retention concentration, and half-life of the antibiotic in question and the

susceptibility of the bacterial populations.

Following the cessation of AMX treatment, Bacteroides populations recovered
quickly to pre-dosing levels, with the emergence of Bacteroides faecis as a
prominent strain identified via MALDI-TOF.

The period following cessation of CIP instillation was characterised by an
increase of Lactobacillus populations but with a marked reduction in species
diversity. Following CIP instillation, culturable strains had been reduced to a

single species, Lactobacillus plantarum, recoverable by culture.

There was some recovery of LF Enterobacteriaceae during TZP instillation. This
may indicate the selection of resistant subpopulations within the model,
although this was not specifically measured here. Previous work demonstrated
that TZP dosing alone is sufficient to drive the emergence of resistance genes
within the system following six days of instillation (Rooney et al., 2019). In the
present study, there were no detectable CPE colonies recovered at screening
prior to KPC introduction on day 55, so it is unclear whether this recovery could

be attributed to the emergence of resistance within the model.

Following TZP instillation, there was a 3-week period without intervention. This
was implemented to allow for the microbiome to reestablish and reach a new

homeostatic equilibrium. The purpose of this was to assess the degree to which
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the microbiome was able to recover, and its potential to resist colonisation and
expansion of exogenous pathogens following a lengthy recovery period.
Previous in-vitro studies with the Leeds-HGM exposed to C. difficile in the
absence of antimicrobials have shown that in instances of intact colonisation
resistance, spores remain quiescent, failing to establish within the model
(Baines, S. D. et al., 2005; Chilton, Caroline H. et al., 2012) reaffirming that the
expansion of C. difficile within the model can be attributed to functional

dysbiosis and a lack of colonisation resistance.

Facultative aerobe populations returned to pre-antibiotic exposure levels by
days 7 and 10 post-antibiotic treatment for the proximal (Vessel 1) and distal
regions, respectively. The prolonged recovery time for distal populations may be
attributed to increased retention time within the system and the gradual
clearance of antibiotics following the final dose.

Anaerobic populations recovered by days 10 and 14 post-final antibiotic dose.
Similar to facultative populations, the delayed recovery of distal anaerobic
populations could be linked to the model's retention time and the gradual
clearance of antibiotics within the system.

The recovery of proximal microbiota (in vessel 1) was not as robust as that
observed in the distal vessel (vessel 3). During the dysbiosis and subsequent
recovery period, transient detection of Bifidobacterium spp. was noted.
However, these populations failed to stabilize within the experimental
timeframe, leaving uncertainty regarding their potential for resolution given
additional time. The transient presence of Bifidobacterium spp. may be
attributed to biofilm detachment and subsequent seeding within the model, a
phenomenon previously studied in the context of the Leeds-HGM system
(Normington et al., 2021). Although this experiment did not explicitly incorporate
biofilm structures, microbial biofilms are known to form on the surfaces of
fermentation vessels. Transient detection of Bifidobacterium spp. was also
observed in the distal vessel (vessel 3) 10 and 17 days post-final antibiotic
dose, with consistent detection occurring by day 21 post-antibiotic, persisting

until the end of the experiment indicating more established recovery.
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Despite the microbiome largely returning to pre-antimicrobial abundances and
composition, a notable reduction in species diversity persisted throughout the
experiment. Nearly all targeted groups assayed by culture became dominated

by a single strain.

3.1.4 Pathogen Expansion

C.difficile was detected in both proximal (vessell) and the distal (vessel 3) on

day 56, one day after inoculation.

In the proximal region (vessel 1), C. difficile remained predominantly in spore
form, exhibiting a gradual decline towards the end of the two-week monitoring
period. The consistent presence of C. difficile spores alongside stable total
viable counts (TVC) implies a potential absence of active germination and

passive colonization processes.

The distal region (vessel 3) showed a steady detection of C. difficile,
predominantly as spores, until day 64, with spore and vegetative cell counts
remaining within 1 logio CFU/mL. From day 64, there was a notable reduction in
the recovery of spores and an increase in vegetative cells. This observed
increase in vegetative logio CFU/mL, accompanied by a decrease in spore logio
CFU/mL, is indicative of germination and active growth. Differentiation of C.
difficile spores and vegetative cells coincide with the detection of C. difficile
toxin within the model assayed via semi-quantitative CCNA. The divergence of
Spore and TVC counts starting day 64 coupled with the present of C. difficile
toxin suggests germination of spores and active colonisation of the model
trending towards simulated CDI. Germination of C. difficile spores and active
production within the model indicated simulated C. difficile infection within the

system.

Klebsiella pneumoniae (KPC) was detected on day 56 in the proximal vessel
(Vessel 1) and on day 58 in the distal vessel (vessel 3) following it’s addition on
day 55.

The potential spread of KPC genes to Escherichia coli (E. coli) was indicated by
transient detection in the vessel 1 on days 56 and 59, and consistent presence
in the distal vessel (vessel 3) from day 58 onwards.
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Previous studies (Harris et al., 2021) (Rooney et al., 2019) have investigated
the introduction of KPC to similar models and its potential to disseminate
resistance to other Enterobacteriaceae, with results aligning closely with the
observations made in this study. While antibiotic resistance genes were not
explicitly screened for in the present study, the emergences of KPC-positive
E.coli stains on antibiotic resistance screening plates suggest the transfer of
resistance from inoculated KPC-positive K. pneumoniae to the endogenous
microbiota. The detection of KPC-positive K. pneumoniae and E. coli remained
steady within the distal region of the model until the end of the experiment. In
contrast, in the proximal vessel (vessel 1), KPC rapidly expanded and became

a major constituent of the total facultative anaerobes recovered by culture.

3.2 Summary

This chapter demonstrates that dysbiosis can be achieved in an in-vitro model
using a clinically relevant antibiotic dosing regimen, leading to a persistent
disturbance to the gut microbiota. This is evidenced by the disruption to key
microbial genera, reduction in dominant species diversity and the expansion of

introduced pathogens explored by culture-based methods.
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Chapter 4
Metagenomic investigation of the In-vitro Intestinal

microbiome.

4.1 Introduction

Antibiotic therapy induced significant disruption in microbial populations within
the in-vitro gut model. While isolation and enumeration of key taxa by culture
revealed the recovery of the bacterial composition of selected genera to pre-
antibiotic levels, the colonisation and proliferation of C. difficile and K.
pneumoniae within the model following the three-week recovery period
indicated a sustained loss of colonisation resistance. The lack of colonisation
resistance, despite the return of monitored taxa to their original composition,
suggests that culture-based methods may not effectively capture these

changes.

This chapter employs shotgun metagenomics for taxonomic and functional
analysis to provide a deeper understanding of the microbiome beyond what can
be achieved with culture-based methods alone. By utilising metagenomic in this
context, the aim is to offer deeper insights into the global taxonomic shift and
inferred metabolic pathways of the microbiome. Metabolic pathway analysis will

provide a basis for subsequent metabolomic investigation.
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4.2 Chapter Aims

This chapter seeks to provide a deeper understanding of the microbiome's
compositional and functional dynamics and their response to antimicrobial

treatment. Specifically, the aims are:

1. Explore the Compositional Dynamics of the Microbiome
¢ Investigate the microbiome with greater resolution afforded by
metagenomics, encompassing a broader range of bacterial genera,
including non-culturable species.
e Examine species diversity with bacterial genera to understand how it

may be altered by antimicrobial treatment.

2. Perform Functional Analysis Beyond Population Dynamics
e Determine whether dysbiosis characterised in this instance by the failure
to resist the colonisation and expansion of pathogens can be partially
attributed to a loss of functional potential or if it is more likely due to

downstream effect on the transcriptome of the proteome.
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4.3 Experimental Outline

Metagenomics analysis utilises samples taken from the in-vitro model
previously described. Samples were taken from the Leeds Human Gut model
and MiGut platforms. Sample time points are outlined in Table 4-1 Metagenomic
Sample Timepoints for Leeds HGM and MiGUT. If possible, sample days were
chosen on the final day of each experimental phase, immediately before the
commencement of the next antimicrobial installation or pathogen inoculation. In
instances where alternative sample days were chosen, shifts are indicated, for

example, from Day 34 to Day 36, denoted by a change of +2.

Table 4-1 Metagenomic Sample Timepoints for Leeds HGM and MiGUT.
Parentheses indicate alternative sample day shifts.

Leeds HGM

Steady - State Day 10 Day 10 Day 10 Day 10
Amoxicillin Day 20 Day 20 Day 20 Day 20
Ciprofloxacin Day 27 Day 27 Day 27 Library Failure
Piperacillin / Day 36 Day 36 Library Failure Library Failure
Tazobactam (+2) (+2)

Post—Abx Recovery Day 55 Day 55 Day 55 Library Failure
Post - Pathogen Day 64 Day 64 Day 64 Day 64

Samples for metagenomics were taken from the Leeds HGM and a single
iteration of the MiGUT platform. This decision was made to ensure sufficient
depth within the metagenomic analysis. Reviewing 16s data from Leeds HGM
and all MiGut iterations confirmed microbiome structures across the models
were following similar trajectories (Figure 4-1 NMDS Ordination of 16s
sequencing from Leeds HGM and MiGut platforms.)
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Figure 4-1 NMDS Ordination of 16s sequencing from Leeds HGM and
MiGut platforms. Image reproduced from MiGut: A scalable in vitro
platform for simulating the human gut microbiome-Development,
validation, and simulation of antibiotic-induced dysbiosis (Davis Birch et
al., 2023).

With these observations from the 16s DNA analysis in mind, confidence was
gained that metagenomic observations would be representative of the model
cohort and be sufficient to support and contextualise future metabolomic

insights.
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4.4 Methods

4.4.1 DNA Extraction

Samples for DNA extraction were immediately frozen at -80°C upon collection
for batch processing at the conclusion of the experiment. DNA extraction was
conducted from pellets obtained by centrifuging 1 mL of Gut Model fluid at
16,000 x g for 15 minutes. The pellets were processed using the FastDNA Spin
Kit for Soil (MP Biomedicals) according to the manufacturer’s instructions.
Extracted DNA preparations were subsequently stored at -80°C until being

dispatched for off-site analysis.

For MiGut samples, the supernatant was reserved for metabolite extraction as

outlined in 2.4 Sample Processing
4.4.2 Bioinformatics software

Quality Control

FastQC (v0.11.9) performs quality control analysis on raw sequencing reads,
evaluating key metrics such as quality scores, sequence length distribution, and

adapter content.

MultiQC (v1.12) (Ewels et al., 2016) Aggregates multiple FastQC reports into a
comprehensive summary, facilitating quick assessment and comparison of

guality control metrics across various samples.

Read Trimming

Trimmomatic (v0.39) (Bolger et al., 2014) Removes adapter sequences and
low-quality bases from raw sequencing reads, enhancing data quality and
reliability for downstream analysis. Trimmomatic was used in Single End (SE)
and Paired End (PE) palindromic modes. Trimmomatic was used with the
Default parameters for processing Illlumina reads with the dropping of reverse

reads off

Read Merging
PEAR (v0.96)(Zhang et al., 2014): Paired-end read merger, used to merge

overlapping paired-end reads generated from next-generation sequencing
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platforms, improving the accuracy and length of assembled sequences. PEAR
was used with default parameters

Alignment

DIAMOND (2.0.8) (Buchfink et al., 2015; Bagci et al., 2021) is a high-speed
sequence alignment tool optimised for use on both workstations and high-
performance computing environments. Alignment was performed against the
NCBI non-redundant protein sequence database (NCBI-nr database), accessed
on May 3, 2023. Using default Parameters.

Meta-Genome analyser

MEGANS (6.22.2) (Bagci et al., 2021)

R Packages used

- DESeq2 (v1.44.0): Utilised for differential analysis (Anders and Huber,
2010).

- dplyr (v1.1.4): Tools for data manipulation, focusing on data frames.

- ggplot2 (v3.5.1): Used for creating visualisations.

- Patchwork (v1.2.0): Facilitates the combination of multiple ggplot2 into a
single figure.

- Tidyverse (v2.0.0): A collection of R packages utilised in data science,
including ggplot2, dplyr.

- Vegan (v2.6-6.1): Employed for community ecology analyses; in this
chapter, Vegan's distance matrix function is used for 2D ordination of the

microbiome.

Metagenomic pathway analysis
Pathway analysis was done with Kyoto Encyclopaedia of Genes and Genomes

(KEGG) (Kanehisa and Goto, 2000; Kanehisa et al., 2023) 111.0, July 1, 2024

Additional information for metabolic pathways, including reaction direction,
obtained from MetaCyc (Caspi et al., 2014)
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4.4.3 Sequencing

The library preparation and Next Generation Sequencing (NGS) were carried
out by the Next Generation Sequencing Facility at the University of Leeds. The
sequencing process was executed on a single lane, using a 300-cycle kit to
generate 150 base pair paired-end reads on a NextSeq 2k platform.

Sequencing resulted in an average read depth of 27 million reads per sample.

4.4.3.1 Metagenomic Controls

Negative Control: Nuclease-free water taken from the sample plate was

processed along experimental samples to monitor for contamination.

Quality control: lllumina PhiX was included as a quality control. PhiX is a
500bp library without indexes and balanced GC:AT ratio, included to identify

over/under clustering and flow cell cluster efficiency.

4.4.3.2 Library preparation

After shipment for processing, some of the libraries failed to create libraries of
sufficient quality to proceed to sequencing. Eight of these libraries, covering
phases of anti-microbial instillation, experienced inefficient sheering during
library creation. This issue was believed to be caused by the presence of
antifoam added to the model to prevent foaming within the vessels, which
interfered with DNA extraction and downstream processing. The issue
coinciding with antimicrobial instillation is likely due to antimicrobial-induced cell
death resulting in the release of intracellular protein, which in turn increased
foaming and necessitated additional antifoam. Re-cleaning samples with
ethanol precipitation overnight with 3M sodium acetate was sufficient for

effective sheering.

Some libraries contain significant portions of adapter dimers, which are self-
ligations of adapter sequences without library inserts. These preferentially bind
to the flow cell with high clustering efficiency (Head et al., 2014). Libraries
following TZP dosing failed to make libraries due to the presence of an adapter
dimer. Consequently, the initial sample point Day 34 had to be dropped for both
MiGUT and Leeds HGM platforms. Additional samples had been taken
throughout the experiment for Leeds HGM which was not possible with the
MiIGUT as it would deplete the system. One of the additional Leeds HGM
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samples was chosen to cover the sample point. The next available sample point
for TZP was day 36. Since no further antimicrobial instillation followed TZP, this
was deemed an appropriate concession to have a point covering this model
phase with the caveat that the microbiome had an additional two days to

recover.

Ciprofloxacin (day 27) and Post—Antibiotic Recovery (day 55) failed to make
Libraries due to the presence of Adapter dimers, believed again to be an issue
of antifoam accumulation leading to ineffective DNA extraction resulting in low

starting material for Library generation.

With these issues addressed, to the best extent, the 20 samples that generated
libraries cover all experimental phases for the Leeds HGM, with the majority of

time points having supporting observations in the MiGUT platform.

4.4.4 Preparing Paired End Reads for MEGAN

For the analysis of sequencing data in this study, DIAMOND was used for
alignments due to its integration with MEGANG and optimisations for
workstation use. It is recommended that single reads be used when working
with DIAMOND. It is possible that in cases where paired-end data is available to
utilise both, each read pair is treated as a single read to maintain consistency in
the analysis process. Given access to paired-end data, the preference is to
utilise both reads to maximise the accuracy of sequence assignments whenever

feasible.

In determining the appropriate processing pipeline to employ, three approaches
were evaluated (Figure.4-2 Pre-processing pipelines considered for
Metagenomic data preparation. Steady-state samples were the focus of this
comparison. These pre-exposure samples to antibiotics are presumed to exhibit

the highest degree of diversity and complexity.

Pipeline A involves a quality control procedure for the forward reads, entailing
the trimming of adapter sequences and removing low-quality reads using

Trimmomatic SE in conjunction with supplied Illumina adapter sequences.

Pipeline B adopts a simple strategy by concatenating the forward and reverse

reads into a single FASTA file, leveraging all generated sequences. The quality
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control steps employed in this pipeline mirror those utilised in Pipeline A to
ensure data integrity and reliability.

Pipeline C incorporates Trimmomatic PE for palindromic adapter sequence
removal, which offers increased specificity compared to SE trimming. The QC
(Quality Control) for this step generates four output files: paired sequences from
Read 1 and Read 2 and unpaired sequences from both reads. Paired
sequences are merged using PEAR to create contigs, aiming to produce longer
sequences for more precise alignments. Unpaired sequences from Read 1 and
Unassembled sequences from Read 1 are concatenated with the file to utilise
as many sequences as possible. However, corresponding sequences from
Read 2 are omitted to avoid over-representing assignments from unpaired

reads, ensuring the accuracy and validity of the analysis results

A

Read 1 Single End Read 1 Alignment Read 1

oy | | Trimming |~ | ‘ommes |~ | DIAMOND | T | deanie | —> | MECANG

B

Read 1

(Forvard) | — | Concatenation ; ;

Single End Read 1+2 Alignment
. o —> | Timming | — | concatenses s | —> | Diamonp | —> [ R€341*2| —» | mEGAN

Read 2 Fastq files rm

(Reverse)
Cc

Read 1 Read 1 As:emdbled

| —» i Paired Reads | —p. Merge eads | —p | Concatenation

?r?:ﬁ?nliinngd — Overlapping | —» of
Read 1 — Read 2 — Reads Read 1 — Fastq files
(Forward) Paired Reads U RS
Read 1 Read 1
Unpaired Reads \ Unmerged Reads
Read 2
Unpaired Reads

Figure.4-2 Pre-processing pipelines considered for Metagenomic data
preparation. (A) Processing workflow utilising only forward Reads (B)
Simple concatenation of forward and reverse reads (C) Merging
overlapping segments between forward and reverse reads to increase
overall sequence length.
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4.4.4.1 DIAMOND alignment comparison

Pipeline A, using sequences from read 1, was used as a baseline for
comparisons for aligned queries and the total time for DIAMOND to complete.
Utilising read 1 only resulted in a processing time of 9.2 and 7.6 hours and
aligned 24511880 and 20756956 queries for MiGUT and Leeds HGM samples,

respectively.

Table 4-2 Queries Aligned in DIAMOND with Processing Pipelines

Reactor Processing Pipeline Alignment Time Queries
(hours) aligned
MiGut Read 10nly 9.2 24711880
Distal Read 1 + Read 2 224 49512423
Concatenated
Read 1 + Read 2 Merged 12.8 25084436
Leeds HGM  Read 10nly 7.6 20756956
Distal Read 1 + Read 2 18.56 49512423
Concatenated
Read 1 + Read 2 Merged 10.5 21127174

Pipeline B, which utilises all sequences from Read 1 and Read 2 files,
expectedly took the longest of the pipelines reviewed and resulted in the most
queries aligned. For both platforms, the total time increased by approximately
144%, resulting in a 100% and 138% increase in alignments for MiGUT and
Leeds HGM, respectively.

Pipeline C, which merged sequences from Read 1 and Read 2, showed an
increased alignment time of 37% and 39%, resulting in an increase of queriers
aligned by alignment by 1.5% and 1.7% for MiGUT and Leeds HGM,
respectively.

The increase in alignments from pipeline A is unlikely to result in a meaningful
change to the data, as concatenating Reads 1 and 2 essentially doubles the
amount of data, resulting in each sequence being aligned twice. Pipeline C
shows a minor increase in reads for both model platforms. By increasing read
length, the specificity for alignment is anticipated to improve. With this in mind,
NGS data will be processed using this method.
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4.4.5 Microbiome Data Processing and Statistical Analysis

4.4.5.1 Distance Matrix Computation Methods

The dissimilarity between samples was calculated through a Bray-Curtis
similarity matrix. This measure, in contrast to Shannon diversity, considers both
species present and abundance within samples. This matrix is used to quantify
differences between different samples based on genus composition. Distance
matrixes were calculated with the "vegdist ()" function within the R package

Vegan.

4.4.5.2 Genus Ordination

Non-metric multidimensional scaling (NMDS) was employed to visualise the
relationships between samples. This analysis utilised the Bray-Curtis
dissimilarity matrix previously outlined. NMDS was performed using the
‘'metaMDS ()" within Vegan, which reduces the dimensionality of complex data

sets to represent them in a two-dimensional space.

4.4.5.3 Differential abundance analysis

Differential abundance analysis was conducted to compare genus and
functional data across experimental phases against the steady state baseline.
Taxonomic and functional exported from MEGAN were prepared and analysed
using DESeq using the 'DESegDataSetFromMatrix ()" function.
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4.5 Results

4.5.1 Taxonomic analysis

4.5.1.1 Microbiome Compositional Shifts as a Result of Antimicrobial

Instillation

A pairwise distance matrix was computed between all Leeds HGM and MiGUT
samples, utilising the Bray-Curtis dissimilarity index. Non-metric
Multidimensional Scaling (NMDS) was then performed, resulting in a stress
value of 0.1004; this indicates a reliable representation of the data in reduced
dimension. Plotting microbiome data in this manner provides an intuitive
assessment of beta diversity, illustrating how the composition of the intestinal

microbiome responds to antimicrobial intervention.
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Vessel 1 - Compositional Changes

Significant shifts in the microbiome composition within vessel 1 were observed
for both Leeds HGM and MiGut Platforms (presented in Figure 4-3 Genus Level
Compositional Changes in Vessel 1)

1.25-

MiGut
®
1.00 -
Stage
S8

o 0.75- AMX
8 @ cP
=
z ® T1zZP

P-Abx
0.50 -
P-Path
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®ccds HC

0.25- ®

NMDS1

Figure 4-3 Genus Level Compositional Changes in Vessel 1 . NMDS plot
generated with Bray-Curtis dissimilarity. Steady State (SS, Red)
Amoxicillin (AMX, Olive) Ciprofloxacin (CIP, Green),
Piperacillin/tazobactam (TZP, Teal), Post Antibiotic (P-Abx, Blue) Post
Pathogen (P-Path, Pink)

In the Leeds HGM, TZP clusters with AMX and CIP, the more minor changes
evident at this experiment phase may be attributed to the microbiome already

being severely depleted.

Both models recovered towards steady state compositions following the three-
week post-antibiotic recovery period. In this instance, recovery in the Leeds

HGM appears to be more complete than in the MiGut.

Further changes were induced in both models following pathogen introduction
and potentially attributed to colonisation and proliferation of C. difficile and K.

pneumoniae within the model.
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Vessel 3 - Compositional Changes

The distal portion of the models also displayed a compositional shift to the
microbiome in response to antimicrobial instillation present in Figure 4-4 Genus

Level Compositional Changes in Distal Colon.

AMX induced less pronounced changes in the Leeds HGM in Vessel 1 of the
model than in Vessel 3, exhibiting compositional shifts more closely aligned to
those seen in the MiGuit.
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Figure 4-4 Genus Level Compositional Changes in Distal Colon. NMDS
plot generated with Bray-Curtis dissimilarity. Steady State (SS, Red)
Amoxicillin (AMX, Olive) Ciprofloxacin (CIP, Green),
Piperacillin/tazobactam (TZP, Teal), Post Antibiotic (P-Abx, Blue) Post
Pathogen (P-Path, Pink)
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Restoration of Disrupted Microbiomes Trend towards Original spatial
Composition

Repeated exposure to antibiotics in both Vessel 1 and Vessel 3 of the in-vitro
model drives the microbiome towards a distinct dysbiotic taxonomic profile
(Figure 4-5 Genus Level Composition alterations, Vessel 1 vs ). This profile
appears to be shared between proximal (vessel 1) and distal (vessel 3) regions,
which, prior to antibiotic instillation, appear to have unique ecologies distinct to

their spatial location.
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Figure 4-5 Genus Level Composition alterations, Vessel 1 vs Vessel 3. The
Proximal( vessel 1)(Circle, Red boundary) and Distal (vessel 3)(Triangles,

Blue Boundary) regions display distinct borders

Following the cessation of antibiotic treatment, the recovery trajectory trends

towards a profile more similar to their region of origin. Although the disrupted

microbial profiles are unique, exhibiting considerable deviation, there remains
an underlying capacity for the microbiome to return to a composition more

closely resembling its pre-antibiotic state.
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4.5.1.2 Identifying Minority Genera

In the normalised dataset there were 76,344,629 reads assigned, resulting in
103 Taxa identified at Genus level. Within the 103 taxa, approximately 95 % of
reads could be assigned to 25 genera presented in Figure 4-6 Distribution of
assigned reads across all samples at the genus-level. Organisms which could
not be identified to Genus Level were analysed together as “No Genus ID”. The
genera identified as being responsible for the 95 % majority of assigned reads
were: Escherichia, Bifidobacterium, Lactobacillus, Hungatella, Bacteroides,
Pediococcus, Schleiferilactobacillus, Lactiplantibacillus, Enterococcus, No
Genus ID, Candida, Lacticaseibacillus, Enterocloster, Coprococcus, Shigella,
Lachnoclostridium, Limosilactobacillus, Intestinimonas, Bariatricus,
Faecalibacterium, Eisenbergiella, Parabacteroides, Anaerofilum, Clostridium,

Sutterella
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4.5.1.3 Antibiotic Impact on Microbiome Diversity

The impacts of antimicrobial instillation of microbiome diversity (Shannon Index)
were assessed for the 25 most abundant genera previously identified as being
responsible for 95% of assigned reads, and minor genera. Analysis of
microbiome composition was limited to the 9 most abundant genera, with others
grouped as minor genera for clarity. Compositional changes are expressed as
shifts in proportional abundances of genera by assigned reads at each

experimental time point.

Vessel 1

Diversity and composition within the proximal (vessel 1) region of both models
are presented in Figure 4-7 Vessel 1 Shannon Diversity and Microbiome
Composition featuring 10 most abundant Genus. The MiGut sample
corresponding to TZP is missing due to library failures discusses previously (
4.43.2)

Following the equilibrium period the baseline microbiome displays notable
variations between Leeds HGM and MiGUT replicates. Leeds HGM exhibited
notably higher abundances of Escherichia (14.5%) and Lactobacillus (19.5%).
In the MiGut platform at Steady State, the microbiome is dominated by

Bifidobacterium, comprising 81.4%.
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Figure 4-7 Vessel 1 Shannon Diversity and Microbiome Composition
featuring 10 most abundant Genus

After AMX instillation, there was a drop in genus diversity in the Leeds HGM as
the microbiome showed a proliferation of Escherichia (89.4%), with minor
genera being the next most significant (8.3%). In the MiGut, there was an
expansion of, Pediococcus (10.3%) and Lactobacillus (12.2%), coinciding with a
reduction in Bifidobacterium (66.7%) and an increase in diversity as less

prominent genera expanded.

During CIP instillation in the Leeds HGM, Escherichia remained the dominant
genus (78.6%). There was also an expansion of Lactiplantibacillus (11.4%) and
Enterococcus (6.1%). In the MiGut there was an increase in Lactiplantibacillus
(19.3%), Lactobacillus (39.1%), and continuing expansion of Pediococcus
(24.9%). There was an increase in diversity associated with the growth of less

prominent genera.

TZP instillation caused significant disruption in the Leeds HGM microbiome,
with many genera suppressed below detectable limits. Escherichia remained
dominant (89.3%), followed by Enterococcus (6.1%) and minor genera (4.5%)

Following post-antibiotic recovery, diversity in the Leeds HGM was restored. All
prominent genera seen prior to antibiotic instillation were present;
Bifidobacterium (12.9%), Escherichia (26.3%), Lactiplantibacillus (8.8%),
Lactobacillus (15.7%), minor genera (8.9%) and, Pediococcus (15.4%).
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Enterococcus (4.3%), and Scheriferilactobacillus (7.5%) persisted following
antimicrobial instillation. Post-recovery microbiota in MiGut also was reflective
of pre-antimicrobial state, despite the loss of Lactiplantibacillus, Bifidobacterium
(30.8%) remained present in addition to Lactobacillus (40.8%), Minor Genera
(7.9%) and Pediococcus (19.0%).

Following pathogen exposure in the Leeds HGM microbiome composition
included Bifidobacterium (22.2%), Enterococcus (4.5%), Escherichia (4.1%),
Lactiplantibacillus (3.7%), Lactobacillus (10.4%), minor genera (20.7%),
Pediococcus (10.1%), and Schleiferilactobacillus (24.0%). In the MiGut, the
microbiome comprised Bifidobacterium (20.6%), Lactobacillus (53.3%), minor
genera (12.2%), and Pediococcus (12.2%).
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Vessel 3

Diversity and composition within the distal region of both models are presented
in Figure 4-8 Vessel 3 Shannon Diversity and Microbiome Composition
featuring 10 most abundant Genus. Sample points for MiGut corresponding to
CIP,TZP and P-Abx are missing due to library failures discusses previously (
4.43.2)

Following the equilibrium period, the distal vessel in both models exhibits
greater baseline Shannon diversity than at steady state. The Leeds HGM
displayed a high proportion of minor genera (68.6%) Bacteroides (14.7%),
Bifidobacterium (2.1%), Escherichia (<2%), Hungatella (<2%),
Lactiplantibacillus (2.6%), Lactobacillus (7.3%), and Pediococcus (<2%). MiGut
exhibited a high proportion of Bifidobacterium and significant proportions of
minor genera (23%) in addition to Bacteroides (5.4%), Lactiplantibacillus
(2.5%), Lactobacillus (4.7%), and Schleiferilactobacillus (<1%)

Shannon Diversity

Model

—#— Leeds HGM

Shannon Diversity

ss AMX cIP TZP P-Abx P-Path
Sample ID

Microbiome Composition 10 Most Abundant Genera o
enus

Leeds HGM MiGut
. Bacteroides
1.00
» . Bifidobacterium
o
8 075 . Enterococcus
E . Escherichia
5]
%Uﬁl} B Hungatelia
£ . Lactiplantibacilus
@
© 0.25 . Lactobacillus
7
o . Minor Genera
0.00 . Pediococcus
D { S+ o =) Kk 2 s+ &
& v“j_ I & & ng‘ 3 ng' & Fo ng‘ [ scnieiferiiactobacilius

Stage

Figure 4-8 Vessel 3 Shannon Diversity and Microbiome Composition
featuring 10 most abundant Genus. Due to the lack of sample points for
MiGut, Shannon diversity is omitted

Following AMX instillation, Leeds HGM experienced a drop in Shannon diversity
as the microbiome became dominated by Bacteroides (38.9%), Hungatella
(29.4%), Minor Genera (30.2%), Pediococcus, Lactiplantibacillus and
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Lactobacillus were suppressed below detectable limits. Escherichia remained
low <2% and did not exhibit the same proliferation seen proximally in vessel 1.

Following CIP dosing, there was an emergence of Escherichia dominating the
microbiome (91.1%). Similar to observations in vessell (proximal), although

delayed, this dominance by Escherichia was associated with a notable drop in
Shannon diversity. Minor genera were present in lower abundance (5.4%) and

there was a re-emergence of Lactiplantibacillus (2.0%).

TZP saw a reduction in the abundance of Escherichia (0.3%) and an increase in
diversity as Enterococcus expanded (15.1%). Minor Genera also expanded
(32.7%)

Following the post-antibiotic recovery period, there was a significant increase in
Shannon diversity within the Leeds HGM, returning to pre-antibiotic instillation
levels. Microbiome composition seen post-antibiotic was similar to that seen
prior to antibiotic treatment with some restructuring. Bacteroides (15.6%) and
Bifidobacterium 3.5%) were established at levels similar to those seen prior to
antibiotic intervention. However, Escherichia remained within the microbiome at

an elevated level (15.3%)

Minor genera (28%) were present in lower abundance compared to the pre-
antibiotic period. There was a restructuring of Lactobacillaeceae observer prior
to antibiotic instillation, Schleiferilactobacillus (10.5%) replaced the previously
dominant Lactobacillus species, which were present at <1% post-antibiotic.
Lactiplantibacillus and Pediococcus were present at <2% and 3.3%,
respectively, indicating lower abundance in these genera post-antibiotic
treatment. Hungatella (21.2%) emerged as a more prominent strain post-

recovery than prior to antibiotic treatment.

Following Pathogen exposure, the microbiome showed similar profiles to the
post-antibiotic recovery structure. There was a similar composition between
MiGut and Leeds HGM; the MiGut had a greater presence of Hungatella and a
reduced proportion of Minor genera.

In the Leeds HGM, Bacteroides (9%) remained a significant portion of the
microbiome. Escherichia (16.9%) continued to persist at similar levels, while
Hungatella (5.3%) was present at a lower proportion. The composition of

Lactobacillaceae remained stable, with Lactiplantibacillus (<1%), Pediococcus
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(2.5%), Lactobacillus (<2%), and Schleiferilactobacillus (7.4%) being the most
dominant genus. Minor genera accounted for 49.5% of the composition.

In the MiGut, Hungatella (39.8%) was the genus with the highest abundance.
Bacteroides (11.7%), Bifidobacterium (10.4%), and Escherichia (6.0%) were
also present. Minor genera accounted for 12.2% of the composition. The
composition of Lactobacillaceae was comparable to that seen in the Leeds
HGM. Schleiferilactobacillus (11.3%) was the dominant genus within the family,
while Lactobacillus (3.8%) and Pediococcus (4.8%) were present but less

abundant. There was a notable absence of Lactiplantibacillus.

4.5.1.4 Differential Abundance Analysis

Differential abundance analysis of the top 25 genera identified was performed
with DESeq for proximal (vessel 1) and distal (vessel 3) regions. Genus falling
below the 10" percentile base mean reads were filtered out, resulting in
thresholds of 1112 for the proximal (vessel 1) region and 20806 for the distal
(vessel 3) region. Differential abundances are reported as log,FoldChange for
both Leeds HGM and MiGut platforms, comparing each experimental phase to
the end of steady state.

Vessel 1

Vessel 1 differential abundance data for differentially abundant genera (Log2
fold change >1 and adjusted p-value <0.05) during the post-antimicrobial
recovery period and post-pathogen inoculation are presented in Table 4-3
Vessel 1 (Leeds HGM + MiGut) Differential Abundance Post-Antibiotic
Recovery and Table 4-4 Vessel 1 (Leeds HGM + MiGut) Abundance Post-

Pathogen Inoculation

Table 4-3 Vessel 1 (Leeds HGM + MiGut) Differential Abundance Post-
Antibiotic Recovery

Genus Log2FoldChange Adjusted p-value
Coprococcus -30.00 1.94E-09
Bacteroides -29.33 4.38E-09
Faecalibacterium -27.31 4.61E-08
Pediococcus 5 1.02E-02
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Table 4-4 Vessel 1 (Leeds HGM + MiGut) Abundance Post-Pathogen
Inoculation

Genus LogzFoldChange Adjusted p-value

Coprococcus -30.62 3.40E-08

Bacteroides -29.62 3.40E-08

Faecalibacterium -27.84 1.85E-07
Vessel 3

Vessel 3 differential abundance data for differentially abundant genera (Log2
fold change >1 and adjusted p-value <0.05) during the post-antimicrobial
recovery period and post-pathogen inoculation are presented in Table 4-5
Vessel 3 (Leeds HGM + MiGut) Differential Abundance Post-Antibiotic
Recovery and Table 4-6 Vessel 3 (Leeds HGM + MiGut) Abundance Post-

Pathogen Inoculation.

Table 4-5 Vessel 3 (Leeds HGM + MiGut) Differential Abundance Post-
Antibiotic Recovery

Log2FoldChange Adjusted p-value
Sutterella -30.00 5.94x106
Coprococcus -19.45 6.39x10*
Faecalibacterium -18.91 2.27x103
Shigella 16.37 2.32x10°
Escherichia 4.15 4.22x103

Table 4-6 Vessel 3 (Leeds HGM + MiGut) Abundance Post-Pathogen
Inoculation

Genus LogzFoldChange Adjusted p-value
Sutterella -30.00 9.38x10°%°
Coprococcus -19.93 5.20x10°6
Faecalibacterium -19.39 4.49x10°05
Shigella 15.44 5.99x1098
Escherichia 3.30 6.94x1003
Hungatella 4.32 3.96x10°2
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4.5.1.5 Species Diversity Across Experimental Phases.

Total Species Count

Quantifying the total number of identified species present at each experimental
phase provides a detailed assessment of diversity, illustrating how the
microbiome composition may alter in response to antibiotic instillation. The total
number of unique species is presented in Table 4-7 Comparison of Species

counts in Leeds HGM and MiGut platforms.

Table 4-7 Comparison of Species counts in Leeds HGM and MiGut
platforms. Sample points without associated NGS data are described as
not applicable (NA).

Leeds HGM
SS 48 157 53 92
AMX 27 81 43 87
CIP 23 23 28 NA
TZP 21 45 NA NA
P-Abx 40 75 28 NA
P-Path 37 90 28 49

As expected, vessel 3, representing conditions of the distal colon, harboured
the highest number of unique species compared with vessel 1, reflecting the

conditions of the proximal region.

Antibiotic instillation had a dramatic effect on the total number of unique
species, which decreased in both the first and last vessels regardless of the
model system used. In the Leeds HGM vessel 3 displayed the greatest
reduction in species count following TZP dosing. In the Distal region, the
greatest reduction coincided with CIP administration, with recovery observed

during TZP dosing.

The steady-state phase had the highest abundance of unique species. Total
Species number did recover following the cessation of antibiotics in both vessel

and vessel 3; however, they did not return to their pre-antibiotic abundances.
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Species Unigue to Region

Vessel 1 and Vessel 3 were assessed for the proportions of the population
unique to each region (Presented in Figure 4-9). At each time point, the distal
region exhibited the highest species diversity, with 140 of the 182 species
identified across both model platforms being exclusive to this region. In
contrast, most species in the proximal (vessel 1) region were shared with the
distal (vessel 3) region, with only 28 of the 70 species identified in the proximal

region being unique to that location.

Steady-State Steady-State Steady-State
SPECIES count spemes count species count
- Total Leeds HGM ~ MiGut
/Prmumal al Distal / rcx|mal Distal ﬁmximal/\' Distal
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f | [

28 42 140 ‘23 134 | 18 35 57
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Figure 4-9 Comparison of Unique and Shared Species Counts Across
Proximal (vessel 1) and Distal (vessel 3) Regions at Steady State, Post-
Antibiotic Recovery, and Post-Pathogen Challenge

The reduction in species was not confined to any specific spatial region or
within unique / shared populations. Species depletion was observed across all
populations and regions following antibiotic instillation, which persisted through

the recovery period and post-pathogen challenge.
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4.5.1.6 Impact of Antibiotic Instillation on Species Diversity in Highly
Diverse Genera

Antibiotic instillation is associated with changes in species diversity within highly
diverse genera, presented inFigure 4-10 Heat map of species counts by genus
across Leeds HGM and MiGut Platforms.

Proximal Region (vessel 1)

In the proximal region, Lactobacillus species were initially established as 11
species in Leeds HGM and 10 species in MiGut. During antibiotic instillation,
populations of Lactobacillus were suppressed, falling below detectable levels.
The impact of AMX and CIP was not as apparent in the MiGut platform, where
species abundances remained consistent throughout the dosing period. The
cessation of antimicrobials was associated with a recovery in detectable

Lactobacillus species in the Leeds HGM.

Bifidobacterium established in both models to similar levels, 9 in Leeds HGM
and 8 Species in MiGut. Antibiotic instillation led to a reduction in species
diversity for both models. AMX had a greater impact on species diversity within
the Leeds HGM. During CIP and TZP dosing, species numbers remained low
across both platforms. Following the cessation of antibiotic instillation, there was
a partial recovery in Bifidobacterium species in both models; however, neither

reached the abundances seen during Steady State.

Veillonella was established in both models. The Leeds HGM initially had a
higher level of species diversity. However, antibiotic exposure depleted
Veillonella species below detectable levels in both models, remaining below

detection for the continuation of the model

Distal Region

Bacteroides initially established in the Leeds HGM with 11 species; there was a
lower initial level of diversity in Bacteroides species within the MiGut with 2
Species established. There was an initial increase in Bacteroides species
during AMX instillation in the Leeds HGM. However, CIP and TZP saw severe
depletion in Bacteroides species throughout dosing. Bacteroides were able to
recover to pre-antibiotic levels of species abundance after the removal of

antibiotics.
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Enterocloster was established as 6 species in both Leeds HGM and MiGut
models. AMX instillation had no impact on recoverable species of Enterocloster;
however, CIP and TZP were reduced in detectable species. Following the
cessation of antibiotic dosing, species diversity was able to recover to similar
levels 5 Species in Leeds HGM and 4 in MiGut.

Bifidobacterium established in both models, 4 detectable species during Steady
state in the Leeds HGM and 8 species in the MiGut. AMX and CIP saw
depletion in the number of recoverable species of Bifidobacterium. There was
some recovery during TZP. However, levels had reduced again following the
post-antibiotic recovery period and remained below pre-antibiotic exposure

levels for the continuation of the experiment.

Clostridium were established as 5 species in Leeds HGM and 4 in MiGut. There
was a notable reduction in recoverable species during CIP and TZP instillation.
AMX had less impact on Clostridium species. Populations in the Leeds HGM
were able to recover to a greater extent to 4 species, MiGut populations

remained low at 1 species.

Lactobacillus colonisation was similar across both models 6 species in Leeds
HGM and 4 species in MiGut, AMX and CIP were associated with a depletion of
species diversity; there was some recovery observed in Leeds HGM during
TZP. However, there was no further recovery, and populations never returned

to pre-antibiotic levels.

Oscillibacter colonised both models to a similar extent; 8 species in Leeds HGM
and 7 species MiGut became severely depleted during antibiotic dosing in Both
Leeds HGM and MiGut. AMX had a greater impact on diversity in Leeds HGM.
Oscillibacter species remained below detectable levels for the remainder of the
experiment following antibiotic dosing.

Faecalibacterium established as 4 species in both Leeds HGM and MiGut.
Antibiotic dosing resulted in the depletion of all species below detectable levels.

Neither model saw a resurgence of species following the cessation of antibiotics

Sutterella was only detectable in Leeds HGM at steady state. There was a
notable presence in both models during AMX dosing. The reason for lack of

detection in MiGut during Steady state not being evident. CIP and TZP saw the
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depletion of Sutterella species below detectable levels where they remained for

the continuation of the experiment

Alistipes and Ruminococcus only established detectable levels within the Leeds
HGM, with 6 and 7 species being detected, respectively. Both genera were
depleted below detectable levels following CIP administration and remained
undetectable for the rest of the experiment.
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4.5.2 Metagenomic Functional Profiling of the intestinal microbiome

MEGAN performs functional analysis on NGS data by binning sequence data
into KEGG categories, utilising its functional hierarchies, KEGG Pathway and
Brite Hierarchies. KEGG Pathway groups entities into pathways based on their
specific biological functions, whereas Brite Hierarchies classifications are based
upon broader biological functions. At steady-state there was a total of
41,371,104 pathway assignments. This includes 23,913,110 reads assigned to
KEGG Pathway, 13,868,689 reads to Brite Hierarchies, and 3,589,307 reads
categorized as Not Included in Pathway or Brite (Figure 4-17 Total Assigned
Reads at Steady State for Leeds HGM and MiGut).

3589307

Pathway Category

. Pathway

. Brite Hierarchies
. Not Included in Pathway or Brite

13868688

23913109

Figure 4-11 Distribution of Reads by Pathway Categories at Steady-state
for both Leeds HGM and MiGut platforms. Breakdown of assigned reads
between KEGG hierarchical classifications, KEGG Pathways (Red), Brite
Hierarchies (Green), and Unassigned Categories (Blue)

Not Included Pathway or Brite assignments were discarded from further
analysis. Brite hierarchies were excluded due to a lack of granularity in the
structure, making it challenging to form a cohesive picture of functional changes
within the microbiome.
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4.5.2.1 KEGG Pathway
At Steady state, KEGG Pathway analysis identified 5560 enzymes across 314

sub-subpathways and 46 subpathways. Carbohydrate metabolism emerged as
the most abundant subpathway with 5.59E+06 reads assigned (Figure 4-12
Total Reads Assigned to Subpathways within KEGG Pathways).

Carbohydrate metabolism
Membrane transport

Amino acid metabolism

Replication and repair

Translation

Nucleotide metabolism

Metabolism of cofactors and vitamins
Signal transduction

Energy metabolism

Glycan biosynthesis and metabolism
Folding, sorting and degradation

Lipid metabolism

Subpathway

Cellular community - prokaryotes
Metabolism of other amino acids
Metabolism of terpenoids and polyketides
Cell growth and death

Transcription

Infectious disease: bacterial

Xenobiotics biodegradation and metabolism
Drug resistance: antimicrobial

Cell motility

Biosynthesis of other secondary metabolites

1e+01 1e+03 1e+05 1e+0
Reads

Figure 4-12 Total Reads Assigned to Subpathways within KEGG
Pathways. Steady State Distribution of assigned reads within KEGG
Pathways at Sub-pathway resolution.

Among the ten most abundant subpathways, six were associated with the
Metabolism Pathway: Carbohydrate metabolism, Amino acid metabolism,
Nucleotide metabolism, Metabolism of cofactors and vitamins, Energy
metabolism, and Glycan biosynthesis and metabolism. 2 were associated with
Environmental Information Processing pathway: Membrane transport and
Signal transduction, and 2 were associated with Genetic Information

Processing: Replication and repair, and Translation
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Targeted Pathway Interrogation of the Metagenome: SCFAs

Several genera, including Faecalibacterium, Intestinimonas, Coprococcus, and
Lactobacillus, which exhibited significant disturbances during antimicrobial
instillation, are known to be associated with the production of short-chain fatty
acids (SCFAs). To determine whether these genus-level alterations are
reflected in changes to the functional capacity of the metagenome, a targeted
approach was employed to evaluate specific metabolic pathways associated
with SCFA production. SCFA are crucial intestinal metabolites produced by
bacterial fermentation of non-absorbed carbohydrates such as resistant
starches fructans, xylans, gums and pectins within the colon (see Figure 4-13

Outline of major Short-chain Fatty acid production.).

Nonabsorbed Carbohydrates

Cellulose Starch Xylans Pectins
Fructans Gums

v

Fermentation by
Colonic Bacteria

Butanoate Metabolism Propanoate Metabolism
Pyruvate Metabolism

— | ——

Butyrate Propionate Acetate
Short-Chain Fatty Acids (SCFA)

¢

Absorption by Colonic Epithelial Cells

Figure 4-13 Outline of major Short-chain Fatty acid production. Image
adapted from KEGG Carbohydrate digestion and absorption Reference
pathway (ko04973) (KEGG, 2019).

The key functional pathways investigated include Butanoate Metabolism,
Propanoate Metabolism, and Pyruvate Metabolism, with a specific focus on
acetate production. These pathways are identified as prime candidates for more
focused investigation, not only due to the functional implications of SCFAs as
crucial metabolites for colonocytes and their role in gut homeostasis but also

their potential to be altered based on taxonomic observations
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Butanoate (Butyrate) Metabolism (ko00650)

The pathways for Butyrate synthesis are well-characterised and comprise four
main routes: the acetyl-CoA, Glutarate, 4-aminobutyrate, and lysine pathways
(Vital et al., 2014). Within the dataset, 54 unique enzyme assignments were
identified within Butanoate metabolism. To assess potential changes to Butyrate
production by the intestinal microbiome, differential abundance analysis was
performed on all identified components. Assignments with low abundances,
those falling before the 10" percentile of reads, were filtered out before
analysis. Where applicable, assignments were categorised by their associated
pathways, and log,FoldChange plotted Table 4-8 Differentially Abundant Genes
Within Butyrate Metabolism. Assignments within butanoate metabolism but
outside the scope of this chapter’s analysis were discarded from future
consideration. Assignments were classed as differentially abundant if they had
a log,FoldChange greater than and an adjusted p-value less than 0.05. Those
which met the criteria for being differentially abundant are annotated in Figure

4-14 Differentially Abundant Enzymes and Their Roles in Butyrate Metabolism

Table 4-8 Differentially Abundant Genes Within Butyrate Metabolism

Enzyme Name Enzyme KEGG LogzFold Adjusted
Commission Orthology Change p-value
number Identifier

Glutaconate CoA- EC:2.8.3.12 K01039?! -5.00! 2.0x103

H 1

transferase Subunit A KO10402 -11.062 3 7x103 @

& B?

4-Hydroxybutyrate EC:1.1.1.61, K08318 4.06 2.0x10*

dehydrogenase / EC:1.1.1.373

sulfolactaldehyde 3-

reductase

Acetolactate synthase EC:2.2.1.6 K11258 4.46 3.0x10*

Il small subunit

lvalues for Subunit A, 2 Values for subunit B

Notable changes were observed in genes associated with the acetyl Co-A
pathway, with three out of four identified genes showing reductions and one
gene exhibiting an increase in abundance. Despite, logzfold changes exceeding
1, none of these changes reached statical significance. Among the identified
genes associated with acetyl-CoA metabolism, KO0022 (3-hydroxyacyl-CoA
dehydrogenase [EC:1.1.1.35]) exhibited an increase, while KO0O074 (3-
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hydroxybutyryl-CoA dehydrogenase [EC:1.1.1.157]), KO1715 (enoyl-CoA
hydratase [EC:4.2.1.17]), and KO7516 (3-hydroxyacyl-CoA dehydrogenase
[EC:1.1.1.35]) showed reductions.
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Figure 4-14 Differentially Abundant Enzymes and Their Roles in Butyrate
Metabolism. (A) Outlines pathways discussed in this chapter highlighting
key metabolic steps. (B) Depicts log,FoldChange of enzymes within the
identified pathways. Green lines indicate a log,FoldChange greater than 1.
Annotated enzymes; K01039 glutaconate CoA-transferase subunit A,
K01040 glutaconate CoA-transferase, subunit B, KO8318 4-
hydroxybutyrate dehydrogenase / sulfolactaldehyde 3-reductase, K11258

acetolactate synthase Il small subunit
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Propanoate Metabolism (ko00640)

The KEGG Pathway ko00040 for propanoate metabolism highlights three
primary routes for propionate production, which occur via lactate, succinate, and
L-lactaldehyde. In the dataset, 46 distinct enzyme assignments were identified
as being part of the propanoate metabolism pathway. To explore potential
changes in propanoate metabolism, a differential abundance analysis was
performed on all identified components. Enzyme assignments with abundances
below the 10th percentile were filtered before analysis. Assignments were then
processed in the same manner as those for butyrate metabolism. Several
displayed log,-fold change greater than 1; however, they failed to an adjusted p-
value less than 0.05. Those which met the criteria for being differentially
abundant are annotated in Figure 4-15 Differentially Abundant Genes and Their
Roles in Propanoate Metabolism. Following the antibiotic recovery period, there
was a persistent decrease in enzymes associated with the synthesis of
Propanoate from Lactate presented in Table 4-9 Differentially Abundant Genes

Within Propanoate Metabolism.

Table 4-9 Differentially Abundant Genes Within Propanoate Metabolism

Enzyme Name Enzyme KEGG LogzFold Adjusted
Commission Orthology Change p-value
number Identifier

Butyryl-CoA EC:1.3.8.1 K00248 -2.42 2.42x10°

dehydrogenase

Multifunctional beta- EC:4.2.1.-, K14729 -5.27 2.47x10°

oxidation protein EC:1.1.1.-

Propionate kinase EC:2.7.2.15 K00932 3.14 4,57x10-*

Methylglyoxal/glyoxal reductase (K23257 [EC:1.1.1.283, EC:1.1.1.-]) also
showed an increase in abundance; however, this is discussed further within the
context of acetate synthesis in Pyruvate Metabolism.
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Figure 4-15 Differentially Abundant Genes and Their Roles in Propanoate

Metabolism. Outlines metabolic pathways discussed in this chapter,
highlighting key metabolic steps. White arrows depict, reaction steps for
which no associated enzymes were identified within the dataset for any
timepoint (B) Depicts log,FoldChange of enzymes within the identified
pathways. The dotted green lines indicate a log;FoldChange greater than
1. Annotated enzymes; K00248 butyryl-CoA dehydrogenase, K14729
multifunctional beta-oxidation protein, KO0932 propionate kinase, K23257
methylglyoxal/glyoxal reductase.
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Pyruvate Metabolism (ko00620)

The pathways for acetate production are described within the KEGG map for
pyruvate metabolism, with several pathways centred around acetyl-CoA
contributing to acetate synthesis. This chapter focuses on lactate, which is
closely tied to pyruvate and the central pathways for acetyl-CoA metabolism.
This focus was determined post-analysis as the observations were limited
primarily to these pathways and did not limit the scope of differential abundance
analysis. Given the diversity of acetate production, it is more straightforward to
discuss the findings within this context. To assess potential alterations in
acetate metabolism, differential abundance analysis was conducted on all
identified components. Data points with mean abundances below the 10™
percentile threshold were filtered before analysis of results. Assignments were
then processed in the same manner as those previously described. Those
which met the criteria for being differentially abundant are annotated in Figure
4-16 Differentially Abundant Genes and Their Roles in Acetate/Pyruvate

metabolism.

Table 4-10 Differentially Abundant Genes Within Acetate/Pyruvate
Metabolism

Enzyme Name Enzyme KEGG LogzFoldChang Adjusted
Commission Orthology e p-value
number Identifier

methylglyoxal/glyoxa EC:1.1.1.283, K23257 5.05 0.0403

| reductase EC:1.1.1.-

L-lactate EC:1.1.2.3 K00101 -9.30 0.0046

dehydrogenase

(cytochrome)

lactate 2- EC:1.13.124 K00467 -3.45 0.0107

monooxygenase

1 Associated with the metabolism of L-lactate

K21618 (R)-2-hydroxyglutarate-pyruvate transhydrogenase [EC:1.1.99.40]
exhibited a decrease in abundance similar to L-lactate dehydrogenase
(cytochrome), with a logz-fold change of -8.53. Although its P-Value initially
failed to reach significance, this decrease persisted post-pathogen challenge,
where its level of significance increased with additional replicates from the
MiGut platform.
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Acetate/Pyruvate metabolism. Outlines metabolic pathways discussed in
this chapter highlighting key metabolic steps. (B) Depicts log,FoldChange
of enzymes within the identified pathways. The dotted green lines indicate
a logzFoldChange greater than 1. Annotated enzymes; K00101 L-lactate

dehydrogenase, KO0467 lactate 2-monooxygenase, K23257

methylglyoxal/glyoxal reductase, K21618 (R)-2-hydroxyglutarate-pyruvate
transhydrogenase
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4.6 Discussion

4.6.1 Steady state microbiome

The baseline microbiome was comparable between Leeds HGM and MiGut
platforms. Key genera, particularly those monitored by culture, were established
throughout both models by the end of the steady state phase, notably

Bacteroides, Bifidobacterium, Lactobacillus, Enterococcus, and Escherichia.

There was an increased abundance of Bifidobacterium within the MiGut
platform at a steady state. Increased Bifidobacterium colonisation was noted in
16s qPCR analysis of the experiment, albeit to a lesser extent (Davis Birch et
al., 2023).

When viewing the baseline microbiome as total reads rather than proportionally
(Figure 4-17 Total Assigned Reads at Steady State for Leeds HGM and MiGut),
the comparability of the baseline composition before much more evident

between the platforms.

Leeds HGM MiGut

5,000,000 -
Genus

. Bacteroides

. Bifidobacterium
. Enterococcus
. Escherichia

. Hungatella

. Lactiplantibacillus
. Lactobacillus
. Minor Genera
. Pediococcus

. Schleiferilactobacillus

4,000,000 -

3,000,000 -

Total Reads

2,000,000 -

1,000,000 -

ss ss
Stage

Figure 4-17 Total Assighed Reads at Steady State for Leeds HGM and
MiGut. Total Genus level assignments at steady state shows a greater
abundance of Bifidobacterium within the MiGut compared to Leeds HGM

It is unclear whether this increased abundance accurately represents the true
compositional nature of the microbiome or if it is an artefact of DNA extraction
and sequencing. This increase in the abundance of reads, particularly within

Bifidobacteria, may influence diversity metrics. Typically, increased sampling
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depth may have impacts on the ability to recover minority genera, increasing the
diversity of the data. However, in this instance, it appears the only reads within
Bifidobacteria are inflated. Increased abundances of Bifidobacteria within the
model at steady state and AMX may particularly influence differential
abundance data when compared to steady state. In this instance, while there
were large changes within the abundance of Bifidobacteria, they did not reach
statistical significance. This is likely due to the absence of this observation
within the Leeds HGM.

Displaying microbiome data in an intuitive way may be challenging, and it is
important to identify how choosing to represent compositional data may impact
interpretation. Presenting the data as proportionate reads rather than total reads
may be useful; however, in this instance, the increased abundance of

Bifidobacterium compressed other genera in MiGut data.

In both models, proximal (vessel 1) and distal (vessel 3) regions show unique
compositional profiles. Vessel 3 displays a greater genus-level diversity
compared to Vessel 1. Reflecting culture base findings Bacteroides fail to
become established in the vessel 1 proximal region. The failure of Bacteroides
to effectively colonise vessel 1 contrasts with some findings in the literature
(Ahmed et al., 2007) (Wang, X. et al., 2003). The lack of Bacteroides
colonisation within vessel 1 may be attributable to a lack of seeding from a

preceding vessel.

4.6.2 Impacts of Antimicrobials on the Intestinal Microbiome.

With the growing understanding of the potential contributions of the microbiome
to human health, it is increasingly important to understand the potential

unintended consequences associated with medical interventions.

The metagenomic data analysed in this chapter echoes many of the
observations seen through culture-based analysis, expanding on them and
offering additional levels of insight beyond key microbial species isolated for

enumeration.

4.6.2.1 Compositional Shifts

Ordination of genus-level taxonomic data with NMDS explores the

compositional trajectory throughout the simulated course of multiple rounds of
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antimicrobial therapy, which might reasonably be experienced in chronically sick
individuals, tracking the subsequence recovery phase.

There appear to be notable differences in the impact which different antibiotics
introduced into the model have upon the microbiome, with amoxicillin in most
distances displaying smaller compositional disruptions to the microbiome than
ciprofloxacin or piperacillin-tazobactam. However, this may be partially
attributed to the dosing regimen being designed not to allow complete recovery

of the microbiome between therapies.

As previously mentioned, the proximal (vessel 1) and distal (vessel 3) appear to
have compositionally distinct profiles. However, following antimicrobial
instillation, the composition of the disrupted microbiomes becomes more similar
to each other than their spatially related steady-state compositions. Despite the
disrupted microbiome occupying a distinct cluster, they retain the underly
diversity needed to return to compositions more similar to their distinct initial
profiles, likely driven by the tight environmental controls within the system and

differing nutrient availability.

4.6.2.2 Diversity

Diversity is a key metric within microbiome research, it offers the potential to
describe the varying structure and composition of the microbial community. This
chapter explored how antibiotic instillation can impact both the total abundance
of species within individual genera and alterations to the genus-level
composition of the microbiome. Total species diversity was important to the
work within this thesis due to functional heterogeneity among species; the loss
or gain of species within a genus may also indicate shifts in functional profiles.
Genus diversity here was explored as a descriptive metric for understanding the

restructuring of the microbiota coinciding with antibiotic instillation.

Species Diversity

In response to antimicrobial instillation, there are notable reductions in the

diversity of species present for several genera, with others being lost entirely.

Lactobacillus within the Leeds HGM, there was a notable reduction in overall
strain diversity. Lactobacillus species in the MiGut platform appeared to be

more resilient to antibiotic instillation being able to recover with the emergence
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of a previously low abundant strain. Lactobacilli are well documented as being
potential probiotic strains responsible for the production of lactic acid and
SCFAs. Their potential to produce SCFA has been documented with varying
capacity even within strains of the same species, with co-cultures showing
increased production over single strain cultures, strains associated with higher
butyrate production also being shown to exhibit stronger antimicrobial activity

against pathogens (Thananimit et al., 2022).

Bifidobacterium species diversity was severely depleted across both models
investigated in this chapter, with only a single species remaining in each post-
antibiotic instillation and recovery. Bifidobacteria are important fermentative
constituents of the intestinal microbiome, responsible for the breakdown of non-
digestible poly and oligosaccharides to fermentable monosaccharides, with
varying metabolic profiles within the genus (Falony, G. et al., 2006; Scott et al.,
2014; Dong et al., 2024) .Bifidobacteria typically lack the ability to produce
butyrate directly, while Usta-Gorgun et al. (Usta-Gorgun and Yilmaz-Ersan,
2020) described their potential to produce butyrate in the presence of salep,
they are primarily associated with the production of acetate and lactate (De
Vuyst, L. et al., 2014). The production of acetate by bifidobacteria has been
shown to cross-feed production by butyrate-producing species (Falony, G. et
al., 2006; De Vuyst, Luc and Leroy, 2011). A reduction in Bifidobacterium
species, may therefore result in a reduced metabolic profile for the utilisation of
non-digestible carbohydrates within the microbiome, reducing metabolic cross-
feeding and a reduction in SCFA production. The reduced Bifidobacterium

diversity may have implications for the maintenance of the host immune system.

There was a significant reduction in species diversity within the genus
Ruminococcus. The discussion around this genus is problematic within the
literature, as it represents a polyphyletic classification of bacteria within the
families Oscillospiraceae and Lachnospiraceae. A common topic of discourse in
the literature focuses on enterotypes, which provide a simplified view of the
gastrointestinal microbiome and heavily rely on genus-health correlations. The
reductive nature of enterotypes raises concerns, particularly when genus-level
classifications, upon which these correlations are based, may be inherently

flawed.
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Ruminococcus gnavus, a species heavily studied for its potential relationship to
inflammatory bowel disease, is more appropriately classified within
Lachnospiraceae as Mediterraneibacter in the taxonomic dataset. This species
is transiently detected post-antibiotic treatment. Ruminococcus gauvreauii,
another member of the family Lachnospiraceae, lags in reclassification within
the taxonomic data and is the only surviving member of the genus post-

antibiotic therapy.

Two members of the Ruminococcus genus lost during Antibiotic were R. bromii
and R. bovis. R. bromii is a prominent degrader of resistant starches in the
gastrointestinal tract, and whose activity is essential to the effective breakdown
of resistant starches by other bacteria (Ze et al., 2012), R. Bovis is a closely
related species to R. bromii with a similar fermentative capacity. The level of
abundance of Ruminococcus within the data set had it fallen below the cut-off
for prominent genera and differential abundance analysis. However, the loss of
key species within the genus and the saccharolytic capacity could be an area
for future investigations within the dataset, with genus-level observations

guiding the exploration of related functional pathways.

Faecalibacterium is a genus known for its short-chain fatty acid producing
capacity. Notable for the production of formate, butyrate and d-lactate. They are
some of the most abundant producers of Butyrate within the gut(Mallott and
Amato, 2022) Previously identified as Fusobacterium, the inaugural species F.
prausnitzii was differentiated due to its requirement of acetate for growth
(Duncan et al., 2002). Highly abundant within the healthy intestinal microbiome,

the genus was severely depleted by the antimicrobial therapy used here.

Depletion of Faecalibacterium has been noted for its association with dysbiotic
microbiomes in Crohn’s disease patients and is noted as possessing a
potentially ameliorative capacity in vitro (Sokol et al., 2008). The reduction of
Faecalibacterium strains noted here could lead to a net reduction of SCFA
production capacity within the microbiome. It should be noted, however, that the
genus was not identified within the MiGut Steady state sample selected for NGS
analysis. Typically, present as an abundant genus within the microbiome and
were identified within the Leeds HGM steady-state sample, this could signal a

failure to sufficiently colonise one of the models in this instance, due to the lack
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of data from additional models it's not immediately clear if this observation
persists across all replicates or is an outlying observation.

Oscillibacter species were severely depleted through antibiotic instillation,
closely related to the genus Clostridium and Oscillospira; there are functional
associated with the production of the short-chain fatty acid Valeric acid from a
variety of carbon sources (lino et al., 2007) and Butyrate via the glutarate
pathway (Mallott and Amato, 2022).

The genus Coprococcus saw a depletion of species in response to antibiotics.
Two of the three identified species, C. comes, and C. catus, are present within
the data set with both being lost following antibiotic instillation. Members of the
genus are identified as being important producers of short-chain fatty acids
within the microbiome (Mallott and Amato, 2022). C. catus produces butyrate
and propionate while C. come produces butyrate with formate or lactate in a
substrate dependent manner (Vital et al., 2014). The depletion of species within
Coprococcus could signal the collapse of vital SCFA production pathways within

the intestinal metabolome.

The reductions see in species-level diversity within the observed genus in many
instances may not indicate a complete loss of capacity but rather a reduction in
functional redundancy. They areas outlines above pay particular focus on
saccharolytic and SCFA function within metabolic genus correlations. The
reductions outlined here have the potential to limit pathways variations and
metabolic cross-feeding, as a result of antibiotic administration, effect which

may persist for multiple weeks post-therapy.

Genus Level Alpha Diversity

Due to issues during library preparation, there was a lack of data for MiGut at
what would be presumed to be the peak disruption of the microbiome following
TZP instillation. Consequently, it is not possible to determine whether this trend
would continue or reverse resulting in a decrease in genus-level diversity

following continued antibiotic instillation.

The Leeds HGM returned to Shannon diversity levels matching or exceeding
steady state despite being severely depleted throughout antibiotic instillation.
Despite this, the model lacked intact colonisation resistance to prevent the

growth and proliferation of C. difficile or K. pneumoniae within the model. While
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diversity is a useful and widely used metric for microbiome research, providing a
guantifiable point of reference for the state of the microbiome, it is of limited use

without context.

Differentially abundant Genus — Post recovery

Exploring differential abundance for the top 25 genus highlights changes in
microbiome composition. As discussed previously both Coprococcus and
Faecalibacterium were depleted below detectable levels, leading to them being
identified as being differentially abundant post-recovery.

Bacteroides were identified as being differentially abundant with the proximal
(vessel 1) region of the model. The lack of recovery in this vessel may be
influenced by the fact that they were initially less abundant than in vessel 3
(distal). Further influenced by the fact there are fewer opportunities for
reseeding. Populations within the distal region can be reseeded by residual

populations in vessel 1, whereas there are no up-steam sources for vessel 1.

Sutterella levels were reduced in vessel 3. The genus and its contributions to
the intestinal microbiome are less profiled than some of the genera within this
chapter. There have been links between therapeutic failure in ulcerative colitis
patients receiving faecal microbiota transplantation and its potential to degrade
IgA (Kaakoush, 2020). The lack of information about Sutterella and its
contributions to gut homeostasis, means that it is difficult to draw any
meaningful functional insights which could be explored as a part of further

metabolomics investigations or functional pathway analysis.

Escherichia and Shigella showed increased abundance in vessel 3 following
antimicrobial instillation. Escherichia, in particular, remained one of the most
prominent genera throughout antibiotic instillation in the Leeds HGM, in vessels
1 and 3. While levels decreased post-antibiotic instillation, they remained higher

than pre-antimicrobial levels

Hungatella is associated with the production of SCFAs such as butyrate (Lewis,
G. et al., 2019) and is among the two SCFA producers which increase in
abundance post-antimicrobial instillation. Species diversity within the genus
remained consistent throughout antibiotic instillation. Pediococcus is a genus
linked to SCFA production, displaying an increase in abundance post-

antimicrobial therapy. This increase was particularly notable in proximal regions
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vessel 1) of both the MiGut and Leeds HGM platforms. Although expansion was
observed in vessel 3, they failed to achieve statistically significant p-values
despite having log2fold increase greater than one. The expansion of Hungatella
and Pediococcus, along with their capacity to produce SCFAs, may provide

some compensatory effects for the reduction in other genera.

Analysis of genera, though limited in its specificity, begins to outline a potential
shift in the metabolic capacity of saccharolytic bacteria and those associated
with the production of SCFAs. Initial exploration of the functional metagenome
showed few statistically significant changes. However, the functional
characteristics associated with disrupted genera outlined here allowed for a

targeted bottom-up integration of functional pathways

4.6.2.3 Functional Analysis of the Metagenome

Metagenomics can offer valuable insights into the functional potential of
microbial communities. It is useful for identifying potential functional pathologies
in dysbiotic states though these impacts may be amplified or compensated
down by downstream changes. The observations from Metagenomic studies
can inform other mechanistic studies such as transcriptomics, proteomics, and
metabolomics, which can reveal how metagenomic level changes manifest
impacting host health. Observations from metagenomic analysis in this chapter

will guide future metabolomic investigations.

Initial functional investigations at subpathway and sub-subpathway levels
showed no sustained notable changes following antibiotic therapy and post
antibiotic recovery period. This suggest that any lasting metabolic changes
induced may be too subtle to detect at these levels and may have been masked

by highly conserved enzymes within pathways remaining consistent.

As mentioned throughout taxonomic analysis, many of the key genera identified
as being potentially affected by antibiotic instillation are associated with SCFA
production. As it would not be feasible to explore all 314 sub-subpathways
within KEGG Pathway identified in this chapter, those associated with the key
metabolic pathways for SCFA.
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Butyrate Synthesis and Metabolism

Within the context of butanoate metabolism outlined in KEGG pathway
ko00650, there was a reduction in Glutaconate CoA-Transferase subunits A
and B. This enzyme is a key step in the production of butyrate via the Glutarate
pathway and is responsible for the conversion of 2-Hydroxyglutarate to 2-
hydroxy-glutaryl-CoA producing Acetate as an additional product, outlined in
Figure 4-18 Glutarate Pathway for Butyrate Synthesis. This reduction in
glutaconate CoA-transferase suggest a potential bottleneck within this butyrate

synthesis pathway which could lead to decreased Butyrate production.

2-Oxoglutarate

| 2-Hydroxyglutarate |

Glutarate Pathway
glutaconate CoA- for

: .
transferase Butyrate synthesis

A J
2-Hydroxy-
glutaryl-CoA

Glutaconyl-CoA

Crotonoyl-CoA

Figure 4-18 Glutarate Pathway for Butyrate Synthesis. Glutaconate CoA
Transferase (EC:2.8.3.12), responsible for the conversion of 2-
Hydroxyglutarate to 2-hydroxy-glutaryl-CoA identified in red. Outlining a
potential bottleneck in the synthesis of Butyrate via this pathway. Figure
outlines unique steps to Glutarate pathway to Crotonoyl-CoA where major
synthesis pathways converge.

The glutarate pathway is not prominently associated with the bacterial genera
identified as being reduced in abundance by DESeq analysis - Coprococcus
and Faecalibacterium being more strongly associated with the acetyl-CoA
pathway (Vital et al., 2014).Despite the depletion of genera associated with the
production of butyrate via the acetyl-CoA pathway. The glutarate pathway
appears to be conserved mainly within the Fusobacteria and Oscillibacter
(Mallott and Amato, 2022). The association with Oscillibacter being notable due
to their depletion by antibiotic instillation. Depletion of Oscillibacter potentially

driving the reduction in glutaconate CoA-transferase abundance. The pathway,
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being restricted predominately these genera, may, by extension be vulnerable
to disruption. Due to the low abundance of the pathway(Mallott and Amato,
2022), the impact that it may have on overall butyrate levels within the system
remains unclear, it is hopeful that further metabolomic analysis could provide

valuable insights, into how these changes in metabolic capacity may resolve.

Although not statistically significant, a trend towards the reduction of genes
encoding enzymes involved in acetyl-CoA metabolism within butyrate
metabolism was observed. This trend may be of interest, particularly in the
context of the depletion Fusobacteria and Oscillibacter, both of which are
associated with the acetyl-CoA pathway as described above. Further
investigation is needed to determine whether the depletion of these genera may
be associated with a significant loss of functional capacity within butyrate

metabolism

Additionally, there was an increase in 4-hydroxybutyrate dehydrogenase /

sulfolactaldehyde 3-reductase and acetolactate synthase Il small subunit.

4-hydroxybutyrate dehydrogenase / sulfolactaldehyde 3-reductase is an
enzyme with dual functionality. In the context of butanoate metabolism, it is
responsible for converting succinate semialdehyde into 4-hydroxybutyrate
(Nirenberg and Jakoby, 1960). The reaction is reversible and, depending on the
presence of substrate, could lead to increased production of

succinate semialdehyde or 4-hydroxybutyrate. Computational data from
MetaCyc suggest that under normal conditions, the directionality of the reaction
would favour the production of 4-hydroxybutyrate. Due the reversible nature of
catalysis, additional study would be required to better characterise the
functional implications of these findings under disrupted conditions. 4-
hydroxybutyrate is significant as it is an intermediate compound in the synthesis
of butyric acid and gamma-amino-butyric acid. A minor pathway for the
synthesis of butyric acid, 4-hydroxybutyrate can either be converted directly
through the terminal enzyme butyryl-CoA:4-hydroxybutyrate CoA transferase, or
through the metabolism to crotonyl-CoA (Vital et al., 2014). This finding may not
be highly impactful on the production of butyrate or other SCFAs within the but
serves to highlight the complexity of metabolic interactions and the potential for

systemic interactions affecting the body beyond the gut.
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Acetolactate synthases are predominately associated with the formation of
branched-chain amino acids, in addition to butyrate metabolism. Consisting of a
large catalytic subunit and three smaller regulatory subunits which are involved
in feedback inhibition binding to metabolic products such a valine. In addition to
amino acid formation, acetolactate synthase has been identified as a possible
method of pH modulation for the internal conditions of bacteria and
cyanobacteria (Maestri and Joset, 2000), and its regulation may be increase in
the presence of excess carbohydrates. An increase in the acetolactate synthase
Il small subunit could indicate the decreased availability of carbohydrates,
possibly due to the reduction of saccharolytic bacteria within the microbiome.
Therefore, there would be a lower requirement to reduce intracellular pyruvate.
Observing a change in the regulatory subunit of acetolactate synthases, it is
possible that this may be indicative of wider changes to nutrient availability,
particularly related to the breakdown of nondigestible carbohydrates within the

model.

Propanoate Synthesis and Metabolism

There were notable reductions in two metabolites associated with propanoate

metabolism.

Butyryl-CoA dehydrogenase, an enzyme involved in the production of
propionate from lactate, catalyses the conversion of acryloyl-CoA to propanoyl-

CoA, a central metabolite across propanoate synthesis pathways.

Multifunctional beta-oxidation protein abundance was also reduced following the
antibiotic recovery period; although not directly involved in propanoate
synthesis, multifunctional beta-oxidation protein accepts hydroxy-propionyl-CoA
as a substrate converting it to acryloyl-CoA. Notably, both of these enzymes are
associated with the production of propionate from lactate via the acrylate
pathway and are associated with the firmicutes, Clostridiaceae and
Clostridioides (Reichardt et al., 2014). Clostridioides, species diversity and
abundance appeared to be resilient to the courses of antimicrobial therapy
employed throughout the dosing period of the model. Coprococcus species (C.
catus) have been shown to potentially possess the capacity for propionate
production from lactate, and their depletion in both overall abundance and

species diversity may be attributable to this observation.
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Propionate kinase was associated with an increase in abundance following the
antibiotic recovery period. Propionate kinase is part of a metabolic pathway in
Escherichia coli, synthesising propionate from L-threonine. It catalyses the
terminal step of this pathway, converting propanoyl phosphate to propanoate.
During antibiotic treatment persisting through the antibiotic recovery phase,
there was a significant increase in the abundance of Escherichia, while

Coprococcus decreased, indicating a potential shift in propionate metabolism.

This observation could be emblematic of functional redundancy within the
microbiome, where different bacteria occupy similar metabolic niches. This shift
may resolve by stabilising the microbiome to an extent, with Escherichia filling
the metabolic void. There may, however, be additional ramifications if the
microbiome transitions from utilising the lactate/acrylate pathway. The
production of propanoate from propanoyl-phosphate via propionate kinase is
unique in that it doesn’t produce propanoyl CoA as an intermediary, a

compound cross feeding other metabolic pathway.

This identifies as the abundance of propanoate within the model, a potential
target for future metabolic investigations. There have been studies exploring the
antimicrobial properties of propionate in-vitro and in-vivo, outlined effectively in
a systematic literature review (Langfeld et al., 2021), with it displaying

bacteriostatic and bactericidal properties to concentrations as low as 10mM.

Acetate Synthesis and Metabolism

Acetate production is detailed within the KEGG pathway outlining pyruvate
metabolism. These processes are versatile, involving multiple pathways from a
variety of starting substrates such as acetyl-CoA and ethanol. The range of
substrate and enzymatic diversity provides an implicit degree of resilience to
acetate synthesis, which may not be seen in other SCFA pathways. Acetate,
however, is a crucial substrate in the pathways for the formation of other
SCFAs, such as in the terminal step of butyrate production where butanoyl-CoA
and acetate yield butyrate and acetyl-CoA, itself a central metabolite in acetate
production. These inter-pathway interactions illustrate the complexity and cross-
feeding of metabolic pathways, suggesting that fluctuations in acetate may be
inherently linked to broader carboxylic acid synthesis within the microbiome.
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Following the antibiotic recovery period, there was a significant increase in
methylglyoxal/glyoxal reductase. This enzyme catalyses the reduction of
methylglyoxal to (S)-lactaldehyde. Depending on substrate availability, this may
result in an increased concentration in (S)-lactaldehyde, potentially increasing
the availability of L-lactate, a precursor to acetate. The specific enzyme
annotation K23257 identified in this instance has limited associated literature,
described in Bacillus species (Sakai et al., 2001). In contrast,
methylglyoxal/glyoxal reductase is broadly reported in Saccharomyces (Murata
et al., 1985). Whether this increase has the capacity to induce changes in
acetate production is unclear as there was no increase in the abundance of the
(S)-lactaldehyde: NAD+ oxidoreductase, the enzyme responsible for the
formation of (S)-lactate and antibiotic instillation was associated with reductions
in the abundance of enzymes associated with the synthesis of acetate
production from lactate.

A decrease in the abundance of L-lactate dehydrogenase (cytochrome) was
observed. This enzyme plays a key role in the production of acetate from L-
lactate via pyruvate and could represent a bottleneck in the acetate production
pathway, despite potential increases in lactate production capacity by the
microbiome. There was also a reduction in (R)-2-hydroxyglutarate: pyruvate
transhydrogenase abundance, which catalyses the formation of pyruvate from
R-lactate, though this did not reach levels of significance (>0.05). Additionally,
lactate 2-monooxygenase was identified as being differentially abundant.
However, this is discussed as being either a hypothetical protein or an

uncharacterised protein, calling into question the validity of this assignment.

The changes induced by the potential for acetate production by the microbiome
portray a complex web of metabolic interactions. Whilst there is a potential
increase in the capacity for the microbiome to form key metabolites within the

pathway, there are notable potential bottlenecks downstream.
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4.6.3 Summary

While taxonomy is integral to the discussion in this chapter, it is insufficient to
fully characterise dysbiosis. Significant alterations in enzyme abundance within
pathways for butyrate propanoate and acetate metabolism highlight these

compounds as candidates for metabolomic investigations.
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Chapter 5

Metabolomics

5.1 Background

This chapter investigates changes to the in-vitro metabolome after antibiotic

exposure, building on insights from previous chapters.

In Chapter 3, an in-vitro model experiment explored the compositional dynamics
of the microbiome through the isolation and enumeration of key bacterial taxa
during antibiotic instillation and recovery. Monitoring of key genera revealed
notable shifts in the microbiome throughout antibiotic treatment. Following a 3-
week recovery period, culture analysis showed that at a genus level, the
microbiome returned to a composition similar to that observed prior to antibiotic
instillation. However, challenging the microbiome with pathogens resulted in the
colonisation and proliferation of introduced pathogens. This suggests that
colonisation resistance was effectively reduced despite similar microbiota

composition

In an effort to gain a greater understanding of the dynamics, a metagenomic
analysis was performed, exploring both the taxonomic and functional
composition of the microbiome Chapter 4. The increased sensitivity of the
taxonomic analysis from next-generation sequencing identified a shift in the
abundance of genera with important functional associations. Depletion of
genera Faecalibacterium and Coprococcus, important SCFA producers, and
reductions in species diversity within genera, such as Oscillibacter and
Ruminococcus, suggest potential shifts in functional capacity or redundancy
within the microbiota. This paints a more nuanced picture of the microbiome

post-antibiotic therapy and recovery.

The metabolomic analysis in this chapter seeks to explore how these
compositional and functional shifts resolve at the phenotypic level. Untargeted
metabolomics was used to profile the gut metabolome, investigating gross
changes across the metabolome and exploring metabolites within pathways
identified as differentially abundant in the metagenomic analysis from the
previous chapter. The aim is to identify putative functional biomarkers at the
phenotypic level of antibiotic-induced gut dysbiosis.
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5.2 Chapter Aims

e Explore Phenotypic Resolution of microbial disruption - Investigate
how compositional and functional shifts identified in previous chapters
resolve within the metabolome.

e Targeted Interrogation of Functional Shifts: Exploration of putative
functional alterations observed through metagenomic analysis.

e |dentify Putative Biomarkers of Dysbiosis:

5.3 Experimental Outline

Samples for LCMS analysis were collected from the in-vitro models described in
Chapter 3. The analysis covers samples from the Leeds HGM model (outlined
in Figure 3-2 The Leeds human gut model (HGM) and configuration overview )
and three replicates of the MiGut platform (Figure 3-3 Details of the Migut

platform and model.).

Although metagenomic analysis revealed some variation between Leeds HGM
and MiGut, and the effect of antibiotics, both systems demonstrated a loss of
colonisation resistance, demonstrated by the colonisation and proliferation of
pathogens. Consequently, data from both systems were combined to identify a
robust panel of putative metabolic markers of antibiotic-induced dysbiosis.
Sample points were aligned with key experimental stages: following the end of
the steady-state period, after each antibiotic instillation period, and immediately
before the addition of the next antibiotic. Follow the three-week dysbiosis
recovery period and nine days after the introduction of pathogens (C. difficile

and K. pneumoniae).

Time points aligned with those used for metagenomic analysis with two
exceptions. For the end of steady state, metagenomic analysis was conducted
on samples taken on Day 10, while samples from Day 13 were used for
metabolomic analysis for all models. A sufficient sample was not available for
both metagenomic and metabolomic analysis, and therefore, the next closest
date was chosen. This deviation was deemed unlikely to cause a significant
impact on analysis; as indicated by culture analysis, the model was in a stable
condition by this point with no intervention. For TZP, Day 34 was initially chosen

for both metagenomic and metabolomic analysis. However, this date failed to
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create libraries of sufficient quality for NGS, as described in Chapter 4

Metagenomics 4.3.3.1 Library Preparation.

For the analysis in this chapter, samples were taken from one Leeds HGM
replicate and three MiGut replicates. Samples from vessel 3 were used for
metabolomic analysis. Vessel 3 is representative of the distal colon and,
therefore, the most appropriate for identifying faecal biomarkers. Samples from
all key time points; steady state, antibiotic dosing (amoxicillin, ciprofloxacin,
piperacillin-tazobactam), post-antibiotic recovery (P-Abx, and pathogen
challenge(P-Path) (Figure 5-1 Experimental Outline: Metabolomic investigation

into antibiotic-induced dysbiosis).

Leeds HGM All Models Sampled at Key time points for
\ Replicate 1 | 4" Steady State

MiGut )Replicate 2 | o Amoxicillin
/ Replicate 3 | 5 Ciprofloxacin

+ Piperacillin-tazobactam
,\f Post-Antibiotic Recovery

& Pathogen Challenge

Retention time Retentiors tim:

Full-Scan Analysis Negative >> Full-Scan Analysis Positive >>hDaasiza-DePendan>
! |

¢ Time Points Analysed in Triplicate Across all 4 ¢ Pooled Sample created
Model Iterations for each ionisation mode. from Leeds HGM and

« Sequence order Randomised for both Positive Migut Samples
and Negative runs + DDA Analysed

performed to 6 iterations

Figure 5-1 Experimental Outline: Metabolomic investigation into antibiotic-
induced dysbiosis LCMS workflow for exploring metabolomic changes
associated with antibiotic-induced dysbiosis. Samples from the Leeds
HGM were taken from vessel 3 of a single model replicate. Samples were
taken from vessel 3 of three MiGut replicates.

Sampling resulted in 24 samples in total, 6 from the Leeds HGM across all
sample points and 18 across MiGut replicates. Samples were extracted and
analysed in triplicate, with 3 x 5L injections. Quality control and blanks were
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injected every 5-6 samples. Positive and Negative analysis was performed in
two consecutive experiments, followed by MS? data-dependent acquisition
(DDA). All experiments consisting of approximately 190 injections were

performed over a single MS? run spanning 3 days.
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5.4 Methods

Methods used throughout this chapter were developed and validated in Chapter

2 Metabolomic Methods Development.
5.4.1 Sample Collection and Processing

5.4.1.1.1 Collection and Storage

Samples were collected throughout the in-vitro models at time points
corresponding to major experimental phases. The were collected aseptically
with sterile pipettes and stored in sterile 1.5mL microcentrifuge tubes. Samples
were then centrifuged at 50009 for 20 minutes and filter sterilised through a
0.22um polyether sulfone (PES) syringe filter into sterile 1.5mL microcentrifuge

tubes. They were then stored at -80°C until ready for extraction.

5.4.1.1.2 Sample Processing

Samples were batched until the end of the model run and processed using a
solvent-based metabolite extraction, as outlined in detail in Chapter 2
Metabolomic Methods Development, 2.4.2 Solvent-Based Metabolite Extraction.
Samples were prepared as described in a 1:3 sample-to-solvent ratio methanol
extraction. After extraction, samples were resuspended in 5% methanol for
LCMS analysis

5.4.1.1.3 Pooled Sample Creation

A 10pL aliquot of each of the 24 experimental samples was used to create a
pooled sample. This pooled for QC correction across the LCMS run and served
as a sample for compound identification within the DDA experiment.

5.4.2 LCMS Analysis

LCMS analysis was performed, with untargeted analysis conducted on all
experimental time points, as outlined in Chapter 2 Metabolomic Methods
Development, 2.5 LCMS Parameters A DDA Deep scan experiment was
performed on the pooled sample to generate MS? data for compound

identification and annotation.

5.4.2.1 High-Performance Liquid Chromatography
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HPLC was performed using the parameters outlined in Chapter 2 Metabolomic
Methods Development, 2.5.1 High-Performance Liquid Chromatography , using
C18 columns (Hypersil GOLD C18 Selectivity Reverse Phase column, 2.1 mm X

150 mm) and a guard column (2.1 mm x 10 mm).

5.4.2.2 Mass Spectrometry

Mass Spectrometry analysis was conducted on the Exploris 240 Orbitrap
system (Thermo Fisher Scientific), using heated electrospray ionisation (ESI) as
the ionisation source. The parameters used are the same as those outlined in
Chapter 2 Metabolomic Methods Development 2.5.2Mass Spectrometry

5.4.2.2.1 Full Scan

Full scan Experiments in positive and negative ionisation modes were

performed on all experimental samples across all models.

5.4.2.2.2 Deep Scan MS?
A DDA MS? experiment was performed to provide MS? data for compound
identification and annotation. Three deep scan iterations were used for

compound coverage.

5.4.2.3 Data Processing

Data Processing and analysis were performed as outlined in Chapter 2, 2.6
Data Processing and Analysis. Metabolomic data was processed using
compound Discoverer v3.3. In-house metabolite libraries generated from IROA
GUTMLS and BACSMLS libraries, described in Chapter 2, 2.8 1.8 Local Library
Development — Processing and Annotation, were used for compound

annotation.

e HMDB - Version 5.0 was used as a basis for compound classification
e MzCloud - Final access date 01/11//2024 — was used for compound

annotation
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5.4.2.4 Statistics and Analysis

5.4.2.4.1 Distance Matrices

A Bray-Curtis dissimilarity matrix was calculated separately for metabolite data
from positive and negative ionisation modes. No data transformation or
normalisation was applied. Distance matrices were calculated in R with the

vegan package function vegdist with method="bray”.

5.4.2.4.2 Non-metric Multidimensional Scaling (NMDS)

NMDS was performed to visualise the relationship between sample points
based on the generated Bray-Curtis dissimilarity matrices. NMDS was chosen
due to its effectiveness in resolving non-linear, complex, and high-dimensional
relationships. NMDS analysis was performed in R with the vegan pack function
metaMDS. Analysis was performed with default parameters (20 Runs for each

data set. Data points were extracted and plotted using ggplot2.

5.4.2.4.3 Permutational Multivariate Analysis of Variance (PERMANOVA)

PERMANOVA was Implemented to test the significance of differences within
the metabolome based on the experimental Stage (Steady-State, Amoxicillin,
Ciprofloxacin, Piperacillin-tazobactam, Post-Antibiotic Recovery, Post
Pathogen) and Model type (Leeds HGM and MiGut). PERMANOVA analysis
was performed in R using the adonis function within the vegan package.
Default parameters were used performing 999 permutations, and a significance

threshold of <0.05 was used.

5.4.2.4.4 Differential Abundance Analysis

Differential abundance analysis was performed using Compound Discoverer 3.3
(Thermo Fisher) within the post-processing descriptive statistics workflow,
employing default parameters. Compound discoverer was chosen over DESeq
(used in Chapter 4 Metagenomic investigation of the In-vitro Intestinal
microbiome. and typically employed for count-based data), as it is specifically

designed for LCMS data analysis, making it more suitable for this task.

5.4.2.4.5 Box and Whisker plots

Box and whisker plots for compound abundances were generated using

geom_boxplot from the R package ggplot. Lower and upper hinges
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represent the 25th and 75th percentiles. The upper whisker extends to the
largest value within 1.5 of the interquartile range. The lower whisker extends to
the smallest values within 1.5 of the interquartile range. Data beyond 1.5 of

either inter-quartile range as designated as outliers and plotted individually
5.5 Results

5.5.1 Overview of Compound Features Detected by LCMS

The metabolomic data obtained from the LCMS was analysed based on the
mode of ionisation. A total of 31,860 features were detected across all models
and sample points over both ionisation modes, with 15,342 features in negative
ionisation mode and 16,518 in positive ionisation mode. Of the compounds
detected, 2207 (14.39%) in negative Mode and 2103 (12.73%) in positive mode
were assigned named annotations (Confidence level 3 as discussed in 2.9.3

Compound Annotation Confidence).

Data Dependent MS? acquisition resulted in spectral data for the majority of
features within the data set; Negative ~60% (preferred ion 7539, other ion 1913,
no MS? 5890) and Positive ~71% (preferred ion 6514, other ion 5240, no MS?
4764). The MS? data resulted in 225 spectra-based annotations in negative
mode and 218 spectra-based annotations in positive mode (Figure 5-2

Experimental compound annotations by highest-level identification.



Predicted Composition =

Molecular Mass =

ChemSpider -

mzCloud -

Annotation Source

Mass List -

mzVault -

o -

}
o o o
S S S
o9 & ®
Compounds

Figure 5-2 Experimental compound annotations by highest-level
identification. Distribution of compound annotations across data sources

5.5.2 Compositional Alterations to the In-Vitro Metabolome

Pairwise distance matrices were computed between all Leeds HGM and MiGut
samples using the Bray-Curtis dissimilarity index for data obtained from positive
and negative LCMS analysis. Non-metric multi-dimensional scaling (NMDS)
was used to represent data. Stress values were obtained for positive and
negative data sets, which indicated reliable representations of the data in
reduced dimensions (negative 0.1019533, positive 0.0954939). As with
metagenomic data reducing the dimensionality provides an intuitive assessment
of beta diversity, alluding to compositional alterations throughout antimicrobial

instillation.
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5.5.2.1 Compositional Alterations Detected by Negative LCMS

Negative ionisation mode effectively captures the shifts occurring in the in-vitro
metabolome. The NMDS plot reveals a clear delineation between two groups of
sample points. (Figure 5-3 NMDS Analysis of Metabolome Changes Detected in
Negative lonisation mode). Group 1 comprises steady-state and AMX sample
points, whereas Group 2 includes points associated with the antibiotic dosing
periods for CIP, TZP and the P-Path phases following the 3-week antibiotic
recovery period and pathogen challenge.
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Figure 5-3 NMDS Analysis of Metabolome Changes Detected in Negative
lonisation mode . Steady State (SS, Red) Amoxicillin (AMX, Olive)
Ciprofloxacin ( CIP, Green) , Piperacillin/tazobactam (TZP, Teal), Post
Antibiotic ( P-Abx, Blue) Post Pathogen (P-Path, Pink). Sample Point
Grouping: Groupl: SS and AMX (Green), Group2: CIP,TZP,P-Abx and P-
Path (Red)

Among the antibiotics tested, samples following amoxicillin instillation show the
least deviation from the pre-antibiotic steady state, aligning with observations in

the changes to taxonomic composition detected through metagenomic analysis.

Within Group Two, three distinct clusters appear to emerge: one predominantly
comprising TZP samples, another of CIP samples and a final cluster comprising
P-Abx and P-Path samples. Notable, there are two samples from TZP and P-

Path time points from a single MiGut model that deviates from the clustering of
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other data points for these periods. These samples display a reverse pattern
relative to the clustering observed with the rest of TZP and P-Path samples.

5.5.2.2 Compositional Alterations Detected by Positive LCMS

The separation between the two groups identified in negative ionisation mode is
less distinct in the analysis conducted in positive ionisation mode. The
composition of the clusters also differs from the compositions identified in
negative ionisation mode (Figure 5-4 NMDS Analysis of Metabolome Changes
Detected in Positive lonisation mode).

The first cluster includes samples from the steady-state, AMX, P-Abx and P-
Path, and the second cluster comprises samples from CIP and TZP. The MiGut
samples identified in negative ionisation as deviating from the clustering pattern

exhibit a similar deviation in positive ionisation mode.
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Figure 5-4 NMDS Analysis of Metabolome Changes Detected in Positive
lonisation mode. Steady State (SS, Red) Amoxicillin (AMX, Olive)
Ciprofloxacin (CIP, Green), Piperacillin/tazobactam (TZP, Teal), Post
Antibiotic (P-Abx, Blue) Post Pathogen (P-Path, Pink). Sample Point
Grouping: Groupl: SS and AMX (Green), Group2: CIP, TZP, P-Abx and P-
Path (Red)

In positive ionisation mode, the P-Abx time points are positioned closer to the
steady-state samples compared to the other potentially disrupted time periods,

reflecting a trend more consistent with metagenomic taxonomic analysis.
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5.5.2.3 Comparing the Resolution of Metabolomic Differences:
PERMANOVA Analysis of Positive and Negative lonisation Modes

PERMANOVA analysis was used to evaluate the effectiveness of positive and
negative ionisation modes in resolving metabolic shifts resulting from antibiotic
therapy. In the negative ionisation mode, experimental stage (SS, AMX, CIP,
TZP, P-Path, P-Abx) explained 54.48% (F=0.001) of the variation, while in the
positive ionisation mode, PERMANOVA analysis explained 35.91% (F=0.007)
of the variation, suggesting that the negative ionisation mode may be more
effective at describing the metabolomic changes observed under these

conditions.

5.5.3 Antibiotic-Induced Alterations in Short-Chain Fatty Acid
Pathways

This section explores the phenotypic resolution of the metabolomic changes
observed in previous chapters, focusing on the changes in key metabolites in

SCFA synthesis pathways.

Given that the compounds discussed within this section are carboxylic acids,
they exist in protonated and deprotonated forms depending on pH. For the sake
of clarity and consistency within the context of this research, these compounds
will be referred to by their biologically relevant names, corresponding to their
deprotonated forms under physiological conditions presented in Table 5-1 Key
Metabolites Presented and Discussed in This Chapter, Along with Their

Protonated and Deprotonated Form.
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Table 5-1 Key Metabolites Presented and Discussed in This Chapter,
Along with Their Protonated and Deprotonated Form

Metabolite Protonated form  Formula Biological

(Deprotonated) Context

Acetate Acetic Acid CH3;COO~ SCFA
Propanoate Propanoic acid C,H;CO0O™ SCFA
Lactate Lactic acid C3Hs03™ Precursor Metabolite
Butyrate Butyric acid C4H,0," SCFA
2-Hydroxyglutarate 2-Hydroxyglutaric CsH;04” Precursor Metabolite
acid
2-Oxoglutarate 2-Oxoglutaric acid CsHs505~ Precursor Metabolite
Valerate Valeric Acid CsH1002 SCFA

5.5.3.1 Acetate & Propanoate

Acetate and propanoate metabolism proved challenging to investigate due to
the diverse molecular weights of compounds within these pathways. Acetate
(MW: 59.04) and propanoate (MW: 74.079) fall below the analytical window for
the LCMS experiment performed (80-800 Da) was not detected. Compounds
conjugated to coenzyme A (CoA, MW: 767.5) fall above the detectable range.

5.5.3.2 Lactate

A recurring theme in Chapter 4 was the potential changes in the abundance of
compounds associated with lactate pathways within both acetate and
propanoate metabolism. Lactate was therefore examined in detail, as it fell
within the analytical window and could potentially be influenced by multiple
pathways.

Lactate was detected across all models and present across all stages in
negative ionisation mode. The compound identified as lactate had a m/z
89.02436 ([M-H]-1 ion), and a calculated molecular weight of 90.03164, an
annotated mass difference of -0.64ppm and a retention time of 1.949min
(Figure 5-5 Extracted lon Chromatogram (XIC) for Compound Identified as
Lactate (m/z 88.05246) In Negative lonisation)
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Figure 5-5 Extracted lon Chromatogram (XIC) for Compound Identified as
Lactate (m/z 88.05246) In Negative lonisation. The region highlighted (1.7-
~2.1min) corresponds to the retention time identified for Lactate. The red
line at 1.949min indicates the apex of the integrated chromatographic

peak.

Lactate was selected in the DDA and Fragment lon Search (FISh) analysis
identified complete coverage (FISh Coverage: 100.00) with 5 Matched
fragments, MS? spectra presented in Figure 5-6 MS2 Coverage from DDA

Experiment with Matched Fragments via FISh Scoring for Lactate.
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Figure 5-6 MS2 Coverage from DDA Experiment with Matched Fragments
via FISh Scoring for Lactate. Showing matched peaks and their associated

fragments
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Lactate: Changes in Compound Abundance Coinciding with Antibiotic

Treatment and Recovery

Lactate abundance was compared across experimental phases for all models
(Figure 5-7 Lactate Abundance Across Experimental Stage). Levels were
lowest during steady state and remained low during AMX dosing. During CIP
instillation there was an increase in lactate abundance, and levels remained at

an elevated state for the remainder of the experiment.
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Figure 5-7 Lactate Abundance Across Experimental Stage. Steady State
(SS, Red) Amoxicillin (AMX, Olive) Ciprofloxacin (CIP, Green) ,
Piperacillin/tazobactam (TZP, Teal), Post Antibiotic ( P-Abx, Blue) Post
Pathogen (P-Path, Pink)

Lactate abundance showed little variation at steady state, and during AMX
instillation; however, lactate abundance increased in all model systems after

exposure to ciprofloxacin and remained elevated in subsequent stages.

The trend of elevated lactate levels following repeated exposure, which failed to
return to baseline, was consistent across all model replicates. The MiGut
systems shower greater fluctuations in lactate abundance during the disrupted
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phase spanning TZP — P.Path (Figure 5-8 Lactate Abundance Across

Experimental Stage and Model Replicates)
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Figure 5-8 Lactate Abundance Across Experimental Stage and Model
Replicates. Steady State (SS, Red), Amoxicillin (AMX, Olive), Ciprofloxacin
(CIP, Green), Piperacillin/tazobactam (TZP, Teal), Post Antibiotic ( P-Abx,
Blue) Post Pathogen (P-Path, Pink)Differential abundance analysis of lactate

revealed a significant increase in abundance (adjusted P-value <0.05) with a >3
Log2Fold increase observed across all model replicates at P-Abx and P-Path

challenge time points.

Table 5-2 Differential Abundance of Lactate, P. Abx and P. Path vs SS

P. Abx P. Path

Log2 Fold Adj. P- Logz Fold Adj. P-

Change Value Change Value

Leeds HGM 3.79 0.007 4.12 0.008
MiGut (1) 3.14 0.043 3.73 0.045
MiGut (2) 4.98 0.016 3.24 0.041
MiGut (3) 5.15 0.0132 3.51 0.153

Blue: Increase in abundance
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5.5.3.3 Butyrate

Butyrate was detected across all models and at all stages in negative ionisation
mode. The compound identified as butyrate acid was characterised by an m/z of
87.04515 ([M-H]-1 ion), a calculated molecular weight of 88.05246, an
annotated mass difference of 0.34 ppm and a retention time of 4.504 minutes
(Figure 5-9 Extracted lon Chromatogram (XIC) for Compound Identified as
Butyrate (m/z 88.05246) In Negative lonisation).

. The region highlighted (4.4-4.9min) corresponds to the retention time identified
for butyrate acid. The red line at 4.504 indicates the apex of the integrated
chromatographic peak.
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Figure 5-9 Extracted lon Chromatogram (XIC) for Compound Identified as
Butyrate (m/z 88.05246) In Negative lonisation. The region highlighted (4.4-
4.9min) corresponds to the retention time identified for butyrate acid. The
red line at 4.504 indicates the apex of the integrated chromatographic
peak.

In negative mode, this compound was not selected for data-dependent
acquisition and consequently lacked MS? data. Identification was, therefore,

based on calculated molecular weight and predicted molecular formula.

Additional hits for this compound were observed in negative mode, but these
displayed lower signal areas. One of these lower hits was selected for DDA.
However, Fragment lon Search (FISh) analysis provided no matches against
butyrate. These compound features were excluded from further analysis on the

basis of lower signal strength and poor overlap with predicted fragments.
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Four putative identifications for butyrate were made in positive LCMS analysis.
Of the four identifications, two were selected for MS2 DDA, corresponding to the
ions [M+DMSO+H] * and [M+ACN+N] *. Despite the presence of MS? data,
there was no spectral match made for any of the compounds and annotations

were made based on calculated MW and predicted formula.

Butyrate: Changes in Compound Abundance During Antibiotic Treatment

and Recovery

Butyrate levels were highest during steady state and AMX dosing phases. A
reduction in detected levels was observed during CIP instillation and continues
through to the end of TZP dosing. Following the cessation of antibiotics,
butyrate levels increase during the P-Abx period and persisted throughout the
pathogen challenge phase. However, butyrate levels failed to reach those
observed prior to antibiotics Figure 5-10 Butyrate Abundance Across

Experimental Stage.
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Figure 5-10 Butyrate Abundance Across Experimental Stage. Steady State
(SS, Red) Amoxicillin (AMX, Olive) Ciprofloxacin (CIP, Green) ,
Piperacillin/tazobactam (TZP, Teal), Post Antibiotic ( P-Abx, Blue) Post
Pathogen (P-Path, Pink)
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A reduction in levels of butyrate was observed during CIP and TZP across all
models, with some recovery following the cessation of antibiotic instillation
(Figure 5-11 Butyrate Abundance Across Experimental Stage and Model

Replicates) This recovery was most prominent in the Leeds HGM
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Figure 5-11 Butyrate Abundance Across Experimental Stage and Model
Replicates. Steady State (SS, Red) Amoxicillin (AMX, Olive) Ciprofloxacin
(CIP, Green), Piperacillin/tazobactam (TZP, Teal), Post Antibiotic ( P-Abx,
Blue) Post Pathogen (P-Path, Pink)

Differential abundance analysis revealed statistically significant reductions in
butyrate acid (adjusted P-value <0.05) across all models at the end P-Abx and

following P-Path.

Table 5-3 Differential Abundance of Butyrate, P. Abx and P. Path vs SS

P-Abx P-Path

Log2 Fold Ad,. P- Log2 Fold Adj. P-

Change Value Change Value

Leeds HGM -2.85 0.014 -1.31 0.018
MiGut (1) -3.13 0.017 -4.18 0.036
MiGut (2) -1.43 0.015 -6.36 0.003
MiGut (3) -2.76 0.013 -2.08 0.016

Orange: Decrease in abundance
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5.5.3.4 Associated Changes in Butyrate Metabolism

Due to the observed reductions in butyrate levels, compounds with the
pathways for butyrate metabolism were explored to determine the presence of a
metabolic bottleneck in the pathway. These compounds are part of the glutarate
pathways for butyrate production. This pathway was chosen based on the
association with glutaconate-CoA transferase (EC:2.8.3.12), which was
identified as decreasing in abundance within the metagenome following

antibiotic instillation.

5.5.3.4.1 2-Hydroxyglutarate

2-hydroxyglutarate was identified across all models and experimental phases.
The compound feature was characterised by an m/z of 147.03714 ([M-H]-1 lon),
a calculated molecular weight of 148.03714, and an annotated mass difference
of -0.02ppm. 2-Hydroxyglutarate eluted with a retention time of 1.532 minutes
Figure 5-12 Extracted lon Chromatogram (XIC) for Compound Identified as 2-
Hydroxyglutarate (m/z 148.03714) In Negative lonisation
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Figure 5-12 Extracted lon Chromatogram (XIC) for Compound Identified as
2-Hydroxyglutarate (m/z 148.03714) In Negative lonisation. The region
highlighted (1.4-1.8min) corresponds to the retention time identified for 2-
Hydroxyglutarate. The red line at 1.532 indicates the apex of the integrated
chromatographic peak.
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2-Hydroxyglutarate was selected for MS? analysis in the data-dependent
experiment and FISh analysis reaffirmed the compound annotated with
complete coverage (FISh coverage 100%) with 5 matched compound fragments
(Figure 5-13 MS? Coverage from DDA Experiment with Matched Fragments via
FISh Scoring for 2-Hydroxyglutarate

ID_01_Meg (F9) #840, RT=1.593 min, MS2, FTMS (), (HCD, DDA, 147.0289@(30,50;150),-13
FISh Coverage: 5 Matched, 0 Unmatched, 4 Skipped
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Figure 5-13 MS2 Coverage from DDA Experiment with Matched Fragments
via FISh Scoring for 2-Hydroxyglutarate. Showing matched peaks and
their associated fragments

The abundance of 2-hydroxyglutarate remained stable during the steady-state
baseline and AMX instillation. From CIP instillation onwards, the observed shift
in abundance was inverse to that of butyrate. Elevated levels persisted through
TZP dosing, P-Abx, and P-Path Figure 5-14 2-Hydroxyglutarate Abundance
Across Experimental Stage.
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Figure 5-14 2-Hydroxyglutarate Abundance Across Experimental Stage .
Steady State (SS, Red) Amoxicillin (AMX, Olive) Ciprofloxacin (CIP,
Green), Piperacillin/tazobactam (TZP, Teal), Post Antibiotic (P-Abx, Blue)
Post Pathogen (P-Path, Pink)
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The variance in 2-hydroxyglutarate abundance appeared to be less conserved
between models compared to butyrate. Across all MiGut replicates, levels of 2-
hydroxyglutarate were higher compared to the Leeds HGM. In the Leeds HGM
from CIP instillation onward, there was a notable increase in the relative
abundance of 2-Hydroxyglutarate. This trend was also noted in MiGut (3).
However, P-Path levels decreased to those more reflective of steady state.

In MiGut replicates 1 and 2, the observations noted in Leeds HGM and MiGut
(3) are not conserved. These replicates both displayed the greatest initial

abundance of 2-hydroxyglutarate.
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Figure 5-15 2-Hydroxyglutarate Abundance Across Experimental Stage
and Model Replicates. Steady State (SS, Red) Amoxicillin (AMX, Olive)
Ciprofloxacin (CIP, Green), Piperacillin/tazobactam (TZP, Teal), Post
Antibiotic (P-Abx, Blue) Post Pathogen (P-Path, Pink)

Differential abundance revealed significant increases in abundance (adjusted P-
value <0.05) of 2-hydroxyglutarate across 3 of the 4 models following the P-Abx
(Table 5-4 Differential Abundance of 2-Hydroxyglutarate, P. Abx and P. Path vs

SS). The greatest increase was observed in the Leeds HGM with a Log2Fold
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increase of 6.13, MiGut Replicates (2) and (3) both showed smaller increases in

abundance.

P-Path, 2-hydroxyglutarate levels remained elevated relative to steady state in
two of the four replicates. In the Leeds HGM, levels remained high, while in
MiGut (3) levels decreased from those seen in the P-Abx sample. MiGut (2)
levels trended towards those seen at steady state. MiGut (1) levels remained

similar to those seen following antibiotic recovery.

Table 5-4 Differential Abundance of 2-Hydroxyglutarate, P. Abx and P.
Path vs SS

P. Abx P. Path

Log2 Fold Adj. P- Logz Fold Adj. P-

Change Value Change Value

Leeds HGM 6.13 0.002 6.37 0.002
MiGut (1) -0.64 0.009 -0.32 0.026
MiGut (2) 0.47 0.014 -0.07 0.150
MiGut (3) 2.34 0.002 0.72 0.015

Blue: Increase in abundance, Orange: Decrease in abundance, Grey: Adjusted P-Value >
0.05
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5.5.3.4.2 2-Oxoglutarate (alpha-Ketoglutaric acid)

2-Oxoglutarate was identified across all model replicates and all experimental
phases. The feature identified as 2-oxoglutarate was characterised by a m/z of
145.0143 ([M-H]-1 lon), a calculated molecular weight of 146.02151. and an
annotated mass delta of -0.12ppm. 2-Oxyglutarate eluted at 1.542 minutes
Figure 5-16 Extracted lon Chromatogram (XIC) for Compound Identified as 2-
Oxoglutarate (m/z 145.0143) In Negative lonisation
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Figure 5-16 Extracted lon Chromatogram (XIC) for Compound Identified as
2-Oxoglutarate (m/z 145.0143) In Negative lonisation. The region
highlighted (1.446- 1.75min) corresponds to the retention time identified
for Lactate. Thered line at 1.543min indicates the apex of the integrated
chromatographic peak
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2-Oxoglutarate was selected for MS? analysis within the data-dependent
experiment scoring high in FISh analysis (FISh coverage 75%) matching 3
compound fragments (Figure 5-17 2-Oxoglutarate MS2 Coverage from DDA
Experiment with Matched Fragments via FISh Scoring for 2-Oxoglutarate.)

increasing confidence in the assigned annotation.
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Figure 5-17 2-Oxoglutarate MS2 Coverage from DDA Experiment with
Matched Fragments via FISh Scoring for 2-Oxoglutarate. Showing
matched peaks and their associated fragments.
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The abundance of 2-oxoglutarate increased during CIP instillation and remained
elevated for the remainder of the experiment. Significant variance was observed
at the TZP and P-Path time points, while levels appeared more stable at the SS,
AMX, and P-Abx (Figure 5-18 2-Oxoglutarate Abundance Across Experimental

Stage).

1.2e+07 -

9.0e+06 -
Stage

E3 ss
. B3 Aumx
[ ]

== el
e S

E3 1zr
ES PAbx
ss AMX cip TZP P.AbX P.Path
Stage

6.0e+06 -

Area (Intensity)

E3 PPath

3.0e+06 -

0.0e+00 -

Figure 5-18 2-Oxoglutarate Abundance Across Experimental Stage.
Steady State (SS, Red) Amoxicillin (AMX, Olive) Ciprofloxacin (CIP,
Green), Piperacillin/tazobactam (TZP, Teal), Post Antibiotic (P-Abx, Blue)
Post Pathogen (P-Path, Pink)
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Some inter-model variation in 2-oxoglutarate abundance was observed across
gut model replicates (Figure 5-19 2-Oxoglutarate Abundance Across
Experimental Stage and Model Replicates). In the Leeds HGM and MiGut (1),
2-oxoglutarate abundance increased following CIP instillation and remained at
an elevated level for the duration of the experiment. MiGut (2) followed a similar
trend with a temporary drop in 2-oxoglutarate abundance during TZP. MiGut (3)
showed an initial increase in abundance during CIP, further increasing during
TZP, but returned to levels comparable to steady state following the cessation

of antibiotic instillation and remained stable for the remainder of the experiment.
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Figure 5-19 2-Oxoglutarate Abundance Across Experimental Stage and
Model Replicates. Steady State (SS, Red) Amoxicillin (AMX, Olive)
Ciprofloxacin (CIP, Green) , Piperacillin/tazobactam (TZP, Teal), Post
Antibiotic ( P-Abx, Blue) Post Pathogen (P-Path, Pink)
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Differential abundance analysis showed that P-Abx 2-oxoglutarate levels were
elevate across all models. Three models exhibited Log2fold changes greater
than 1, with statistical significance (adjusted P-value <0.05) achieved in two
models: Leeds HGM and MiGut (1). Following P-Path, 2-oxoglutarate levels
were elevated across three models: Leeds HGM, MiGut (1) and MiGut (2), with
Log2 fold changes exceeding 2 in all instances, each achieving statistical

significance (adjusted P-value <0.05).

Table 5-5 Differential Abundance of 2-Oxoglutarate, P-Abx and P-Path vs
SS

P. Abx P. Path

Log2 Fold Adj. P- Logz Fold Adj. P-

Change Value Change Value

Leeds HGM 3.95 0.014 4.41 0.006
MiGut (1) 2.72 0.023 2.74 0.016
MiGut (2) 15 0.089 2.03 0.037
MiGut (3) 0.17 0.159 -0.42 0.018

Blue: Increase in abundance, Orange: Decrease in abundance, Grey: Adjusted P-Value >
0.05
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5.5.3.5 Valerate

Although not highlighted as a compound of potential interest through the
differential abundance analysis of KEGG pathways in Chapter 4, valerate was
investigated due to an interest in the implication of antibiotic instillation on
SCFAs abundance.

A compound feature identified as valerate was detected across all sample
points and model replicates. It was characterised by a m/z of 249.13569
([2M+FA-H]-1 lon), a calculated molecular weight of 102.06839, an annotated
mass delta of 3.05ppm and eluted at 3.617minutes (Figure 5-20 Extracted lon
Chromatogram (XIC) for Compound Identified as valerate (m/z 249.13569) In

Negative lonisation )
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Figure 5-20 Extracted lon Chromatogram (XIC) for Compound Identified as
valerate (m/z 249.13569) In Negative lonisation. The region highlighted
(3.56 - 3.66min) corresponds to the retention time identified for valerate.
The red line at 1.543min indicates the apex of the integrated
chromatographic peak.

Valerate was selected for fragmentation in the DDA experiment. FISh analysis
yielded a coverage score of 28.75, successfully matching 5 compound
fragments (Figure 5-21 Valerate MS2 Coverage from DDA Experiment with
Matched Fragments via FISh Scoring for Valerate. Mass accuracy and FISh

coverage for valerate were lower compared to other compounds identified in
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this chapter, as a result annotation confidence for valerate is lower relative to
the compounds discussed previously.

ID_03_neg (F91) #1852, RT=3.575 min, MS2, FTMS (-), (HCD, DDA, 161.0456@(30;50;150), -1)

FISh Coverage: 4 Matched, 10 Unmatched, 11 Skipped
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Figure 5-21 Valerate MS2 Coverage from DDA Experiment with Matched

Fragments via FISh Scoring for Valerate. Showing matched peaks and
their associated fragments.
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Valerate levels were highest during steady state but following AMX dosing
levels, they declined and remained low for the remainder of the experiment

Figure 5-22 Valerate Abundance Across Experimental Stage.
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Figure 5-22 Valerate Abundance Across Experimental Stage. Steady State
(SS, Red) Amoxicillin (AMX, Olive) Ciprofloxacin (CIP, Green),
Piperacillin/tazobactam (TZP, Teal), Post Antibiotic (P-Abx, Blue) Post
Pathogen (P-Path, Pink)

The trends in valerate levels were observed across the majority of models
(presented in Figure 5-23 Valerate Abundance Across Experimental Stage and
Model Replicates). Leeds HGM MiGut (1) and MiGut (2) exhibited consistent
reductions in valerate abundance following antibiotic instillation, with levels
remaining suppressed for the remainder of the experiment. The disruption of

valerate was less pronounced in MiGut (3).
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Figure 5-23 Valerate Abundance Across Experimental Stage and Model
Replicates. Steady State (SS, Red) Amoxicillin (AMX, Olive) Ciprofloxacin
(CIP, Green) , Piperacillin/tazobactam (TZP, Teal), Post Antibiotic ( P-Abx,
Blue) Post Pathogen (P-Path, Pink).Differential abundance analysis for

valerate revealed a universal decrease in abundance across all models at both
P-Abx and P-Path time points. While decreases in abundance were observed in
all samples, Log2fold changes were modest compared to the other compounds

discussed in this chapter and remained below 1.5 (

Table 5-6 Differential Abundance of Valerate, P. Abx and P. Path vs SS).
Among the replicates, MiGut (1) experiences the greatest reductions in valerate
abundance, with Logz fold Changes of -0.91 and -1.23 at P-Abx and P-Path

time points, respectively.

Table 5-6 Differential Abundance of Valerate, P. Abx and P. Path vs SS

P. Abx P. Path

Log2 Fold Ad,. P- Log2 Fold Adj. P-

Change Value Change Value

Leeds HGM -0.41 0.162 -0.47 0.058
MiGut (1) -0.91 0.018 -1.23 0.003
MiGut (2) -0.81 0.277 -0.52 0.049
MiGut (3) -0.4 0.447 -1.32 0.017

Orange: Decrease in abundance, Grey: Adjusted P-Value > 0.05
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5.6 Discussion

This chapter set out to explore the phenotypic resolution of antibiotic induced
disturbance to the in-vitro gut microbiome. Whilst culture-based analysis was
effective at tracking the dynamics of key bacterial taxa in response to
antimicrobial instillation, it failed to fully capture the loss of colonisation
resistance evidence by colonisation and proliferation of C. difficile and K.

pneumoniae.

Metagenomic analysis provided a more comprehensive analysis of the in-vitro
microbiome, identifying perturbations to key bacterial genera, such as
Faecalibacterium and Coprococcus. These observations, combined with
functional analysis of KEGG pathways, revealed a narrative of potential long-
term disruptions to the metabolic capacity of the microbiome in the production of
SCFAs; identifying acetate, propionate, and butyrate pathways as being
significantly affected. Based on these findings, a metabolomic analysis was

conducted to observe how shifts in the metabolic capacity were resolved.

LCMS analysis successfully recovered a substantial number of compounds
across both LCMS ionisation modes. However, with datasets of this size,

challenges may arise in uncovering a focused biological narrative.

In the dataset, only a relatively small percentage of compounds received named
annotations, 14.39% in negative mode and 12.73% in positive mode. This
leaves approximately 85% of the data without named annotations. During data
analysis, compounds were initially filtered and identified by predicted formula,
which covers the majority of the data set, and of the compounds of interest
recovered all of them received named annotations to provide an additional level
of confidence. Even without names, putative identifications can be constructed
for compounds based on their molecular formula. However, this requires
significant manual data curation and is not feasible across the entire data set.
Consequently, top-level analysis, looking for biological trends related to
compound classes may be missing significant observations. Within this chapter,
being directed by metagenomic analysis, it was possible to perform this manual
interrogation on compounds within the identified SCFA pathways. This was also

a significant factor in deciding to primarily focus on a subset of the data
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To streamline the analysis in this chapter, the outcomes of the previous
metagenomic investigation were used to direct the focus and discussion

throughout.

In some instances, one of the injection replicates does not align with the other
two. This discrepancy is particularly noticeable in box and whisker plots, which
display changes in compound abundance by model. Upon review of the data,
these inconsistencies appear to be attributable to single outlying injections.
Given that the remaining two injections typically align closely, in both the
median and quartile range, it is likely that this variation is an error introduced by
a single injection, rather than a wider issue with sample preparation or machine
accuracy. This could be attributable to insufficient sample volume within the
HPLC vial, leading to an incomplete draw of intended 5uL sample volume. This
is reinforced as extended whiskers typically extend below the expected range.
Although the variation is significant, non-parametric analysis utilising median
values has been applied throughout this chapter. The use of median values
helps to mitigate the impact of outlying injections on overall data analysis
(Reinhold et al., 2019).
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5.6.1 Variations to the Microbiome

Antibiotics induced detectable changes in the metabolome in both positive and
negative ionisation modes. However, the negative mode appeared more
effective at resolving the persistent functional alterations that remained after the
P-Abx period.

5.6.1.1 Negative NMDS analysis

In NMDS analysis, metabolomic data from the negative mode LCMS
experiment revealed a potential dichotomy between two groups of sample

points.

Group 1 comprised samples potentially representative of intact homeostatic
balance: steady state samples collected prior to any antibiotic instillation, and

AMX time points taken following a single course of antibiotics.

Associating AMX with a homeostatic microbiome is complex; as previous
analysis demonstrates, some disruption to the microbiome did occur. Culture
analysis revealed that AMX caused disruption to the genera Lactobacillus,
Bifidobacteria and Enterococcus within the distal region (vessel 3) of the Leeds
HGM, although total anaerobes and total facultative anaerobe populations
remained high. Metagenomic analysis showed that AMX was associated with a
decrease in Shannon diversity, an increase in the proportion of Bacteroides and
Hungatella, and a decrease in the proportion of minor genera. There were also
reductions in species diversity within Bifidobacterium, Lactobacillus,
Oscillibacter and Faecalibacterium, identified as a key producer of SCFAs
(Duncan et al., 2002; Vital et al., 2014)

However, it remains unclear whether the disruption caused by AMX, or a single
antibiotic is sufficient to classify a microbiome as dysbiotic or whether the
disruptions described above simply leave the microbiome increasingly

vulnerable to future perturbations

Previous studies utilising the Leeds HGM demonstrated that a 7-day, 3-time co-
amoxiclav (AMC) regime was sufficient to induce CDI alone (Chilton, Caroline
H. et al., 2012). However, these findings were under different experimental
conditions. The study by Chilton et al. explored the potential for AMC to induce
CDI in an instance of pre-existing C. difficile colonisation, whereas in this study,

C. difficile was not inoculated into the model until day 55. Lekang et al. (Lekang
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et al., 2022) describe the impacts of AMX on the murine microbiome following a
7 or 14-day course of antibiotic treatment. They found that mice in both groups
experienced losses in diversity following 5 days of treatment (56% in 7 days,
40% in 14 days). The loss of diversity did not appear to be correlated with
treatment length; identifying no significant diversity between days 5,9 and 13 for
14 day treated mice suggested that the 5 day dosing period in the present study
would likely be sufficient to observe peak AMX-induced disruption. The length of
recovery was 6 days within 7 day treatment group and 7 days in the 14 day
treatment group, indicating that CIP instillation in the present study will
compound the impacts of AMX. Taxa which decreased in abundance reflect
changes in the abundance of genera identified in the present study, with lekang
et al. noting changes in Lachnospiraceae (Present study Hungatella) ,
Oscillospiraceae ( present study Oscillibacter) and Ruminococcaceae (Present
study Faecalibacterium) Elvers et al (2020) systematic review, describes in
consistent observations between studies for AMX regards observations of
Lactobacillus, Bifidobacterium and Bacteroides. Typically, they were described
as decreasing in abundance as observed within the present study, however
there were notable instance where they increased was also noted
(Christensson et al., 1991). Elvers et al., noted a lack of research and
understanding into commonly prescribed antibiotic on the microbiome,

highlighting the value of in-vitro studies exploring antibiotic-induced dysbiosis.

Slimings and Riley (2014) in a systematic review, describe penicillin
combinations, such as AMC as increasing the risks of CDI (Odds ratio 1.4).
Previous exposure to penicillin/clavulanate combinations was identified as those
being the most likely to induce CDI within this group (Odds ratio 4.6). However,
the window defined for previous antibiotic exposure within the analysis varies
significantly (28 days — 3 months), which may impact findings. Miller et al,
(2023) also highlighted the difference between AMC and AMX in their potential
to induce CDI, with AMC being significantly higher (Adjusted OR 8.53 95% ClI
8.23 — 8.85) than AMX (Adjusted OR 1.96, 1.88 — 2.04). With these
observations in mind, the disruption and potential for AMC to illicit CDI, as
demonstrated by Chilton et al., may not be representative of the extent to which
AMX disrupted the microbiome in the present study, where AMX may truly align
more closely with steady state sample as described in the NMDS analysis.
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Group 2 comprises samples taken following the instillation of 2 or more
antibiotics (CIP, TZP, P-Abx, and P-Path). Due to the compounding effects of
antibiotic exposure, it is possible that these samples represent a spectrum of
dysbiotic microbiomes. Cumulative dose, number of antibiotics and days of
exposure have all been demonstrated to be major risk factors for CDI (Stevens,
Vanessa et al., 2011) (Dysangco et al., 2022).

Group 2 is notable for three potential sub-clusters, primarily consisting of
samples from CIP, TZP and post-antibiotic phases (P-Abx and P-Path). Within
group 2, there are two time points of particular note, both relating to the same
MiGut (2) replicate for the P-Path and TZP time points. As mentioned
previously, these time points deviate from the pattern exhibited by other TZP
and P-Path sample points. Whilst it is not possible to prove, there is a possibility
that the data for these samples are reversed. This may have occurred at
multiple stages due to the complexity of the analysis pipeline, including sample
collection extraction, LCMS analysis or data processing. To confirm this,
additional experiments would be necessary to verify within sample point

similarity.

Within negative analysis, the shift of the microbiome from homeostatic to
potentially dysbiotic occurs during CIP instillation. Previously CIP has been
shown to cause significant disruption within the in-vitro microbiome to induce
CDI in the same model system (Saxton et al., 2009). Metagenomic analysis of
vessel 3, revealed that CIP was associated with the loss of Coprococcus which
has been associated with SCFA production (Singhal et al., 2021; Frolova et al.,
2022).

TZP samples analysis also cluster within Group 2 (with the exception of the
possible MiGut(2) sample discussed above), indicating further distinct shifts
associated with cumulative antibiotics. Previous Leeds HGM studies have
explored the potential for TZP to induce CDI (Baines, S. D. et al., 2005). Baines
et al., documented depletion of all enumerated populations below limits of
detection for the entirety of the instillation period. Although TZP caused
profound disruption to the microbiome in this instance, it was not associated
with the toxin titres indicative of CDI within the two-week monitoring period. It is
possible that a two-week monitoring period is not sufficient to entirely rule out

CDI, with current model protocols requiring a 4-week monitoring period.
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Venturini et al. (2021) document the potential for TZP to disrupt colonisation
resistance in mice following a 5-day course of antibiotics. TZP-induced
disruption, associated with reductions in Bacteroidetes and an increase in
Lactobacillaes, Proteobacteria and notably Enterobacteriaceae, was shown to
facilitate the temporary colonisation by multidrug resistant E. coli and K.

pneumonia for up to 4 weeks.

While these previous studies have documented the potential for TZP to impact
colonisation resistance both in vitro and in vivo, the present study builds on
these observations identifying the potential for TZP as a part of an antibiotic
dosing regimen involving the sequential administration of 3 distinct antibiotic to
contribute to persistent functional dysbiosis, rendering the microbiome more

permissive to colonisation by exogenous pathogens.

Interestingly, negative NMDS associated P-Abx and P-Path samples within
potentially dysbiotic group more closely than metagenomic genus level NMDS
analysis, suggesting that metabolomics may provide more specific markers for
dysbiosis, further highlighting the limitations of defining and identifying dysbiosis

taxonomic markers only.

5.6.1.2 Positive NMDS analysis

While showing sharing some similarities with negative mode NMDS, clustering
steady state samples with AMX counterparts, positive mode NMDS analysis
aligned the time points for P-Abx and P-Path more closely with the previously
identified homeostatic samples. PERMANOVA analysis identified negative
mode as being better able to account for time-point associated metabolome
changes identified by LCMS in this study, with experimental stage accounting
for 54.48% variance in negative LCMS and 35.91% in positive LCMS.

As discussed within the method development chapter, the analytical workflow
developed by the C18 LCMS pipelined may be limited in its scope to recover
certain compounds such as Sterols and fatty acyls. Compound classes such as
carboxylic acids and derivatives are particularly well resolved using this column
chemistry. This increased capacity to detect specific chemical properties, such
as their propensity to deprotonate under certain pH conditions, may lead to
some features of dysbiosis being more prominent in analysis. Acidic

compounds tend to deprotonate, forming negative ions, and it is this
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characteristic which may render them more prominent in negative ionisation
mode (Cech and Enke, 2001; Malm et al., 2021).

5.6.2 Putative biomarkers of Antibiotic Induce dysbiosis

5.6.2.1 Butyrate

Butyrate abundance was investigated due to the identification of differentially
abundant genes associated with butyrate metabolism in Chapter 4. These shifts
in abundance reached statistical significance for key steps within the glutarate
and 4-aminobutyrate/succinate pathways and within wider butyrate metabolism.
There were also notable trends towards reductions in the abundance of three
out of four of the genes identified associated with acetyl-CoA metabolism.
These reductions, along with decrease in key butyrate-producing genera,
Fusobacteria and Oscillibacter, suggest a potential reduction in the

microbiomes capacity for butyrate production.

Within this study, a reduction in butyrate appeared to be a putative marker of
antibiotic-induced dysbiosis using different model systems and across both
post-antibiotic instillation time points. With reductions being conserved across

all model replicates.

The reductions in butyrate abundance here are supported by published
literature. Reductions in SCFA associated with high and low CIP dosing
regimens in mice were described by Zhu et al. (Zhu et al., 2020). Both high and
low CIP dosed mice initially showed decreases in the abundance of butyrate.
Low dose CIP was associated with faster and more complete recoveries in
butyrate following antibiotic cessation. Liu, X. et al. (2023) documented
reductions in butyrate associated with depletion of microbiota species in mice
following a 10 day course of antibiotics. However, the antibiotic treatment
documented (ampicillin, vancomycin, neomycin sulphate and metronidazole all
at 10mg) is extreme and unlikely to be representative of clinical dosing

regimens.

Within the present study and wider literature, butyrate has been discussed as a
potential marker for a range of conditions associated with the intestinal

microbiome.
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Butyrate has been previously discussed as a potential biomarker for CDI in a
study by Bosnjak et al. (2023) who recorded increases in butyrate in patients
colonised with C. difficile. The study compared 6 patient cohorts, with and
without antibiotic-associated diarrhoea and C. difficile colonisation. Bonsiak et
al. attributes the increase in butyrate potentially to C. difficile ‘s contribution to
SCFA via fermentative pathways as an alternative to Stickland reactions
(Hofmann et al., 2018). While butyrate abundance was increased in the
presence of C. difficile colonisation, the practical application of butyrate as a
marker of CDI is problematic when assays for specific markers, such as C.
difficile toxin exist. Interestingly, within the study, patients with antibiotic-
associated diarrhoea exhibited lower butyrate levels than the healthy control
group, which may indicate a butyrate reduction as being associated with
antibiotic-associated diarrhoea rather than an increase being an effective
marker for CDI.

Interestingly butyrate has also been shown to have a protective effect against
CDlI in vitro. Pensinger et al. (2023) demonstrated that increased butyrate levels
lead to increased lag phase and decreased maximum growth rates observed
across 10 PCR ribotypes.

As described by Hayashi, A. et al. (2021), Clostridium butyricum MIYAIRI588
was shown to be preventative against CDI in mice, through the recruitment of
neutrophil and t cell immunity activation. Neutrophil recruitment was suggested
to be likely attributable to butyrate produced by C. butyricum. This protective
mechanism while of note, is note at play within the current study due to the lack
of host cells within the model. Instead, the findings highlight the potential for
microbiota-specific mechanisms observed within the in vitro models presented
here to be amplified in vivo.

A reduction in butyrate has also been discussed as a potential biomarker of

colorectal cancer, along with acetate and propanoate (Adewiah et al., 2018).

McOirist et al. (2011) described high variability in butyrate concentration in
participants free from recent antibiotic usage and bowel disorders, ranging from

3.5-32.6 mmol/kg in faecal samples.
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The overall specificity of butyrate as a specific marker for antibiotic-associated
dysbiosis may be limited, rather serving as an overall biomarker of gut

microbiota health.

The lack of MS? information from the DDA experiment may be accountable to
the selection of an earlier potentially isometric compound. FISh analysis on this
earlier compound was performed for all proposed structures and failed to
identify any matching fragments. Due to supporting observations from the
literature, it was decided that the annotation of butyrate is highly liked for the
identified compound feature. Rather than relying on data-dependent acquisition
in the future for all compound IDs, it may be more useful to carry out semi-
targeted analysis with a defined list of compounds of interest to ensure full MS?

coverage.

5.6.2.1.1 Butyrate Associated markers: 2-Hydroxyglutarate and 2-Oxoglutarate

2-hydroxyglutarate, is commonly discussed and reviewed for its association with
cancers (Dang et al., 2009; Foskolou et al., 2023) due to its accumulation within
cancer cells due to mutations in isocitrate dehydrogenase. Here, it was
investigated as a potential marker of antibiotic-induced dysbiosis as a specific
marker of the glutarate pathway for butyrate production, due to the potential for
disruption associated with the observed reduction in glutaconate CoA-
transferase [EC:2.8.3.12] through metagenomic analysis. Within the Leeds
HGM, 2-hydroxy glutarate appeared to be an effective marker for antibiotic-
induced dysbiosis following both the P-Abx phase and P-Path. These trends
were less conserved between the MiGut replicates than those observed with
butyrate. Metagenomic analysis was not performed across all MiGut replicates
due to financial limitations, so it is not possible to be sure that alterations
observed via metagenomic analysis on Leeds HGM and MiGut (3) were the
same across all replicates. Interestingly, 2-hydroxyglutarate saw similar

increases across both replicates used for metagenomic analysis.

2-Oxoglutarate was also evaluated for its potential association with the
glutarate pathway. 2-Oxoglutrate appeared to be elevated across most model
replicates, following antibiotic instillation recovery, although it failed to reach
significance in two replicates MiGut (2) and MiGut (3). Following P-Path addition
2-oxoglutarate was detected at elevated levels across 3 of the 4 replicates
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Leeds HGM, MiGut (1), MiGut (2) (with a minor decrease in abundance in one,
MiGut (3)) achieving statistical significance across all. While it demonstrated
potential within the present study, its prevalence across a number of metabolic
pathways as outlined in KEGG (Kanehisa and Goto, 2000) suggest it may be
more suitable as a marker for pathway disruption within a comprehensive

marker panel, rather than as a sole diagnostic marker for dysbiosis.

5.6.2.1.2 Lactate

Lactate abundance in the model was explored due to the distribution of lactate-
associated pathways within acetate and propanoate metabolites. As a potential
proxy marker for acetate and propanoate metabolism, lactate saw statistically
significant increases in abundance across all model replicates following both the
P-Abx and P-Path. Lactate is a common human metabolite in its L-lactate form;
however, its D-lactate form is commonly attributed to the microbiome
(Talasniemi et al., 2008). If the rise in lactate observed following antibiotic
instillation is attributable to its D-lactate form, then its accumulation may be a
useful microbiota-specific marker of dysbiosis. With the analytical pipeline
utilised in this chapter L- and D- chirality are not resolvable by MS? analysis, so

a more specific experimental analysis may be needed in the future.

Accumulation of lactate may be exploited by pathogens, including C. difficile, as
discussed in a review of Microbial lactate utilisation by Louis et al. (2022), this
may potentially provide a competitive advantage for C. difficile proliferation

within the gut following antimicrobial instillation.

In addition to the potential alterations of lactate pathways of acetate and
propanoate metabolism, depletion in commensal Clostridia in murine models
has been associated with increased host lactate, supporting Salmonella (Gillis
et al., 2018)

If the increase in lactate is attributable to a reduction in downstream processes,
such as cross-feeding leading to acetate or propionate production, perturbations
to SCFA pathways may have additional impacts, such as those described

above.
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5.6.2.1.3 Valerate

Although alterations to valerate pathways were not identified in the
metagenomic analysis Chapter 4, valerate was investigated within the metabolic
data set due to observed changes in other compounds related to SCFA
production in this chapter, alongside the variations associated with other SCFA
pathways identified in the metagenomic data. The identification of valerate was
less definitive relative to other compounds discussed in this chapter, with higher
mass deltas and reduced FISh coverage from MS? analysis.

Valerate was reduced across all antibiotic instillation periods and remained so
for the continuation of the experiment. This is in line with observations in mice
by Zhu et al. describing CIP-induced disruptions to SCFA. (Zhu et al., 2020).
The authors detected reductions in valerate similar to those in butyrate. Despite
the limitations in compound annotation, supporting evidence from the literature
(Zhu et al., 2020) alongside the experimental data from this current study
present compelling evidence of valerate’s potential as a bacterial marker of

antibiotic-associated dysbiosis.

5.6.3 Summary

Identifying core taxonomic markers of gut dysbiosis is challenging due to
interindividual variability. However, the functional redundancy among microbial
constituents suggests that metabolomics may provide a more specific avenue
for biomarker identification. This rationale was the basis for the analysis
conducted in this chapter.

Although pathway characteristics may not be universal, there is a general trend
towards the persistent reduction in the microbiota’s capacity to produce SCFA
as detected by LCMS metabolomic analysis. This is evidenced by reductions in
butyrate and valerate abundance and an increase in pathway precursors 2-
hydroxy butyrate and 2-oxoglutarate. Metabolomics offers the potential to reveal
insights into dysbiosis, which are not effectively captured by metagenomic or
culture-based approaches. The analysis in this chapter presents several
putative metabolic markers for future studies, which could provide an
opportunity for a panel-based biomarker approach to identifying gut dysbiosis.
This may offer greater power and specificity compared to single-marker or

taxonomic methods.
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It is important to consider that the biomarkers discussed in this chapter have
been identified on the basis of relative abundance rather than absolute
guantification. It would be necessary to conduct further experiments to
determine absolute quantification. This quantification would help establish
biomarker ranger, and potentially provide insight and direct future mechanistic
studies on the potential in-vivo impacts of metabolite changes, such as how

changes in SCFA production may impact colonocytes.



219

Chapter 6

Conclusions

6.1 Concluding remarks

The purpose of this thesis was the use of different in-vitro models to
explore bacterial markers of antibiotic-induced dysbiosis, with the goal of
identifying putative biomarkers and establishing a framework for future multi-
omics analysis of the microbiome using the Leeds HGM and MiGut platforms.

The stated aims of this thesis were:

1. To develop an effective and scalable pipeline for metabolomic analysis of in-
vitro gut models and human faecal samples.

2. To determine whether in-vitro gut models can be used for the investigation
of antibiotic-induced dysbiosis

3. To identify putative microbial markers of antibiotic-induced gut dysbiosis,
using multi-omics approaches (metagenomics and metabolomics) in in-vitro

gut models

The aims of this thesis were addressed through the development and validation
of an untargeted LCMS-based metabolomics pipeline, exploring scalability and
effective recovery and identification of metabolites for in-vitro model samples
and from human faecal samples. In-vitro models of antibiotic-induced dysbiosis
were employed to analyse the persistent impacts of clinically reflective antibiotic
dosing regimens upon the microbiome. Loss of colonisation resistance and
functional dysbiosis was confirmed through the colonisation and proliferation of
Clostridioides difficile and a carbapenemase-producing Klebsiella pneumoniae.
Metagenomic analysis identified differentially abundant genera through
taxonomic analysis and metabolic pathways of interest via KEGG pathway
analysis. Metabolomic analysis built upon the metagenomic findings by
exploring metabolites of interest based on their associations with differentially
abundant taxa and KEGG pathways.
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6.1.1 Pipeline Development & Validation of LCMS

The development of a versatile pipeline for the untargeted analysis of the
intestinal metabolome in Chapter 2 aimed to balance the breadth of data
generation with cost and time efficiency. A C18 column was selected for its
versatile chemistry and effective resolution of amphiphilic compounds in

agueous samples (Jandera, 2013).

The analytical limitations of C18 chromatograph were explored using a
commercially available metabolite library. This exploration aimed to identify
compound classes which may be underrepresented in data generated with this
pipeline. The metabolite library also served as the basis for an in-house spectral
library aimed at enhancing compound identification. Within this analysis, some
compound classes were identified as being poorly resolved by the C18 method
(fatty acyls and steroids, steroid derivatives and organooxygen compounds).
This underrepresentation was attributed to their highly polar or non-polar nature,
making them less suitable for C18 chromatography. While the
underrepresentation of these compounds was deemed acceptable in this
instance, future studies may explore additional column chemistries if these

compound classes become of particular interest.

Bead beating was identified as a scalable alternative to manual disruption of
faecal samples, making it more suitable for large-scale extractions as it reduces
variation in sample processing potentially introduced via human errors in

manual preparation.

The complexity of chemical structures and the vast pool of potential compounds
limited the annotation of compounds in his study. Compound annotation
remains a significant challenge within the field of metabolomic research (de
Jonge et al., 2022), as evidenced by the post-processing steps of pipeline
validation, where only 20% of compounds received named annotations. The
majority of compounds were identified to predicted compositions, meaning that
compounds of interest not matched to databases could be filtered and identified
manually. Top-level data analysis exploring trends related to compound classes
may miss significant amounts of information, as it is not feasible to employ this

level of data curation for all compounds with the dataset.
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6.1.2 Utility of Leeds HGM and MiGut Platform for In Vitro Biomarker

Screening

The Leeds HGM, developed from models described by Macfarlane et al. (1998),
has been utilised extensively in gut microbiome research, numerous
publications supporting its application (Baines, S. D. et al., 2005; Freeman et
al., 2005; Crowther et al., 2014). Th limitations of HGM system has been
overcome through the development of the MiGut platform, which has also been

validated for microbiome research (Davis Birch et al., 2023).

In-vitro studies offer advantages over human studies in a number of areas
which make them an effective complementary approach to human studies. They
address ethical concerns of studies requiring human participants. They offer
improved and simplified longitudinal studies, as repeated spatial-temporal
measurements of a single system can be taken within a controlled laboratory
environment, also avoiding challenges with participant adherence and dropout.
Additionally, in-vitro models also allow for the control of environmental variables
such a nutrients and medication as well as excluding potential health conditions
which may introduce additional variables. This allows in-vitro models to study
isolated effects on the microbiome, making them powerful complementary tools
in understanding the complex biological interactions within the microbiome.

There was some variation noted between MiGut model replicates, a challenge
associated with novel systems and applications. However, metagenomic and
metabolomic analyses were able to broadly identify biomarkers with consistent
trends between models. As experience builds with the MiGut platform, it is likely
that these variations may become reduced; the additional certainty these
replicates give to the Leeds HGM providing additional samples and the capacity
to run multiple models at once makes it an exciting candidate for Biomarker

screening in future studies.

6.1.3 Proposed Bacterial Markers.

The work in this thesis identified a panel of 9 putative biomarkers of antibiotic-
induced dysbiosis, by applying a multi-omics workflow to these in vitro model
systems. Table 6-1 Putative Biomarkers Identified in Antibiotic-Induced Gut

Dysbiosis.
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The key narrative that emerged when exploring the functional aspects of
antibiotic-induced dysbiosis was a reduction in key taxa and functional
pathways associated with SCFA production by the microbiome. These were
further explored through metabolomics, which sought to identify key metabolites

within the pathways which may be indicative of altered metabolic capacity.

Two taxonomic markers were identified with differential abundance analysis

and highlighted for their associations with SCFA metabolism.

Faecalibacterium and Coprococcus were both identified by differential
abundance analysis and selected as potential taxonomic markers due to their
association with SCFA production (Sokol et al., 2008; Miquel et al., 2013; Vital
et al., 2014).

KEGG pathway analysis identified differentially abundant identifications within
the pathways for acetate/pyruvate, propanoate and butyrate metabolism and
compounds within these pathways were selected as potential metabolic

markers.

Table 6-1 Putative Biomarkers Identified in Antibiotic-Induced Gut
Dysbiosis

Biomarker Observed Biological Context Discussed
Trend
2-Hydroxyglutarate Increase Metabolic Chapter 5

intermediate

2-Oxoglutarate Increase Metabolic Chapter 5
intermediate

Acetate? Decrease?! SCFA Chapter 5
Butyrate Decrease SCFA Chapter 5
Coprococcus Reduction Microbiota Chapter 4
Faecalibacterium Reduction Microbiota Chapter 4
Lactate Increase Metabolic Chapter 5

intermediate

Propanoate?! Decrease?! SCFA Chapter 5

Valerate Decrease SCFA Chapter 5

Biomarker and trend not observed due to experimental limitations, proposed trend
based on wider SCFA observation. Candidate for targeted follow-up study

Butyrate was effectively captured by the LCMS method and was reduced

across all models replicated following multiple antibiotics. Butyrate identification
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was particularly notable due to its importance as an energy source for host
colonocytes (Roediger, 1980) and antimicrobial properties associated with the
inhibition of opportunistic pathogens (Chang Kai et al., 2024) (Sorbara et al.,
2019).

Metabolic intermediates 2-hydroxyglutarate and 2-oxoglutarate were selected
due to their association with the glutarate pathway for butyrate synthesis. The
trend towards increases in these compounds was less conserved between
model replicates. However, that may be attributable to varying mechanisms
resulting in decreased butyrate productions between model replicates. The
prevalence of CoA-conjugated metabolites across the SCFA pathways meant
that many of the compounds fell outside the analytical window of LCMS

analysis.

Lactate was identified as a putative marker of dysbiosis based on KEGG
pathway analysis which revealed changes within the acrylate/lactate pathways
for acetate and propanoate metabolism, these findings suggest lactate may
indicate broader SCFA-associated disruptions, as well as potentially highlighting
a niche for exploitation intestinal pathogens in dysbiotic microbiomes (Gillis et
al., 2018). The increases in lactate abundance were conserved across all model
replicates, strengthening its potential as a marker of antibiotic-induced

dysbiosis.

Valerate showed consistent reductions across the majority of model replicates
following antibiotic instillation. Although it was not identified in metagenomic
analysis, broader trends in SCFA metabolism suggest that valerate is a

metabolite worthy of further investigation.

While acetate and propanoate were not identified in metabolomic analysis,
they were highlighted in metagenomics as pathways of interest. The cross-
feeding of SCFA pathways and the observed reductions in butyrate and

valerate abundance indicate that both acetate and propanoate merit further
investigation in future models, with experimental parameters to ensure their

recovery.

6.1.4 Limitations

This work focused on identifying bacterial markers of antibiotic induced

dysbiosis through the application of multi-omics methodologies.
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A primary limitation of this work is its focus on bacterial markers of dysbiosis.
While the microbiome comprises bacteria, archaea, viruses and eukaryotes, the
work primarily focuses on bacterial aspects. Metagenomic analysis in this thesis
addresses prokaryotic taxonomy and KEGG metabolism within its bacterial
associations. Metabolomics was used to explore the phenotypic resolution of
antibiotic-induced dysbiosis, which does not actively exclude the impacts of
another organism; the discussion within the thesis is primarily limited to
bacterial functionality. Additionally, the in vitro models utilised in this thesis lack
human cell lines. While this may be seen as a benefit in some instances,
allowing the exploration of isolated bacterial mechanisms, further experiments

are needed to confirm how these changes would impact host cells.

Given the size of the datasets generated by metagenomic and metabolomic
analysis, it was not feasible to discuss all aspects and potential markers of
dysbiosis within this thesis. Therefore, a choice was made to focus on

alterations to SCFA metabolism and explore this in detalil.

Due to the cumulative effects of successive antimicrobials, the emergence of
identified biomarkers coinciding with a particular dosing period cannot be
definitively attributed to the impact of that antibiotic alone.

While this thesis aimed to develop an untargeted LCMS pipeline for
metabolomic analysis, practical considerations meant this was not entirely
achievable. LCMS was selected over Gas Chromatography due to the relative
ease of sample preparation (fewer requirements for sample derivatisation),
suitability for less volatile compounds, and shorter chromatographic run times.
As discussed in the metabolomic development chapter, there are limitations to
what any single column chemistry can effectively resolve. This thesis identified
compound classes which are not effectively captured by the C18 LCMS method
utilised in this thesis, and therefore their contributions and potential as
biomarkers may be missed. Additionally, when designing experimental
parameters a scan range must be defined. In this instance, it was 80-800
Daltons, which led to some compounds such as acetate, propanoate and CoA-
conjugated metabolites, falling outside the analytical window. Future studies
should, employ additional scan ranges or column chemistries to effectively
capture these metabolites. These concessions were made due to the

considerable increases in machine time and financial investments required to
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accommodate multiple column chemistries and scan ranges, which were

outside the capacity of this thesis.

Finally, financial constraints associated with next-generation sequencing meant
that metagenomic analysis was not feasible for all models. As a result,
taxonomic and functional analysis is limited to the Leeds HGM and MiGut (3)
replicate. As a result, it remains unclear whether the changes in taxonomic
composition and functional capacity within the microbiome observed were

conserved across model replicates.

6.1.5 Future Work

This thesis identified a panel of nine putative taxonomic and metabolic bacterial

markers of antibiotic induced dysbiosis. Future work would aim to:

1. explore the clinical potential of these biomarkers, and the validation of
these markers was planned in a study of patient samples, using excess
diagnostic material. Ethical approval was submitted and granted via the
Integrated Research Application System (IRAS) ID 307667. The study
aimed to determine if and how these markers presented in clinical
samples. The study aimed to collect samples submitted to Leeds Teaching
Hospital Trust for Clostridioides difficile diagnostic testing, over a 9-month
period. While the study received ethical approval, the initiation of sample
collection was delayed due to COVID-19 restrictions and a lack of quoracy
at data access committees. These delays ultimately resulted in insufficient
time to collect the required number of participants for the study.

2. apply these biomarkers to future in-vitro studies This panel of
biomarkers could also be profiled in future in-vitro models of antibiotic-
induced dysbiosis, exploring how these biomarkers are conserved across
different antimicrobial therapies.

3. Expand metabolomic approach to identify further markers and verify
those identified. The significance of SCFA within metabolomic research
led to a drive to better identify these compounds within complex biological
matrices (Saha et al., 2021; Weng et al., 2024). As biomarker panels
become better defined, optimised pipelines for detection and quantification

of identified markers may be beneficial.
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4. apply the metabolomic methods developed in this thesis to broader
areas of gastrointestinal disease. The metabolomic methods outline in
this thesis could also be applied to the wider areas of gastrointestinal
disease such as IBD, colorectal cancer and other gastrointestinal

infections.
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Appendix A
Supplementary Material: Metabolomic Methods Development

A.1 Equipment

Table A-1 Equipment used for LCMS Workflow

Equipment Product Code/ID Supplier

Mass Spectrometer Exploris 240 Thermo Fisher
HPLC / Autosampler Vanquish Thermo Fisher
System

Refrigerated Centrifuge 4-16KS Sigma
Vacuum Evaporator Concentrator Plus Eppendorf
Sonicating Water bath USC-T VWR

Bead Beater Fast-Prep 24 5g MP Bio

Table A-2 LCMS Consumables

Equipment Product Code/ID Supplier
Microcentrifuge Tubes 0030123328/ Eppendorf
1.5mL/2mL 0030123344

HPLC Sample Vial 186002802 Waters

Table A-3 Fridges and Freezers

Equipment Product Code/ID Supplier
-80 Freezer U410 HEF New Brunswick
-20 Freezer RLV1825 Labcold

A.2 Mass Spectrometry Metabolite Library of Standards

Mass Spectrometry Metabolite Library of Standards (MSMLS) were purchased
from IROA Technologies

Table A-4 MSMLS Used in Validation and Library Generation

Product Product Code/ID Lot Number
Microbiome Metabolite Library of GUTMLS 230-08
Standards

Bile Acid/Carnitine/Sterol Metabolite BACSMLS 205-36 2
Library of Standards
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Appendix B

Supplementary Material: In-Vitro Gut Models

B.1 Bacterial Culture Media

The Media used for the culture and enumeration of bacterial species was a
combination of in-house produced from base agar powders and supplier-poured

media.
B.1.1 Supplier Poured Media

Table B-1 Supplier Poured Media Used for Bacterial Enumeration

Media Product Code/ID Supplier
Nutrient Agar POO155A Oxoid
MacConkey Agar with Salt POO0149A Oxoid
Fastidious Anaerobe Agar (F.A.A.) PB0225A Oxoid

with Horse Blood

CHROMID CARBA SMART 41468520 Biomerieux

B.1.2 In-house Media Used for Bacterial Enumeration
B.1.2.1 Formula for In-house Media

Table B-2 Braziers CCEY + Lysozyme agar (CCEYL)

Constituent g/L (Unless stated)

Clostridium Difficile Agar Base (Brazier’s) 48
Cycloserine, and Cefoxitin Supplement X093 2 vials
Defibrinated Horse Blood? 20mL
20% Saponin 500uL
Lysozyme 5mg

Horse blood lysed with 20% Saponin prior to addition
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Table B-3 Braziers CCEY + Lysozyme, moxifloxacin, amphotericin B and
colistin agar (MXF)

Clostridium Difficile Agar Base (Brazier’s) 48
Cycl’oserine, and Cefoxitin Supplement X093 2 vials
Defibrinated Horse Blood? 20mL
20% Saponin 500puL
Lysozyme 5mg
Moxifloxacin 2mg/L
Amphotericin B 32mL
Colistin 10mg/L

2Horse blood lysed with 20% Saponin prior to addition

Table B-4 Bacteroides Bile Aesculin agar (BBE)

Clostridium Difficile Agar Base (Brazier’s) 4.5
Haemin 20mL
Vitamin K1 20puL
Kanamycin 75 mg/L
Vancomycin 7.5 mg/L
Penicillin G 1 mg/L
Colistin 10 mg/L

Table B-5 Nutrient agar:

Constituent

Nutrient agar base

g/L (Unless stated)
28

Agar (Bacteriological)

5

Table B-6 Kanamycin Aesculin Azide, Nalidixic Acid, Aztreonam agar

(KAA)

Constituent

Kanamycin Aesculin Azide agar base

g/L (Unless stated)
42.6

Agar Bacteriological 5

Kanamycin 20 mg/L
Aztreonam 10 mg/L
Nalidixic Acid 10 mg/L
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Lincomycin 1 mg/L

Table B-7 Beerens agar

Columbia agar base 42.5
Glucose 5
Agar (Bacteriological) 5
L-cysteine HCL 0.5

Adjust pH to 5.0 with 10n NaOH and 10n HCL

Table B-8 LAMVAB

L-cysteine HCL 0.5
Agar (Bacteriological) 20
Vancomycin 20 mg/L

B.1.2.2 Agar Base Powders

Table B-9 Agar Powders used in In-House Media

Media Base Product Code/ID Supplier
Kanamycin Aesculin Azide CM0591 Oxoid
(KAA)

MRS Broth CMO0359 Oxoid
Bacteroides Bile Esculin CM0888 Oxoid
agar base

Colombia agar base CMO0331B Oxoid
Agar (Bacteriological) LPO011B Oxoid
Braziers CCEY Agar 7000004515 Neogen
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B.1.2.3 Media Supplements & Antibiotics

Table B-10 Supplements Used in the Creation of In-house Media!

Supplements Product Code/ID Supplier
Arabinogalactan Sc-210883 ChemCruz

Bile Salts B8756-100G Sigma-Aldrich
Calcium chloride C5670-100g Sigma-Aldrich
Chenodeoxycholic acid 218990 Fluorochem
Cysteine HCL F093727 Fluorochem
D-Glucose G/0450/53 Fisher Chemical
Di-potassium monohydrogen 795496-500G Sigma
phosphate

Haemin (porcine) H9039-100G Oxoid

Horse Blood (defibrinated) HBO35 TCS

Lithocholic acid L6250-10G Merck

Lysozyme L6876-10 G Sigma-Aldrich
Magnesium Sulphate M5921-500G Sigma-Aldrich
Mucin M2378-500G Sigma-Aldrich
PBS Tablets 18912-014 Gibco

Pectin 416860010 Thermo Scientific
Peptone Water CMO009B Oxoid

Potassium dihydrogen phosphate  P0662-500G Sigma-Aldrich
Propanoic Acid 81910-L Sigma-Aldrich
Saponin s7900-100g Sigma-Aldrich
Sodium chloride S/3160/60 Fischer Chemical
Sodium hydrogen carbonate 102399802 Sigma-Aldrich
Starch S/7960/53 Fisher Chemical
Tween 80 P1754-500ML Sigma-Aldrich
Vitamin K1 10575.06 Thermo Scientific
Yeast extract LP0021B Oxoid

Supplements in solid agar for bacterial Isolation and Enumeration and In-Vitro Gut

Model Growth media
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B.1.3 Antimicrobials

Table B-11 Antimicrobials Used for In-vitro Study

Antibiotic Product Code/ID Supplier
Amoxicillin A8523-1g Sigma-Aldrich
Amphotericin B A2942-100ML Sigma-Aldrich
Aztreonam

Ciprofloxacin C031-25g Toku-E

Colistin sulphate BICO118 Apollo scientific
Cycloserine/Cefoxitin X093 Neogen
Kanamycin 11815-024 Apollo Scientific
Lincomycin 161251.03 Alpha Aesar
Moxifloxacin PHR1542-1g Sigma-Aldrich
Nalidixic acid BINO134 Apollo Scientific
Piperacillin-Tazobactam TS/DRUGS/07/2016 Aurobindo
Vancomycin BIVO155 Apollo Scientific

B.2 Strains & Cell Lines

B.2.1 Bacterial Strains

Bacterial Strains used for Media QC and Cabinet QC; all strains purchased from UK HAS
Culture collections

Table B-12 Reference Bacterial Strains with Catalogue Numbers

Strain Catalogue No Strain
Pseudomonas aeruginosa NCTC 12903 Reference Strain
Clostridioides difficile NCTC 13366 Reference Strain
Staphylococcus aureus NCTC 12973 Reference Strain
Kocuria rhizophila NCTC 8340 Reference Strain
Escherichia coli NCTC 12241 Reference Strain
Bacteroides fragilis NCTC 9343 Type Strain
Lactobacillus rhamnosus NCTC 12953 Type Strain
Bifidobacterium longum NCTC 11818 Type Strain
Clostridium perfringens NCTC 8237 Type Strain

Enterococcus faecalis NCTC 12697 Reference Strain
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B.2.2 Eukaryotic Cell lines

Table B-13 Eukaryotic Cell Lines Used for Cell Cytotoxicity Neutralisation
Assays.

Cell Line Catalogue No Supplier
Vero (African Green Monkey 84113001 Merck
kidney cells)

B.3 Equipment

Table B-14 Anaerobic Workstation

Equipment Product Code/ID Supplier

Whitley A95 Workstation A95 Don Whitley Scientific
Nitrogen (Oxygen Free) 44-x BOC

10% Carbon Dioxide, 5% 290563-L BOC
Hydrogen/Nitrogen (Anaerobic)

Cylinder

Table B-15 Aerobic Culture
Equipment Product Code/ID Supplier

37°C Incubator Heratherm Thermo

Table B-16 CO2 Culture
Equipment Product ID Supplier

COz Incubator MCO 5 AC-PE Panasonic

Table B-17 Balances

Equipment Product Code/ID Supplier
Analytical Balance ac210p Sartorius
Precision Balance PNS 300-2 Kern

Table B-18 Autoclave & Sterilisation Cycle

Equipment Product Code/ID Supplier

Benchtop Autoclave Priorclave

Equipment Sterilisation cycle: Carried out at 121°C for 15 minutes with a temperature
probe placed in the centre of load

Media Sterilisation cycle: Carried out at 1232C for 26 minutes with a temperature
probe placed in liquid balance of media volume
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Table B-19 In-Vitro Models (Leeds-HGM & MiGut)

Equipment Product Code/ID Supplier

Fermenter Controller Microlab O pH control unit Brighton-systems

Glassware NA Soham Scientific

MiGut NA William A Davis Birch

Nitrogen generator NG5-1 SLS Lab

Peristaltic pump MasterFlex Is MasterFlex
Easyload3 MasterFlex

Tubing Marprene #16 Watson Marlow
Tygon adk00007 Saint Gobain

Water Bath (Circulating) tc120 Grant

Table B-20 Other Equipment

Equipment Product Code/ID Supplier

Inverted Microscope DM IL Leica
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Appendix C
Supplementary Material: Metagenomic Data and Analysis for In-

vitro Intestinal Microbiome Investigation

3.1 NGS Data Analysis and QC

Sequences were supplied as FASTQ files and downloaded from the ARC3
platform. After retrieval, file integrity was verified using md5 checksum.

3.1.1 Raw Sequence General Statistics

Pre-QC review of raw NGS FASTQ files shows an average read length of 151
base pairs across all samples. For MiGut samples, the average sequence count
of 24million, with a duplication rate of 50%. Similarly, Leeds HGM samples
possessed an average read length of 27 million sequences per file and a

duplication rate of 45%.

Table C-1 General Statistics for NGS data for miGUT and Leeds
Reactor Phase

Stage

Proximal SS 49.00% 53% 26.1 47.90% 53% 26.1
Distal SS 33.30% 54% 26.9 32.80% 54% 26.9
Proximal AMX 53.00% 46% 21.7 51.80% 46% 21.7
_ Distal AMX 31.50% 53% 21.5 31.30% 53% 21.5
5
'(22 Proximal CIP 66.80% 39% 25.1 64.30% 39% 25.1
Proximal P—Abx | 73.00% 39% 29.3 70.90% 39% 29.3
Proximal P-Path | 69.80% 38%  28.3 68.70% 39% 28.3
Distal P-Path | 32.90% 47% 24.4 32.30% 47% 244
< Proximal SS 51.40% 44% 27.1 50.40% 44% 27.1
% Distal SS 25.40% 48% 22.8 2490% 48% 22.8
% Proximal AMX 66.90% 50% 38.2 65.70% 50%  38.2
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Distal AMX 30.10% 47% 23.6 29.80% 47% 23.6
Proximal CIP 59.60% 50% 32.2 57.60% 50% 32.2
Distal CIP 54.50% 50%  28.3 52.60% 51% 28.3
Proximal TZP 62.10% 51% 26.6 61.30% 51% 26.6
Distal TZP 42.80% 43% 25 42.20% 43% 25

Proximal P-Abx | 52.50% 42% 23.5 51.20% 42% 23.5
Distal P-Abx | 27.10% 47% 23.2 26.60% 47% 23.2
Proximal P-Path | 48.80% 43% 235 47.60% 44% 23.5
Distal P-Path | 26.40% 49% 33.1 26.10% 49% 33.1

Raw Sequence Mean Quality Score

Mean quality scores remain at acceptable levels throughout the sequencing run

presented in Figure C-1 Raw Sample Mean Quality Scores.

Phred Score

Figure C-1 Raw Sample Mean Quality Scores.

FastQC: Mean Quality Scores

50

Raw Sequence Adapter Content

75

Position (bp)

100

Significant adapter read-through was observed across all samples (Figure C-2

Proportion of Raw Sequences with Illumina Universal Adapter Contamination

prior to Trimming), it remains unclear whether the adapters were trimmed prior

to being supplied. Notably samples believed to experience issues during library

creation experienced the least adapter read-through, potentially due to antifoam
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causing sheering problems resulting in larger fragment seizes within the

libraries.

FastQC: Adapter Content

60

% of \E‘(U lences
B

0 25 50 75 100 125

Position (bp)

Figure C-2 Proportion of Raw Sequences with lllumina Universal Adapter
Contamination prior to Trimming

3.1.2 Trimmomatic

Trimmomatic was run in paired-end mode with default parameters for trimming
lllumina data. Summary statistics for Trimmomatic output presented in Table
C-2 Trimmomatic Summary Data for Pair-End Trimming. Reverse Only
Surviving and Dropped reads are both excluded from the table at 0% across all
samples. Trimmomatic reduced lllumina adapter content significantly, falling

below 1% of sequences across all samples post-processing.

The default behaviour for palindromic adapter removal drops reverse reads
after detecting adapter read-through in forwarding reads. The high proportion of
read-through in some sample’s accounts for the low “Both Surviving”

percentage for some samples.
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Table C-2 Trimmomatic Summary Data for Pair-End Trimming

Reactor Stage Phase Both Surviving Forward Only Surviving
Seqs Seqs
Proximal SS 18.6 71.41 7.4 28.59
Distal SS 194 72.25 7.47 27.75
Proximal AMX 17.9 82.47 3.8 17.53
- Distal AMX 9.8 45.79 11.6 54.21
>
'% Proximal CIP 10.7 42.76 14.3 57.24
Proximal P-Abx 155 53.12 13.7 46.88
Proximal P-Path 14.3 50.80 13.9 49.20
Distal P-Path 12.4 50.85 11.9 49.15
Proximal SS 18.5 68.35 8.5 31.65
Distal SS 17.9 78.89 4.8 21.11
Proximal AMX 215 56.42 16.6 43.58
Distal AMX 145 61.60 9.0 38.40
Proximal CIP 4.2 4417 17.9 55.83
% Distal CIP 9.7 34.52 18.5 65.48
% Proximal TZP 9.7 36.53 16.8 63.47
3 Distal TZP 17.4 69.85 7.5 30.15
Proximal P-Abx 18.2 77.69 5.2 22.31
Distal P-Abx 17.8 76.88 5.3 23.12
Proximal P-Path 19.5 83.26 3.9 16.74
Distal P-Path 13.6 41.35 194 58.65
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3.1.3 Paired-End Read Merger (PEAR)

Surviving paired reads were merged with PEAR (0.9.6) with default parameters.
88% of surviving reads were merged across all samples (90.5% MiGut , 86%
Leeds HGM) . Following assembly of Unpaired sequences and Unassembled
Sequences from Read 1 were concatenated to utilise as many reads as

possible in further analysis.

Table C-3 Summary of Assembled Reads in Millions (M Seq) and
Percentage of Total Paired Reads

Reactor Stage

‘ Assembled Reads

16.4 88
Distal SS 17.3 89
Proximal AMX 13.8 77
Distal AMX 8.8 89
Proximal CIP 10.3 96
Proximal P—Abx 14.8 95
Proximal P-Path 13.7 95

§ Distal P-Path 11.7 95
Proximal SS 17.1 92
Distal SS 14.4 80
Proximal AMX 19.5 90
Distal AMX 13.4 93
Proximal CIp 13.7 96
Distal CIp 9.3 95
Proximal TZP 8.1 83
Distal TzP 13.9 80
Proximal P—Abx 14.7 80
Distal P—Abx 14.5 81
§ Proximal P-Path 15.0 76
$  Distl P-Path 13.0 94
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Appendix D

Supplementary Material: Metabolomics

4.1 Log-Transformed Intensity Distributions in Negative and

Positive Modes (Steady State)

Negative
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Figure D-1 Log-Transformed Intensity Distributions for Negative and
Positive ionisation modes (Steady State). The histograms lllustrate a
potentially skewed distribution in both ionisation modes. Data truncation
may be attributable may be accountable for the filtering of low-intensity
compounds during the processing pipeline.
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