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ABSTRACT

Conventional T cells are defined by expression of CD41 or CD8* surface antigens.
These are the most abundant of the CD3" T cell lineage, and are the most char-
acterised in their role in immune response, regulation, and disease. Unconventional
T cells do not present these conventional markers, and are not fully characterised.
These cells are of low frequency in peripheral blood and are tissue resident, with
phenotypes and roles that are tissue specific. Tissue specific analysis of immune cells
allows these unconventional immune cells, which are of low frequency / absent from
peripheral blood, to be analysed.

Colorectal cancer treatment often involves colorectal resection, removal of the
tumour, and stitching the remaining colon back together; this process is called anas-
tomosis. Anastomotic leak (AL) occurs in approximately 10% of patients undergoing
anastomosis and is associated with significantly increased mortality and complica-
tions. Current diagnostic confirmation relies on elevated systemic C-reactive protein
(CRP) and clinical symptoms, typically enabling detection only from postoperative
day 2-3. Earlier and more specific markers are needed to improve patient outcomes.
Evidence from peritonitis studies suggests that unconventional T cells in peritoneal
fluid may predict complications, motivating investigation in AL. Innate immune cells
such as MAIT and 70 T cells are often the first immune cells at the site of a bacterial
infection.

Previous work by the Eberl lab indicated a regulatory role of v4 T cells on CD4"
T cells, and collected RNA sequencing data of vé T cells in different relevant tissue-
specific cytokine environments for a more in depth mechanistic understanding. In
this thesis, a workflow for quality control is proposed and analysis of the data is
performed.

Previous researchers acquired many flow cytometry files in many individual batches
and with variable quality. This thesis discusses the ability for these flow cytometry
files to be analysed together and batch-corrected using publicly available packages,
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within a reproducible bioinformatic pipeline. These findings suggest that unconven-
tional T cells are in measurable frequency using flow cytometry, and sets a proof-of-
concept for the use of peritoneal fluid to measure immune cell frequency, particularly
of tissue resident unconventional T cells. Further, RNA sequencing analysis found
CXCL13 and CD30 expression correlating with an inflammatory related IL-21 envi-
ronment, with indications of the role of vd T cells in initiating an immune response
at the site of infection.

This data further advances the understanding of innate immune response, and in-
dicates potential candidates for novel, specific targets for immune therapy for chronic
inflammatory conditions. These initial studies also highlight improvements to study
design and data acquisition that can improve quality of data along the course of a

longitudinal study.
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INTRODUCTION

Conventional T cells are specialised lymphocytes that identify antigen-presenting cells
(APCs). APCs present antigens via the MHC class I molecule for CD8" T cells and
the MHC class II molecule for CD4" T cells, which is then recognised by the T-
cell receptor (TCR) of the T cells. The TCR of the conventional T cell consists of
highly variable af chains, which recognise antigen-presenting peptide-MHC (pMHC)
complexes. In contrast, unconventional T cells are, in part, defined by their ability
to recognise antigens without reliance on pMHC complexes. These include natural
killer (NK) T cells, Mucosal-associated invariant T (MAIT) cells, and v6 T cells.

In humans, 76 T cells are found in relatively low frequency in peripheral blood
(1-5%), and enriched at barrier tissues such as gut mucosa, skin and lungs. Human
v T cells can be classified into different groups based on the expression of TCR~y
chains, TCR0 chains, cell surface markers and tissue-specificity (Fichtner et al. 2020,
Li et al. 2021). Unlike conventional T cells, v0 T cells are not reliant on maturation in
the thymus and undergo continuous extra-thymic clonal selection (Di Lorenzo et al.

2017). They are referred to as semi-invariant due to some v and § combinations more



prevalent than others (Davey et al. 2017). Though they are of low relative frequency,
~v0 T cells are powerful drivers of pro- and anti-inflammatory responses. Vy9/V§2 are
the most abundant peripheral blood v T cells, with this chain-pairing being highly
conserved in humans. Many motifs are also conserved between individuals, including

the CDR3 region of the TCR structure (Sherwood et al. 2011).

~v0 T cell in regulating immune response

~v6 T cells have been shown to regulate immune cells at the site of bacterial infection
to induce an effective immune response (Wozniak et al. 2012). These cells are highly
optimised for specific cytokine and tissue environments, and have a significant role
in clearing infection, as shown by a decrease in survival of patients with low v T
cell frequency while suffering from sepsis (Andreu-Ballester et al. 2013). Due to their
tissue specificity, rapid innate immune response and regulatory role, this immune cell
subset is a logical candidate biomarkers and targeted immunotherapy. To further
understanding of the mechanistic role of vd T cells, gene expression changes to spe-
cific cytokine environments were investigated in vitro. A further understanding of
differentially expressed genes in these environments can provide insight into how 4
T cells initiate an immune response and recruit conventional immune cells to the site
of infection. Not only are vd T cells a potentially tissue and disease specific marker
for early detection of an immune response (and therefore an acute infection), they
may also have a more general role in the regulation of that immune response, and so

could be a target for immunotherapy in cases of chronic inflammation.



Anastomotic leak

Clinical manifestations of AL include abdominal pain and tachycardia, with diag-
nosis relying on the detection of purulent or fecal discharge from peritoneal drains
and radiological evidence, leading to peritonitis and sepsis in the absence of medi-
cal intervention (Wako et al. 1970). C-reactive protein (CRP) monitoring remains a
standard method for detecting AL, with levels reaching significance 48 to 72 hours
postoperatively. CRP levels, combined with clinical observations such as abdominal
pain localisation, contribute to the Dutch leakage score, aiding AL detection (den

Dulk et al. 2013).

Improving indicators for anastomotic leak

Although the involvement of immune markers, particularly lymphocytes, in AL is
documented, the extent of their role during infection is not fully understood. There-
fore, investigating the immunological profile of patients with AL may elucidate spe-
cific involvement of T cell subsets. Understanding the immunological profile at the
anastomotic site can potentially identify AL-related markers, enhancing the current
monitoring system’s specificity and early detection capabilities, thereby improving
patient outcomes.

Immunophenotyping drain fluid may provide predictive insights into clinical out-
comes, as demonstrated in peritoneal dialysis (PD) contexts, where it aids in detecting
peritonitis (Liuzzi et al. 2016). For patients requiring PD, methods such as bacterial
16S ribosomal RNA sequencing and leukocyte esterase reagent strips show promise

in improving infection detection and by extension improving patient outcomes (Fung



& Li 2022).

Validation of peritoneal fluid for biomarker discovery

As discussed above, there is a clear gap in knowledge in the understanding of mech-
anism and biomarkers allowing for the early detection of AL. Previous work has
identified that those requiring peritoneal dialysis (PD) have biomarkers detected at
site of infection, detected through peritoneal fluid, which were not found in systemic
measurements such as blood CRP. This provides a logical proof-of-concept that could
be adapted to perioperative anastomosis patients.

Previous studies were used to inform the experimental design. Liuzzi et al. (2016)
found that PD patients undergoing inflammation in response to bacterial infection
had V~9/V§2 T cells and MAIT cells accumulating at the site of infection, as detected
through peritoneal fluid. With a cohort of 101 PD patients, an increase in innate T
cells were detected in peritoneal fluid of patients with acute infection compared to
when they were in a stable condition. They found a statistically significant increase in
V~9/V62 and MAIT cells in PD patients during acute infection. This paper provides
context and a foundation to apply to patients with AL, who are also undergoing
acute infection. Similar processing methods can be applied in the context of AL.
There are, however, some differences between previous analysis methods and the
current AL study. This paper had matched control samples of the same individuals
before and during acute infection, which cannot be done in this study. There is no
typical peritoneal fluid volume in healthy individuals. In this specific case, it is not
possible to obtain a control condition for each individual in this way. Therefore, the

comparison is between groups of people — those who recover well, and those who



develop AL. This is more informative, as the difference between these two ’at risk’
groups can be characterised.

Previous research suggests that analysing peritoneal fluid cytokine levels, partic-
ularly IL-6, alongside blood CRP levels, enhances AL detection accuracy and may
enable earlier intervention (Cuff et al. 2023). The informative cytokine changes and
clinical metadata (from peripheral blood) can be used to improve the analysis of the
flow cytometry data and provide additional context.

In summary, investigating immune markers in peritoneal fluid can potentially
improve AL detection, prognostics, and patient care; potentially guiding personalised

treatment strategies and improving long-term outcomes in CRC surgery.

Study Rationale and Hypothesis

This thesis tests the hypothesis of detecting local immune response during AL using
unconventional T cell markers, and potential for biomarkers for early detection of
complications from colorectal resection. Alongside the clinical cohort, the specific

mechanistic role of v T cells is investigated by gene expression analysis.



Aims and Objectives

— Validate the use of peritoneal fluid for detecting unconventional T cells.

— Evaluate methods used for flow cytometry data and suggest improvements for

standardisation and reproducibility in analysis
— Identify immune markers associated with AL.

— Investigate cytokine-driven transcriptional changes in vd T cells using RNA

sequencing data.

— Propose candidate biomarkers for early detection and intervention during col-

orectal surgery recovery.

The first three aims are addressed in Chapter 1, through the anastomotic leak
clinical study, and the final two aims are addressed in Chapter 2, through the vé T

cell cytokine-stimulation study.



CHAPTER 1

IMPROVING THE IDENTIFICATION
OF HIGH RISK PATIENTS AFTER
COLORECTAL RESECTION

1.1 Introduction: Colorectal cancer

1.1.1 Incidence

Colorectal cancer (CRC) is the third most common cancer globally and ranks second
in cancer-related mortality (Sung et al. 2021). In the UK, CRC is the fourth most
common cancer, with 44,100 new cases each year between 2017 - 2019. Cancer Re-
search UK (CRUK) shows the incidence of colorectal cancer is increasing, particularly
with younger demographics (0 - 24 years). The reasoning behind this could be depen-
dent on socio-economic factors and requires further study to understand root causes.
In Wales, Scotland and England bowel cancer screening is now offered to everyone
aged 50 - 74 years old. Targeted screening is also conducted in the UK. This involves

increased monitoring of patients with familial-linked mutations in BRAF V600E and



RAS, which is closely associated with more aggressive forms of colorectal cancer that

can resist usual treatment pathways.

1.1.2 Treatment and survival

The survival rates for CRC have greatly improved since the 1990s, with almost 60%
of people living for at least 5 years after initial diagnosis. The National Institute for
Health and Care Excellence (NICE) provide recommendations for healthcare within
the UK. In cases with curative intent, most patients diagnosed with colorectal cancer
are recommended for laparoscopic surgery for the removal of the tumour (NICE TA105
2006). NICE reporting shows that 70 - 80% of individuals diagnosed with colorectal
cancer undergo complete surgical excision, with the remaining individuals likely to
require palliative care and treatment without curative intent.

Surgical resection of the colon is a common treatment for CRC, aiming to remove
the tumour and restore bowel function (Figure 1.1). The process of early detection of
cancer and implementing appropriate treatments has greatly improved, especially for

colorectal cancer. Depending on the stage of disease, various treatments are available.
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Figure 1.1: Left anterior resection

In order to maintain function of the bowel while removing the tumour, a colorectal resection and
reattachment of the healthy ends of the colon is performed (anastomosis). The example shown here
describes a low anterior resection. The three panels show the tumour location within the colon,
the section of bowel containing the tumour and surrounding margin marked for removal, and the
resulting anastomosis where the two cut ends of the colon are rejoined; it is at this anastomotic join
that a leak, the principal complication studied in this chapter, can subsequently develop. Created
using biorender (biorender.com).

Colon resection is conducted via laparoscopy or laparotomy, with the latter usually
being higher risk. Recent improvements in patient recovery are related to standar-
dising recommendations for specific cancers, depending on location of tumour and
cancer stage - in both treatment options and perioperative care.

To improve treatment at a global scale a consortium was set up, called enhanced
recovery after surgery (ERAS). ERAS was set up with an initial cohort in the late
90s and early 2000s, initially focused on colorectal surgery procedure. This began
with a series of small studies and literature reviews led by Professor Henrik Kehlet,
providing an evidence-based approach to reducing the length of stay at hospitals
post surgery. The first article by Kehlet defines factors associated with recovery that
can be monitored and improved upon (Kehlet 1997). In 2005, the first ERAS care
protocol was published, which included reduced patient fasting both pre- and post-

surgery, and encouraging early mobilisation after surgery (Fearon et al. 2005).


biorender.com

Since then, the recommendations have expanded towards many different types of
surgery. The first ERAS study was borne out of an attempt to standardise care across
different hospitals, which at this time had a range of many different approaches and
recovery protocols. The most recent ERAS recommendations (Gustafsson et al. 2019)
cover both colonic and rectal surgery, with systematic reviews indicating a reduction
of about 40% in perioperative morbidities across different studies between 2015 - 2024
(Kannan et al. 2025). Not only have these recommendations improved perioperative
care, there was a significant increase in 3-year survival (Tidadini et al. 2022). This,
along with better tailored treatment, is crucial to improving patient outcomes both

during immediate recovery and for longer term survival.

1.1.3 Perioperative recovery

In the immediate 2-3 days after surgery, some patients have an abdominal drain in-
serted to reduce swelling and the build up of fluid in the peritoneal cavity. There
is ambivalence towards the usage of drains as part of perioperative care, and incon-
clusive guidance. The ERAS society did not find improved recovery with the use
of an abdominal drain (Gustafsson et al. 2019), and this was corroborated following
systematic review by other researchers (Emile & Abd El-Hamed 2017).
Retrospective studies show that the previous median length of stay (LOS) across
different cohorts showed a range of 8-12 days in the early 2000s (Aravani et al. 2016),
with a median LOS of 3 days more recently. The rate of recovery has greatly im-
proved in recent decades, assisted by better recovery protocols and more detailed
record keeping and monitoring. Not only does a shorter recovery time reduce burden

on the healthcare service, shorter LOS correlated with better outcomes, with fewer

10



readmissions (Emmanuel et al. 2018).

1.1.4 Complications to colorectal surgery

Surgical resection (anastomosis) of the colon is a common treatment for CRC, aiming
to remove the tumour while also restoring function. This is a preferred treatment
option as opposed to removal of the tumour and creating a stoma — using a stoma re-
duces quality of life for the patient and increases a life-long risk of infection. Therefore,
tumour removal and creating a stoma is usually avoided unless completely necessary.

Although anastomosis is a preferred treatment pathway, a notable complication
of anastomosis is anastomotic leak (AL), in which intestinal contents leak into the
peritoneal cavity at the site of resection. Clinical manifestations of AL include abdom-
inal pain and tachycardia leading to peritonitis and sepsis in the absence of medical
intervention (Rajabaleyan et al. 2024)

Various factors contribute to the increased risk of AL, including smoking, male
gender, obesity, operative duration, blood transfusions and tumour proximity to the
anal verge (Zarnescu et al. 2021). AL adversely affects patient quality of life; leading
to prolonged hospital stays, increased likelihood of stoma requirement, and reduced

5-year survival rates (Hammond et al. 2014).

1.1.5 Detecting anastomotic leak early

Previous work has identified that those requiring PD have biomarkers detected at site
of infection, detected through peritoneal fluid, that was not found in systemic mea-
surements by analysing blood. Liuzzi et al. (2016) found that PD patients undergoing
inflammation in response to bacterial infection had Vy9/Vé2 T cells and MAIT cells

accumulating at the site of infection, as detected through peritoneal fluid.
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This provides an opportunity to validate this method of peritoneal fluid analysis in
the context of AL with a particular focus on the implied role of MAIT and V~9/V§2
T cells at the site of local infection. To be able to assess potential biomarkers,
previous work in patients undergoing PD provides a proof of concept that is worth
also investigating in other situations such as during perioperative colorectal surgery.
Neutrophils and lymphocytes have been previously associated with AL, and higher
relative neutrophil count has been shown to correlate with risk of AL (Liu et al. 2026).
Therefore, investigating the immunological profile of patients with AL may elucidate
specific involvement of immune cell subsets.

Peritoneal fluid was collected from patients with an abdominal drain during the
period immediately after surgery. The efficacy of abdominal drains after colorectal
surgery is under debate. ERAS suggests that an abdominal drain should not be used
as standard procedure, but only when there is a specific indication (for example,
when there is localised swelling). A recent review suggests the rate of abdominal
drain usage is varied between countries, at around 40 - 70 %, and that the addition
of a drain increased length of stay (Guadagni et al. 2024).

In this study, peritoneal fluid that would otherwise be a waste product becomes
input material for analysis, and a possible route of measuring biomarkers indicating

risk of developing AL before clinical observations are apparent.

1.1.6 Innate immune cells and anastomotic leak

MAIT cells are considered unconventional T cells. They are found in peripheral
blood at a frequency of 10% of lymphocytes. They have semi-invariant TCRs and

are restricted to the non-polymorphic MHC class I-like protein MR1. MAIT cells can

12



respond rapidly to infection with both TCR and non-TCR activation (Godfrey et al.
2019).

Previous research by the Eberl Lab suggests that analysing peritoneal fluid cy-
tokine levels, particularly IL-6, alongside blood CRP levels, enhances AL detection
accuracy and may enable earlier intervention (Cuff et al. 2023). This provides further
insight into the ability to analyse peritoneal fluid to get similar outputs to markers
found in blood samples. The next step is to further characterise the peritoneal fluid
across multiple individuals, to determine if there is a consistent subset that corre-
lates with postoperative complications. Crucially, this will allow the hypothesis to be
tested that AL infection-related innate immune cells increase at the site of infection,
measured using peritoneal fluid, faster than any changes in immune cells systemically,
measured using blood samples.

This study complements the previous work on cytokine measurements, with the
addition of flow cytometry analysis. This data was acquired previously, but was not
included in the 2023 paper as the flow cytometry data had batch effect issues and
proved difficult to gate rare populations consistently.

In summary, investigating immune markers in peritoneal fluid can improve AL
detection, prognostics, and patient care; potentially guiding personalised treatment

strategies and improving long-term outcomes in CRC surgery.

1.1.7 Aims

There are two main aims of this study. First, to determine whether peritoneal fluid
samples can be reliably collected and analysed to quantify the frequency of innate

immune cells. Second, to assess whether these immune cell profiles can be used to

13



predict the occurrence of anastomotic leak (AL). This will test the hypothesis that
innate immune cells are among the earliest responders to acute infection and accu-
mulate locally at the site of AL before systemic changes are detectable. Identifying
such biomarkers could improve early detection of AL during perioperative recovery,

potentially reducing the morbidity rate.

14



1.2 Methods

1.2.1 Ethics approval

All methods were carried out in accordance with relevant guidelines and regulations.
Experimental protocols were approved by Cardiff University, and written informed
consent was obtained from all subjects. Recruitment of patients was approved by
the Wales Cancer Bank under reference no. 18/016 and conducted according to the

principles expressed in the Declaration of Helsinki.

1.2.2 Study design

Samples were extracted, collected and analysed by previous lab members of the group.
Storage and sample collection as described in Cuff et al. (2023). Antibody staining,
flow cytometry and technical quality control was carried out by the same lab members.

The data contains longitudinal sampling of 41 patients, 3 of whom developed AL.
This was complemented by blood measurements and other relevant clinical covariates
such as BMI and age. The aim of this study is to process the flow cytometry data of
these individuals, perform quality control, and to determine if the relative abundance
of the cell types identified in the flow cytometry data correlates with anastomotic

leak. The full description of the clinical metadata found below in Table 1.1.
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1.2.3 AL clinical study data analysis

Flow cytometry data were analysed using FlowJo™ v10.10.0 Software (BD Sciences).
Relative frequencies of cell subsets compared to CD3" live cells were calculated for
each sample and exported as statistics. The exported statistics files containing fre-
quencies of CD3" live cells were imported into R version 4.3.1 (2023-06-16) using
RStudio IDE version 2023.6.1.524 (Posit team 2023). The tidyverse package (ver-
sion 2.0.0) was utilised for data manipulation, including filtering and summarising
the data. ggplot2 version 3.4.4 package was used to create scatter plots and other
visualisation graphs. ComplexHeatmap package version 2.18.0 was utilised to generate
heatmaps displaying the expression patterns of differentially expressed genes or cell

populations.
Flow cytometry panel

The design of the panels is based on immune cells that would be expected to be at the
site of acute bacterial infection. These were split over two separate panels, named the
neutrophil panel (Table 1.2) and T cell panel (Table 1.3 and 1.4). For the neutrophil
panel, peritoneal fluid was analysed same-day, as neutrophils are not suitable for
cryopreservation. The T cell panel was run on PBMC extracted peritoneal fluid and
run within the same week. Usually, 1-2 patients were recruited a week, and so one

batch was one patient and all timepoints.
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Table 1.2: Table of neutrophil panel including cell type associated with marker

Machine parameter Marker Description

APC-CyT-A CD3 T cell marker

Alexa Fluor 405-A CDlc Dendritic cell marker
Alexa Fluor 488-A CD14 Monocyte marker
Alexa Fluor 647-A SIGLEC8  Eosinophil marker
Alexa Fluor 700-A CD45 Leukocyte marker
AmCyan-A Live/Dead Viability marker
BV605-A CD15 Granulocyte marker
BVT11-A HLA-DR  MHC Class II marker
PE-A CD116 Myeloid lineage marker
PE-Cy7-A CD19 B cell marker
PerCP-A CD16 Mature neutrophil marker

Table 1.3: Table of T cell panel

Machine parameter Marker
7-AAD-A Pan-vo
APC-CyT7-A CD3
Alexa Fluor 405-A CCR7
Alexa Fluor 488-A CXCR3
Alexa Fluor 647-A CD161
AmCyan-A Live/Dead
BV605-A VaT7.2
BVT711-A CD8
PE-A Vo2
PE-CF594-A CD45RA
PE-Cy5-5-A CD4
PE-Cy7-A CD27
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Table 1.4: T cell panel gating strategy

Cell type Gating definition
Live lymphocytes Live/Dead ™~

Total T cells CD3" /Live-Dead™

~0 T cells CD3* /Pan-vd™

V62 70 T cells CD3" /Pan-yo* /Vé2™

Non-Vé2 v6 T cells CD3*/Pan-vé" /Vo2~
Conventional T cells ~ CD3" /Pan-yd~

CD4" T cells CD3" /Pan-vy6~ /CD41 /CD8~

CD8" T cells CD3" /Pan-y6~ /CD8*/CD4~

Naive T cells CD3" /CD45RA™ /CCR7T /CD27*
MAIT cells CD3" /Pan-y6~ /Va7.2% /CD161™ /CD4~

Gating strategy for T cell subsets from panel shown in Table 1.3. Used on PBMC-isolated peritoneal
fluid.
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1.3 Results

This project has a primary aim of obtaining flow cytometry data of peritoneal fluid of
perioperative patients after colorectal resection. Both manual gating and clustering
were used to assess if there is any correlation with outcome by using associated clinical
data. Clustering techniques were also used to identify batch effect. Discovery of such
biomarkers in peritoneal fluid could aid in the accurate and early diagnosis of AL in

a clinical setting.

1.3.1 Cohort

Peritoneal fluid was collected from 41 individuals, with 3 developing AL (Figure 1.2).
One further patient consented and continued in the study but received no surgical
intervention; as they did not fit any of the three outcome groups and represented a
sample size of one, they were excluded from further analysis. Most individuals had
timepoints for day 1 to day 3 post operation, and the drain was removed for the
majority of patients by day 4. To accompany the peritoneal fluid, clinical metadata

was available for the patients at each timepoint during their recovery.
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Figure 1.2: Incidence of perioperative complications — Cohort

42 patients were consented, with 41 continuing participation in the study. Of those, 3 patients went
on to have AL, 6 had other complications, and 31 had no complications. One further patient received
no surgical intervention and was excluded from the anastomotic-leak comparison. Samples with a
failed CD3™ cell count of zero were removed at the technical quality-control stage (dashed line),
leaving 8, 13, 67 and 2 samples available for analysis in the AL, complications, no-complications and
no-treatment groups respectively.

The first step of quality control was to attempt to gate CD3™ cells for each of
the files. If there was a recognisable positive and negative, then the sample would be
analysed. If not, the sample was removed from further analysis. As most of the cell

types of interest were downstream of T cells, the files that had no CD3" cells would

not provide any further information of T cell subsets.
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1.3.2 Flow cytometry analysis
Gating strategy

The data was first analysed with manual gating. The definitions of the manual
gating is shown below (Figure 1.3, Figure 1.4). There were some markers such as
SIGLECS which could not identify a consistent positive eosinophil population. There
were relatively few immune cells for the neutrophil panel as this was processed fresh
and had more contaminants compared to the samples processed for the T cell panel.
These gating strategies enable identification of the innate T cells in the T panel, with

monocytes and neutrophils being the primary output from the neutrophil panel.
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Figure 1.3: Gating strategy for T cell panel.

Lymphocytes were identified by forward and side scatter, followed by exclusion of doublets and gating
on live, CD3™ T cells. v§ T cells were identified using pan-y§ and V2 antibodies, distinguishing
Vé§2+ from Vi2-negative 76 T cell subsets, while MAIT cells were excluded from the remaining T
cells by CD161 and Va7.2 co-expression. The non-MAIT population was then divided into CD4*
and CD8*' T cells.
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Figure 1.4: Gating strategy for neutrophil cell panel.

Viable cells were identified by forward and side scatter, followed by exclusion of doublets on single
cells, and gating on live, CD3-negative events to exclude T cells. Granulocytes were then identified by
forward scatter, within which monocytes and neutrophils were resolved by surface marker staining,
though both represented only a small proportion of the gated events.
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1.3.3 Identifying technical effect caused by flow rate using
FlowAl

There are common technical effects that impact the quality of the data acquisition.
This includes flow rate, signal acquisition and dynamic range. These can be identified
and removed by R package / FlowJo plugin FlowAI (Monaco et al. 2016). FlowAl
reads an .fcs file, identifies anomalies, exports an .fcs file with the anomalies re-
moved, and creates a report of the number of anomalies per file. FlowAI defines
anomalies as recorded events that have one or more of the following characteristics:
1) changes in flow rate 2) instability of signal or 3) outliers in upper/lower limit of
dynamic range. Using these exported statistics, an overview can be obtained of the
number of anomalies over the course of the project (Figure 1.5). With this dataset,
most of the anomalies are due to changes in flow rate. Changes in flow rate will cause
the events to have altered expression profiles, and so are not comparable to the rest
of the data collected during stable flow rate. Changes in flow rate are common at
the beginning and end of data acquisition, particularly if the sample is being ‘run
dry’” and the whole sample is used. Small clogs can form in the fluidics that can be

detected during this step, and the sections of data affected by clogs can be removed.
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Figure 1.5: Anomaly detection

Percentage of anomalies detected by flowAl for each file. The order of the files are in chronological
order in terms of date of acquisition, from left to right on the x axis. This indicates that there
is some variability in the anomalies detected, with a range of 0.28% to 79.35%. For any samples
that were repeated, the value was averaged. High anomaly percentages can arise from batch effects,
instrument fluctuations or handling artefacts introduced during sample acquisition, and this metric
was used alongside the other quality-control steps described in this section to flag samples requiring
closer inspection rather than automatic exclusion.

Detection of anomalous events using f1owAI can be done before any other analysis,
including any gating. Some samples had up to 79.35% of events removed due to poor
quality, suggesting that there are technical issues affecting the data over the course
of the study. Subsequent analysis focuses on immune cell subsets of higher frequency
that are less likely to be affected by technical effect. For this reason, subsequent
analysis focused on CD8 T cells and monocytes, which had a detectable cell type

frequency, found in all . fcs files after the f1lowAI quality control step.
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1.3.4 Peritoneal fluid monocytes and CD8 T cell frequencies
correlate with perioperative complications

After appropriately gating the flow cytometry files, the data was exported from the
gated subsets. The statistics were of each subset as a percentage of live singlets.
Using the cor package in R, it is possible to identify any potential markers that
would be of further investigation. The correlations were calculated using Kendall’s 7
non-parametric test for a rank-based measure of association (Figure 1.6). Kendall’s
T test was most appropriate for the data, compared to other correlation algorithms
as the data was ranked and the flow cytometry marker frequencies were not normally

distributed.
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Figure 1.6: Correlogram of peritoneal fluid outputs with blood markers and patient demographics.

Pairwise Kendall’s 7 correlations are shown between clinical, demographic and flow cytometry-
derived variables, with the size and colour intensity of each square indicating the strength and
direction of the correlation. Variables cluster into four blocks (black outlines), broadly corresponding
to white cell and granulocyte counts, lymphocyte-panel counts, cell-population frequencies, and
clinical or operative measures. The lymphoid and granulocyte/neutrophil measures show a strong
negative correlation with one another, consistent with these representing complementary proportions
of the same leucocyte population.

The correlogram of flow cytometry data and clinical metadata provides insight into
potential candidates for further investigation, as factors that associate with clinical
complications have the potential to be a biomarker. Most of the blood markers
correlate with each other independently, including the granulocyte, neutrophils, and

white blood cell count. CRP strongly correlates with those that develop AL, Age,
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ASA and length of stay (LOS). These factors are already known to correlate with AL,
and CRP is often used in current clinical procedure as a marker for complications.
Age is associated with worse outcomes and so is also expected to correlate with
complications. Length of stay correlates with complications.

The CRP measurement associating with the clinical outcomes suggests that the
cohort here is reflective of previous literature and observations. This measurement
can be used as a proxy for the likelihood of AL, as it is so closely correlated — this

can help with comparisons with continuous data rather than categorical data.

1.3.5 Supervised analysis

Of the peritoneal fluid markers, relative frequency of monocytes and CD8 T cells has
the highest correlation with CRP and with the AL related observations of ‘AL CODE’,
Age, and length of stay.

First, the frequency of monocytes was examined, as it had the highest correlation
to clinical complications (Figure 1.7). Visually, the data shows a higher mean for
the complications and AL group, compared to the group with no complications. In
this data, the group with the complications has the higher mean compared to the AL
group. However, with this smaller sample size, it is not possible to determine if these

means would change with more data collected for individuals with AL.
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Figure 1.7: Mean frequency of monocytes, grouped by perioperative complication.

Grouped plot of mean percentage of monocytes per each perioperative complication group, with
standard error bars for each timepoint per group. AL = anastomotic leak (n=3), C = complications
(n=6), N = no complications (n=31). Monocyte frequency was broadly similar across the AL and
no-complications groups at all three timepoints, while the complications group trended towards a
higher mean frequency by day 3, although the wide and overlapping error bars indicate this difference
is not well resolved with the available sample sizes.

The next factor of the peritoneal fluid data associating with clinical complications
is the relative frequency of CD8 (Figure 1.8). Similar to the frequency of monocytes
(Figure 1.7), the overlap of standard deviation for each of the groups makes it difficult
to determine if CD8 would be a good marker for further investigation. With the
current data available, it is not possible to determine if there is a unique correlation
with the AL group with the frequency of CD8 T cells. CD8 T frequency appears to
drop in the AL group compared to the other groups. Due to the sample size of the AL
group it is difficult to determine if this pattern is applicable to a broader population.
The ability of CD8 T cells to be measured, and indicating a difference at day 2, would

make this an interesting marker for further work.
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Figure 1.8: Grouped mean plot — CD8

Grouped mean plot of percentage of CD8" population per each perioperative complication group,
with standard error bars for each timepoint per group. AL = anastomotic leak (n=3), C = com-
plications (n=6), N = no complications (n=31). The AL group shows a distinct trajectory relative
to the other two groups, rising to the highest mean CD8Y frequency of all groups at day 2 before
falling sharply to the lowest value by day 3, whereas the complications and no-complications groups
both decline more gradually and remain closer together throughout.

1.3.6 Unsupervised analysis

The previous sections discuss the potential uses of manual gating. Another way of
analysis is by clustering the data which allows identification of cell subsets without
predefined gating strategy.

This type of analysis works best with state markers, and with a large panel in
which many different subsets can be identified within the dataset. In this case, the
panels are narrowed to describe very specific cell subsets, so it is not possible to find

subsets that were undefined. The full list of immune subsets are spread across two
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separate panels, and must be analysed separately in this particular dataset. Adding
another method of analysis to the data can also be a test for robustness; if the results

agree, then the data is robust to provide similar results regardless of analysis strategy.

1.3.7 Preparation of flow cytometry data for unsupervised
clustering

Before clustering the data, it must first be transformed and normalised, so that the
differences between cells are by marker expression rather than if a particular marker is
consistently of higher fluorescence. When using FlowJo, the raw data is automatically
transformed. Transformation must be applied manually for this analysis.

The cofactor for each transformation can be adjusted for each parameter. FlowVS
(Azad et al. 2016) was used to determine the best cofactors for hyperbolic arcsine
(arcsinh) transformation of the data (Figure 1.9). FlowVS corrects for a phenomenon
of higher fluorescent values within a population having higher variance. FlowVS
calculates the best possible cofactor with the highest homogeneity of variance using
Bartlett’s test statistic. This is calculated on a representative subset of files, and
applied across all the data. It is possible to clearly identify positive and negative
values after transformation (Figure 1.9). Transformation is common practice, and
crucial, in flow cytometry analysis.

In FlowJo and similar software, transformation is done automatically and uni-
formly across all parameters. By using this method, transformation can be applied
to each parameter individually, providing clearer negative and positive peaks tailored

to each expression profile of each parameter.
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Figure 1.9: Arcsinh data transformation

Representative example of target distribution of intensity for each parameter, using cofactors cal-
culated through FlowVS and arcsinh transformation. Transformation of the data is a required
preprocessing step for flow cytometry data to be able to identify negative and positive peaks. Be-
fore transformation, the raw fluorescence intensity values are heavily right-skewed, with the bulk of
events compressed near zero and a long tail extending to high values, making negative and positive
populations difficult to distinguish on a linear scale.

It is possible to repeat the same sample across every batch to be able to measure
technical effects in the data acquisition over time — this is referred to as an anchor
sample. There are fewer options for normalising data without anchor samples, and is
less likely to completely correct for batch effect as it is unknown to what extent the
fluorescence intensities are attributed to technical effect.

There are some normalisation techniques that can reduce some technical effect.
This data was normalised to reduce batch effect using CytoNorm (Van Gassen et al.
2020). The median fluorescence intensity of the positive and negative for each pa-

rameter was normalised to shift towards a similar pattern across all data — making
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the data more comparable but retaining the difference in frequency between the sam-
ples. The assumptions are that fluorescence intensity changes are related to technical
effect, and that there are similar phenotypes across all samples. As the samples are
all from humans, with the same input material of peritoneal fluid, it can be assumed

that the cell types discovered are comparable.

1.3.8 Factors correlating with highest variation in the data

The two separate panels (Figure 1.10 and Figure 1.11) should be considered sepa-
rately. It is possible to combine panels that have been analysed on the same biologi-
cal samples, but in this case, there are limited shared markers, and the samples have
been treated differently (PBMC extraction for the T cell panel), and so this would
likely introduce errors into the dataset that cannot be corrected.

In this study, the three most common dimensionality reduction techniques were
applied. The goal is to find a dimensionality reduction technique that produces a
graph that separates the cells into discrete clusters. It is then possible to determine if
those clusters correlate with marker, cell type, and clinical metadata. The clustering is
applied solely on the markers, with the clinical metadata applied afterwards; therefore
making the analysis unsupervised and led by the data.

The three dimensionality reduction techniques were PCA (Principal Component
Analysis), UMAP (Uniform Manifold Approximation and Projection) and MDS (Mul-
tiDimensional Scaling). In terms of single cell transcriptomics, UMAP is the most

popular, and is known for preserving global structure of data (Becht et al. 2019)
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Figure 1.10: Dimensionality reduction of neutrophil panel samples.

Plots showing a visualisation of each dimensionality reduction technique, at a sample level, for the
neutrophil panel data. colour corresponding to clinical endpoint (AL = anastomotic leak, C = other
complications, N = no complications. No plots showed separation of samples by the clinical endpoint.
Across UMAP, PCA and MDS, samples from the three clinical groups are interspersed throughout
the projection rather than forming separate regions, and the small number of AL samples (red) fall
within the same range of variation as the larger no-complications group (blue).
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Figure 1.11: Dimensionality reduction of T cell panel samples.
Plots showing a visualisation of each dimensionality reduction technique, at a sample level, for
the T cell panel data, with colour corresponding to clinical endpoint (AL = anastomotic leak, C
= other complications, N = no complications). No plots showed separation of samples by the
clinical endpoint. As with the neutrophil panel, samples from the three groups overlap substantially

across all three ordination methods, with no evidence that clinical outcome drives a distinguishable
transcriptional or phenotypic signature at the whole-sample level.

This analysis is conducted at the sample level, not the cell level, to more effectively
measure any variation as determined by technical and biological effects. This is done
by calculating the median expression for each marker, for each sample, and then

conducting dimensionality reduction on this data to show the differences between
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samples. This removes a lot of nuance from the data and so cannot be used to
determine any specific changes in cell type frequencies. This method can, however,
be used to map covariates to the data and see which factors cause closely organised
cells.

MDS plots show more variation between the samples than PCA because it con-
ducts pairwise comparisons, whereas PCA plots the highest variation. This is why,
for per-sample comparisons, MDS plots can be more useful in detecting batch effect
over PCA.

MDS worked best, in this cohort, in clustering the samples into discrete groups.
Therefore, this reduced data was taken for further analysis, to see what clinical data

correlates with the groups defined in the MDS plot.

The MDS plot allows correlation of variability within the data with:

e Technical issues during acquisition
e (Clinical endpoint

e Other covariates; including age, sex, and BMI

Next, the covariates associated with these groupings can be evaluated, as found
with the MDS plot (Figures 1.10(c), 1.11(c)). Using random forest modelling, it
is possible to determine which covariates, as collected in the clinical and technical
metadata, have the highest correlation with the variation in the data. This compared

the two clusters identified by MDS plot, with the following model:

Cluster ~ Sex + CRP + Age + AL _CODE + BMI + ASA + LOS + day

The random forest model classifies the data using the covariate values, in relation
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to one of the two clusters. The model can then remove one variable at a time, and
run the model again to see how accurate the model is to the original with a modified
or removed variable. The greater the effect of the removal of the variable, the more it
is considered important. Showing importance of each variable, alongside the factors
that explain the most variance, can be useful to identify singular factors of interest,
removing less informative covariates (Figure 1.12).

The mean decrease accuracy plot (Figure 1.12) measures the accuracy of the model
if each variable was removed from the model. The Gini coefficient measures how
much each variable helps to make useful splits in decision trees (reducing impurity)
- therefore, the higher the mean decrease in Gini, the more useful that factor is for
splits in decision trees, and therefore is considered more important.

Both measurements are useful in determining the variables that explain the most
amount of variation within the dataset. In the analysis of both panels, BMI, age and
length of stay are considered the most important variables. Other, hidden variables -
including, but not limited to technical effects - can also be driving these changes to a
greater degree, but the metadata to measure this is not available (as batches are the
same as biological samples so it would split one-for-one). As discussed earlier with
manual gating, length of stay is correlative, not causative. Age, BMI and sex are well
known covariates that should be accounted for during analysis. In this case, it is not
possible to correct for these covariates, as this would require an increase of sample

size.
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(b) Random forest model - T cell panel.
Figure 1.12: Random forest model results for neutrophil and T cell panel

Random forest model, showing covariates that drive the difference between the two clusters as
defined by the MDS plot. Each of the 8 most important factors in the data are shown on the y-
axis. The left plot shows mean decrease accuracy, which is the global importance (if this factor is
dropped, the model becomes less accurate). The right plot shows the mean decrease gini, which is
how much the factor, when used to split a node in the decision tree, provides two groups that have
most of the classes separated. BMI and age were consistently the most influential covariates by both
measures, while clinical variables directly related to outcome, such as AL CODE and CRP, ranked
comparatively low, suggesting that the two clustéd identified by MDS were more strongly driven by
demographic differences between patients than by the perioperative complication itself.



1.3.9 Dimensionality reduction

Although there is no means to control for covariates as identified in the previous
section (in particular, age and length of stay), it is still possible to investigate if there
are any markers of interest in the flow cytometry data that stand out for further
investigation in the future.

Different dimensionality reduction techniques were run to visualise which dimen-
sionality reduction technique separates the data reasonably and into clusters of sus-

pected cell types (Figures 1.13, 1.14).
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Figure 1.13: Dimensionality reduction: T cell panel

UMAP, TSNE, PCA, MDS dimensionality reduction for all cells within the dataset. Each sample
was randomly downsampled to 1000 cells. Most informative are UMAP and TSNE. Six meta-clusters
(coloured) were resolved with varying degrees of separation depending on the method: UMAP and
t-SNE produced the most distinct, well-separated groupings, whereas PCA and MDS showed greater
overlap between neighbouring clusters.
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Figure 1.14: Dimensionality reduction: Neutrophil panel

UMAP, TSNE, PCA, MDS dimensionality reduction for all cells within the dataset. Each sample
was randomly downsampled to 1000 cells. As with the T cell panel, UMAP and t-SNE gave the
clearest separation of the six meta-clusters, while PCA and MDS showed more overlap between
clusters, particularly among the smaller clusters.

MDS works particularly poorly at a single-cell level as it requires an extremely
high amount of computing power, as it attempts to conduct pairwise analysis of every
cell compared to every other cell - for this reason, fewer cells are shown in this plot
(100 cells per sample). In all cases, the clustering is calculated using FlowSOM.

UMAP and TSNE worked well for dimensionality reduction corresponding with
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the FlowSOM clustering — with UMAP being slightly easier to discern different clus-
ters as they are more polarised compared to TSNE. Using the UMAP, there are a
handful of clusters that align with FlowSOM clusters. After clustering, it is then
possible to calculate relative abundance of each cluster, split by either by cell type,
sample or by clinical complication group.

The best way to visualise which markers drive the expression profile of each cluster
is with a heatmap of the T panel and neutrophil panel samples (Figures 1.15, 1.16).

These show the relative marker expression for each FlowSOM cluster.
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Figure 1.15: Heatmap of neutrophil panel meta-clusters

Heatmap showing the scaled median expression of each of the type markers in the neutrophil panel.
The left side of the heatmap shows the cluster ID (the same ID as in Figure 1.14). The right side of
the plot shows the number of cells that are in that cluster ID, as a percentage of all cells. The x-axis
shows the cell type markers in the neutrophil panel, which should be used with the heatmap to define
distinct cell types for each of the clusters. The markers and cluster IDs are ordered in similarity to
the other cell type makers and cluster IDs, similarity shown in dendrograms on the border of the
heatmap. Cluster 1, the largest population at 40.38% of cells, was distinguished from the others
chiefly by higher relative CD19 expression alongside low CD3, while clusters 2 and 6 together showed
the highest CD3 and SIGLECS expression, consistent with these six clusters resolving several major
leucocyte lineages rather than neutrophils alone.

The first heatmap is for the neutrophil panel (Figure 1.15). This showed very
little variation in the dataset overall, but some differences could be seen with this
normalised heatmap. Cluster five represents 0.14% of the data and appears to have
high expression in all markers. This is very likely to be debris, but only represents

a small proportion of the data. 5.74% of the data is SIGLEC™ only, which could be
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eosinophils — though CD15 would also be expected to be high if that were the case.

The two clusters which have a seem the most logical, in terms of their relative
abundance and with the markers they express, are cluster 1 for CD19" B cells and
cluster 6 for CD3% T cells. The remaining clusters do not have an expression profile
that connects with any known cell subset.

The next heatmap is of the T cell panel (Figure 1.16). Compared to the neutrophil
panel, this showed high variation between the clusters and some unique cell types
could be identified. The greater variance in this dataset compared to the neutrophil
panel is likely due to higher quality data acquisition and a higher number of immune
cells analysed due to the enrichment of PBMCs with gradient separation (a processing

step that was not possible for the neutrophil panel samples).
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Figure 1.16: Heatmap of T cell panel meta-clusters

Heatmap showing each cluster with the relative expression of each marker. The right side of the
plot shows the number of cells that are in that cluster ID, as a percentage of all cells. The x-axis
shows the cell type markers in the T cell panel, which should be used with the heatmap to define
distinct cell types for each of the clusters. The markers and cluster IDs are ordered in similarity to
the other cell type makers and cluster IDs, similarity shown in dendrograms on the border of the
heatmap. Cluster 8, the largest population at 47.78% of cells, showed relatively high expression of
CD27, CD4 and CD161, consistent with a conventional CD4% T cell phenotype, while the smaller
clusters were distinguished mainly by differential expression of CD8, V§2 and PanGD, reflecting the
panel’s design to resolve both conventional and v§ T cell populations.

This heatmap shows some potentially interesting markers, that map to immune
cell subsets to be expected. However, for the more rare subsets, the number is too
low to infer any statistical meaning between the groups. The most abundant cell
cluster in this dataset is cluster 8 and cluster 3 representing a combined 68% of

the cells. This contains CD4" CD27* cells. Both CD27 and CD3 appears to be of
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consistent expression in nearly all clusters, and so indicates that these markers do not
have variance across the dataset and cannot be used to effectively define cell types.
Cluster 5 and 2 represents a combined 25% of the dataset and shows CD8* (though
low CD3 expression as with all clusters). Cluster 1 shares markers associated with
with MAIT cell markers and CDS8, which is not a defined cell type. Cluster 4 has a
relatively high expression of CD3, V42, CD161 and CD26. This cluster could be a ~¢
T cell subset, although potentially also having somewhat high CD4 expression which
would not be compatible with the definition of yd T cells. Cluster 7 is defined by
equally high V2 expression, not compatible with current understanding of v T cells.
Finally, cluster 6 has both V2 and Va7.2 markers, which again is not compatible with
current definitions of immune cell types. Overall, it is not possible to be confident
with these findings with just this dataset.

The dataset with the highest variance in the data was the T cell panel data. This
also had more observations with more cells being recorded and higher quality data
acquisition. The most compelling definition of a particular cluster was the definition
of CD8 T cells as CD8T in cluster 5 (Figure 1.16). Therefore, the next step was to
compare the CD8" cells defined with clustering against the cells that were defined
using manual gating (Figure 1.17). This was done by comparing the relative frequency
of CD8* cells from both methods for each sample and applying a trend-line. The plot
shows a flat-to-negative correlation, whereas a correlation would be expected if the
two methods were comparable. This indicates that, as the methods are not correlative,
the outputs from the two methods either by clustering or with manual gating are not

comparable.
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Figure 1.17: Values of clustering plotted against manual gating for identification of CD8 T cells,
with a limma trend applied.

There appears to be a slight negative (-0.25) correlation between the two values. This indicates that
the identification by clustering provided very different results compared to the manual gating. Fur-
ther studies would be required to determine which method is most accurate for this particular study.
CD8 resolved well in both manual gating and clustering individually. The scatter is widely spread
around the fitted trend line, with several samples showing high manually gated CDS8 frequencies but
very low clustering frequencies, illustrating that the two approaches did not consistently agree on
the size of this population even where each method’s underlying data quality was acceptable.
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1.4 Discussion

One of the aims of this chapter was to assess the use of peritoneal fluid as an in-
put for immunophenotyping. Between both the manual gating and the unsupervised
clustering, it was possible to detect immune cells. With a larger cohort and more
complex panels, this could lead to an ‘immune atlas’ of cell types found in peritoneal
fluid after colorectal resection. The other aim of this chapter was to determine if the
relative abundance of immune cells could be calculated to ultimately differentiate be-
tween the group that develop anastomotic leak and the group with no complications.
Despite using separate methods to define the cell types, it was not possible to define
the anastomotic leak group using the data that had been collected. A larger cohort
and improved technical quality control may provide a dataset that can differentiate
between the two groups.

The analysis of peritoneal fluid in this study demonstrates that immune cell pro-
filing is feasible even when statistical power is limited. Some differences were found
within the clinical cohort, and cell subsets were extracted from the data. The robust-
ness of the data was tested by applying multiple, independent analysis techniques
to test what method provides more reliable and translatable findings. Technical ef-
fects and covariates which can confound the data could be identified and described.
This is a common problem with many flow cytometry projects and being able to
distinguish what is driving variance in the data is an incredibly useful quality check
tool. As more sophisticated analysis become commonplace, and studies with spectral
machines become more competitively priced and accessible, fully understanding the
data and identifying any confounding factors is fast becoming a crucial part to the

analysis workflow which must be considered.
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Although these results show that technical issues were observed, this study estab-
lishes that peritoneal fluid analysis is measurable and exhibits biologically relevant
variability across the cohort. Importantly, this represents the first application of
peritoneal fluid immune profiling in perioperative recovery following colorectal resec-
tion. The markers identified here show promise for larger studies, particularly if data
collection consistency and batch correction are improved.

To be able to discern if this effect was statistically significant between groups, if
the method of data acquisition stayed the same, 246 individuals with AL would need
to be recruited. In this study, there were 3 individuals that had AL. However, with
improvements to methods, namely by reducing technical effect, it is hypothesised
that the cohort size could be much lower while still being appropriately powered.
Potentially, cell type frequency, clinical metadata and systemic measurements could
be combined for a score that could be specific to AL patients. In this case, the
potential cell types that could be used for this would be monocytes and CD8 T cells.

Visually, some samples looked drastically different between the groups — but this
was not statistically significant, and the inability to isolate the technical and bio-
logical effect means that the true causes of the variability within groups cannot be
further defined. Repeating the study with the same samples would elucidate if any

improvements to the practical workflow would remove some variability within groups.

1.4.1 Flow cytometry analysis of peritoneal fluid

Phenotyping by flow cytometry is a common method applied across many clinical
studies. Despite using the same methods, it is not usually possible for data to be

combined across studies. This is because people use a variety of different immune
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markers, different machines, and different sample preparation. Longitudinal studies
are more likely to experience issues such as different operators, variation on sample
preparation, machine laser drift, and different batches of fluorescent antibodies. This
can mean that over the course of a project there can be measurable phenotyping
differences within the data that is driven by technical effect.

There are a number of different methods that are often utilised across many studies
to correct for batch effect, with most accessible through FlowJo. The introduction of
these packages into FlowJo allows usage of these packages to a much broader audience
of biologists who are more comfortable with a user-friendly graphical user interface,
rather than using the command line interface. A popular package is FlowAI (Monaco
et al. 2016), an R package and FlowJo plugin that can identify anomalous recorded
events predominantly caused by changes in flow rate. The differences in expression
over the course of a study in most cases is small, and implementing FlowAlI is sufficient
for extracting statistics by manual gating. Manual gating is the most common method
of analysis for flow cytometry data — as this is often used to identify a specific, directed
question, and gated flow cytometry plots can provide a visualisation of differences
between groups that is easily interpretable.

If positive and negative populations are discrete, manual gating and adjusting
gates can reduce some technical variation. Markers for flow cytometry can be defined
as either ‘state’ or ‘type’, where type markers define a lineage and are often either
present or absent from the cell surface, whereas state markers can be on a continuum
of expression, and present across different cell types, such as memory related markers.
The gating of state markers is much more difficult, therefore, as variation caused by

technical effect along a continuum will not be possible to discern from any differences
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in biological variation.

Correcting for most technical batch effect will depend on the experimental design.
Many ways to reduce the influence of technical batch effect must be addressed before
data acquisition. Many Cytometry Time-Of-Flight (CYTOF) and flow cytometry
studies include an ‘anchor’ sample. This could be, for example, multiple aliquots of
a PBMC sample from the same timepoint and individual. This can then be included
in each subsequent batch with experiment samples. Any expression profile changes
to the anchor samples across batches can be identified as technical batch effect, and
so all other experiment sample expression can be adjusted to the same amount as
required to make the expression profile of the anchor sample the same across batches.

Another method of batch correction would be to run calibration beads which
have consistent fluorescent profiles within most common lasers and filters. Calibration
beads have the same fluorescent intensity and relative abundance for each peak across
entire studies, and so any changes to this profile over time can be defined as technical
batch effect. The benefit of using calibration beads is that they are independent
of antibody staining, and so can detect changes that are influenced by changes in
staining method or due to different batches of antibodies from suppliers. They do not
represent a typical expression profile of a cell, however, so having both calibration
beads and an anchor sample of the same species would be advantageous to identify
and correct for many different forms of technical batch effect. They have been used
frequently across studies and have the practice is well documented (Perfetto et al.
2012).

There are ways to remove batch effect of many different types with published

packages in R. Packages such as iMUBAC and CytoNorm rely on assumptions of
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biological variability across batches, and can attempt to correct these expression pro-
files. These packages were initially benchmarked with CyTOF data but the methods
can be applied to flow cytometry data (Ogishi et al. 2021). Although these methods
work best with the addition of anchor samples, it can work without anchor samples.
However, for the data in this analysis, each batch corresponds to a single individual
which makes the normalisation much more challenging.

Clinical covariates — including ASA score, cancer stage and type, and surgical
approach (laparoscopic vs. open) should be accounted for in future analyses. Systemic
clinical data, such as CRP, serve as proxies for inflammation, which could be better
leveraged in larger datasets.

Also shown here was an alternative to manual gating by implementing dimension-
ality reduction and clustering of data. This would remove the issue of gate place-
ment of differentiating cells being subjective and difficult to reproduce. This method
provides a more unsupervised analysis, being able to more confidently identify rare
populations across the whole dataset.

Clustering data is not as easily interpretable as with manual gating, especially to
an audience of biologists. Different dimensionality reduction techniques and clustering
methods can present the data very differently, and finding the method that best
represents the data is not always clear. Therefore, manual gating and unsupervised
clustering have different strengths and the methods can be applied in parallel.

The usage of flow cytometry is widespread, but the application of bioinformatics
techniques in this area is disparate. Most biologists analyse data with closed-source
software such as FlowJo, and so there has not been a huge demand to improve the field

with open-source software. A big jump in more pipelined workflows with open-source
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data began in 2009 with an R package FlowCore (Hahne et al. 2009). This package
became the base of most bioinformatics workflows as the initial way to manage and
import flow cytometry files into R. However, not many significant changes to the
workflow has occurred since then, with most packages published since then being
focused on per-sample quality control metrics such as FlowAl. The idea of creating
packages and workflows for importing, checking quality, producing statistics, and
exporting the high quality trimmed data is not new, and has been very successful in
other fields.

Flow cytometry data is difficult to standardise across projects. The main reason
is that the markers measured vary so much between experiments, depending on the
investigator’s particular hypothesis, making it unlikely that data across different labs
will be able to be combined. Another reason is that there is a significant amount of
batch-effect within projects but also across projects. There are many different ways
to control for batch effect, but this is not considered as standard and most projects do
not include this. Considering the highly variable outputs across different experiments,
there is a limit, due to experiment design, preventing much more information to be
inferred.

Some improvements have been made to have flow cytometry data made more
accessible for other researchers to interpret, such as FlowRepository (Spidlen et al.
2012), or more general repositories which includes some flow cytometry data, such
as ImmPort (Bhattacharya et al. 2018). There have been many attempts for making
flow cytometry data more accessible and collaborative, but the uptake by researchers
is minimal. There needs to be a substantial change in perception towards making

flow cytometry data public for these repositories to become a more popular source of
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data.

In recent years, the capabilities of flow cytometry has greatly improved with spec-
tral machines becoming more popular across institutes. It is now possible to have 40
colour panels whereas previously panels were limited to around 12 colours. It will
be possible to have multiple studies in which the same panel is used; allowing very
specific questions to be asked for the specific project, but also a broader picture of
different immune states will be collected across projects. This provides an exciting
foundation in which many different projects can be pulled together and analysed to
get a broader understanding of immune states across many different conditions, and

across many different projects.

1.4.2 Key findings in immune profiling

The most prominent and measurable changes in peritoneal fluid were observed in
monocytes. Monocytes are present in the peritoneal fluid after acute infection be-
cause they are rapidly recruited from peripheral blood in response to locally produced
chemokines and cytokines, as documented in peritoneal dialysis patients (Zhou et al.
2015). Their accumulation reflects an early immune response, as monocytes migrate
to the peritoneal cavity to differentiate into effector cells that mediate pathogen clear-
ance and tissue repair (Shi & Pamer 2011). A rise in monocytes on postoperative day
2 could provide valuable clinical information, though this requires validation. It could
be possible, that with the addition of another marker such as monocyte frequency
combined with CRP level, AL could be more accurately defined at early stages than
is currently possible, which is around day 2 to day 3 post operation.

CDS8 T cells correlated with increasing CRP levels, but results were not robust

o6



due to inconsistencies between manual gating and clustering. Nevertheless, CD8
remains a candidate marker for future investigation. CD8 T cells may be among the
earliest responders at sites of bacterial or surgical insult because they are abundant,
rapidly recruited, and detectable using flow cytometry from day 1. Alternatively,
their recruitment could reflect localised antigen presentation and cytotoxic activity
at the infection site. Future studies could test whether CD8 levels correlate with early

infection markers, abundance, or tissue-specific immune activation.

1.4.3 Context of peritoneal fluid analysis in other diseases

The use of peritoneal fluid has been studied in other diseases. In a clinical con-
text, peritoneal fluid can be analysed to monitor and detect for bacterial infection
of peritoneal dialysis patients, along with many other measurements (Colombo et al.
2024). Phenotyping of peritoneal fluid in the clinic is much less common. Immune
cell analysis in peritoneal fluid has shown that monocytes and macrophages dominate
inflammatory responses, while T cell populations vary with infection and dialysis du-
ration. Such data suggest that peritoneal fluid can provide a window into immune
activation that complements systemic measures, and has potential for providing more
information in a clinical context.

Peritoneal fluid has been used to study endometriosis, providing insights into
local immune responses in chronic inflammatory conditions. In endometriosis, peri-
toneal fluid contains elevated macrophages and altered differentiation of monocytes
(Na et al. 2008). Analysis of immune cell subsets, including regulatory T cells, cy-
totoxic T cells, and monocytes, can inform disease mechanisms and guide potential

immunomodulatory interventions.
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1.4.4 Interpretation and clinical implications

Future studies could apply the same panel or broader panels to better characterise cell
types, or even a cell atlas of expected immune cells found in peritoneal fluid across all
patients during colorectal resection. Existing cell atlases from endometriosis patients
could provide a comparative framework, or expected baselines. (Guo et al. 2020).
CRP remains a robust systemic marker but is non-specific and delayed. It may
serve as a predictor when combined with peritoneal fluid markers, providing insight
into local versus systemic inflammation. Expanding immune panels and including
matched blood samples would strengthen baseline characterisation and interpretation.
Data robustness remains a concern. Manual gating likely removes debris more
effectively than clustering but introduces subjectivity and reproducibility challenges.
Future studies could optimise sample processing to detect innate immune cells such

as MAIT and 70 T cells and test correlations with postoperative complications.

1.4.5 Clinical cohort size and power calculations

There is limited research on the usage of peritoneal fluid in this context, especially
with acute disease. This thesis analyses a cohort of 41 individuals of which 3 individ-
uals developed AL. This pilot study can determine if it is possible to measure changes
in peritoneal fluid and if the samples can be processed and analysed at scale, with
reproducible results. After the pilot study, power calculations can provide a better

estimate of required cohort size.
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1.4.6 Sample Size Power Calculation

The current data does not allow identification of any statistically significant differ-
ences in relative abundance of immune cells between the groups. There are some
markers that show more promise as a marker than others, such as monocytes. A
sample size power calculation can provide an estimate for the number of individ-
uals required to measure this difference between the groups and achieve statistical
significance.

This is dependent on the quality of data collection and processing staying the
same as was done in this study. The focus of this analysis is the relative frequency
of monocytes at day 2, as this had the highest correlation with the clinical data
suggesting it is most associated with perioperative complications. The hypothesis is
that there is a measurable difference in immune cell abundance at day 2, so the power
calculation was made with the day 2 samples.

A power calculation was run with an alpha (Type I error) rate of 0.05, and a
power of 80% (i.e. a Type II error rate, 3, of 20%), for the chance of being able
to detect a difference between groups if that exists, reducing the chance of a false
negative. With the frequency of monocytes as a reference the estimate is 246 patients
in the anastomotic leak group to show a statistically significant difference between the
groups. In practice, it is likely that fewer patients would be required if the consistency

between data collection, processing and analysis could be improved.
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Power calculation parameters

Table 1.5: Statistical Parameters for Sample Size Calculation

Parameter Value
Population mean (1) 3.9
Observed AL mean () 4.4

Difference to detect (6 = 3 — po) 0.5

Population standard deviation (o) 2.8

Significance level () 0.05 (two-sided)
Power (1 — f) 0.80

Power calculation formula

For a one-sample two-sided t-test (approximated by normal distribution):

n = ((Zl—a/2 J;Zl—ﬁ) '0>2

This calculation shows that 246 individuals would need to be recruited in the AL
group to reach statistical significance, if the difference in frequency of monocytes

between the groups stays consistent.

1.4.7 CRP is an accurate predictor of AL

CRP has the best correlation with complications, and the CRP value of the AL
group is visually distinct at day 2. CRP is able to define the AL group (Figure 1.18),
both in this cohort and more generally in clinical practice. This dataset has clinical
observations associated that are already recorded in as part of standard practice.
These other observations, combined with peritoneal fluid analysis, could improve

identification of patients with AL earlier than just CRP on its own. This combination
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score did not improve specificity in this case, and could be due to technical effect,
small cohort size, or small effect size. Further investigation with a larger cohort
could improve this method of classification, or with the addition of other peritoneal
associated markers such as neutrophil/lymphocyte ratio. The CRP measurement
cannot be used to specifically identify the AL group at day 1, but could be possible
with a combined score. Day 1 postoperative classification of AL with high specificity

would allow for earlier treatment and could improve recovery reduce AL associated

morbidity.
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Figure 1.18: Grouped mean plot — Blood CRP

Grouped mean plot of CRP levels in peripheral blood of each complication group, split by timepoint.
AL = anastomotic leak (n=3), C = complications (n=6), N = no complications(n=31). This data
was collected as part of routine patient monitoring. The AL group increases CRP level rapidly after
day 2 compared to the other groups. By day 3, the AL group’s mean CRP had reached approximately
370, roughly double that of the complications and no-complications groups, which remained close
together across all three timepoints; the wide error bars in the AL group, however, reflect the small
sample size (n=3) underlying this trend.
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1.4.8 Future direction

The data collected allowed for the identification of cell types that were present in
peritoneal fluid, and changes of relative abundance between patients could be mea-
sured. This analysis sets a benchmark for future work, with an expected required
number of patients for the study and expected immune cell subsets. Future work
should focus on improving batch correction, expanding panel breadth, integrating
systemic markers, and accounting for clinical covariates. Larger, optimised studies
could confirm the utility of peritoneal fluid profiling for early detection of infection or
postoperative complications, and help develop composite predictive scores combining
local and systemic markers.

The manual gating and batch-effect correction approaches used in this study,
together with consensus from recent literature, informed the proposed workflow (Fig-
ure 1.19). This is a similar workflow to Spasic et al. (2024), and Den Braanker et al.
(2021), both published recently and with a focus on ~40 colour panel spectral data.
Establishing a pipeline for spectral data is important, larger panels with as many as
40 colours cannot be easily presented in gating. Entire datasets can be presented
with clustering the data, and can also identify biological and technical effect in the
data. Spasic et al. (2024) conduct batch correction of the data using the Harmony
algorithm, with no anchor samples. They then use this data to suggest that this can
be used to identify cell types that are uniquely present or absent in specific diseases,
such as chronic lymphoblastic leukemia. However, the reproducibility and specificity
is questionable, as it would not be possible to be confident in the identification of cell
types without appropriate anchor samples. An experimental design with more con-

trols could have allowed for more direct comparison of the different conditions, and
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therefore greater confidence in the results. This indicates the need for standardisation
and validation of data analysis pipelines when considering analysing flow cytometry
data beyond traditional gating methods.

Harmony is a very popular batch correction algorithm, initially validated in single
cell RNA sequencing data (Korsunsky et al. 2019). Since then, this has been applied
to CyTOF data and flow cytometry data, with packages published data processing
and analysis such as CyCONDOR (Kroger et al. 2024). This batch correction is more
appropriate with more markers in the panel, and for correcting larger datasets, to
reduce overcorrecting to a small dataset of samples that do not fully represent the
population.

The translation of methods from scRNA to flow cytometry indicates the potential
for other techniques to be applied to flow cytometry data. For example, the python-
based scVERSE uses numerous machine learning techniques to detect, for instance,
batch effect, differential abundance, and perturbation (Virshup et al. 2023). Some
of these methods could be applied to flow cytometry data, but would likely prove
most informative at a much larger scale (with more biological replicates, a complex
panel, and millions of cells per sample). A larger cohort of 100+ individuals and a
more complex panel would enable validation of these more advanced machine learning

methods in the context of flow cytometry.
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Figure 1.19: Preprocessing pipeline

Proposed pipeline for preprocessing flow cytometry files, based on consensus of recent literature
(Den Braanker et al. 2021, Kroger et al. 2024, Spasic et al. 2024). The pipeline proceeds from raw
fcs files through filename standardisation and metadata generation, automated quality control with
flowAl, basic gating and batch correction, before unsupervised clustering, cluster annotation and
finally differential expression or abundance testing, with intermediate outputs retained at each stage
for review.
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CHAPTER 2

UNCONVENTIONAL T CELLS:
RESPONSE TO ACUTE BACTERIAL
INFECTION

2.1 Introduction

2.1.1 Unconventional T cells

The immune system is generalised into the adaptive and innate immune response.
This consists of innate immune cells that are germline encoded and characterised
by rapid response to antigens with pattern recognition receptors (PRRs), which are
stimulated by conserved structures of bacteria, fungi and viruses. Innate immune
cells are often highly specialised and localised to specific tissues, responding quickly
to infection at barrier tissues. Innate immune cells include natural killer (NK) cells
and neutrophils.

The adaptive immune system involves immune cells that respond to novel infec-

tions that would otherwise not stimulate an innate response. This includes T cells,
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which undergo somatic recombination of their T cell receptors (TCRs) at the cell
surface, allowing them to react to foreign peptides presented by antigen presenting
cells (APCs) along with cytokine stimulation to aid clearance of novel pathogens.

T cells of the adaptive immune system can be further classified as ‘conventional’
and ‘unconventional’. Conventional T cells have CD4 or CD8 receptors and carry out
somatic recombination of the a and S loci, producing a range of TCRs with broad
reactivity to antigens. Unconventional T cells include vd T cells, which undergo so-
matic recombination of the v and ¢ loci, producing TCR chains with a much fewer
combinations and a smaller repertoire. v0 T cells are often situated at tissue barriers,
and respond to recognised pathogens with innate-like kinetics; much faster than con-
ventional immune cells. This summary, and Table 2.1, provide a condensed overview
of the concepts discussed in the reviews by Hu et al. (2023) and Pasman & Kasper
(2017).
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2.1.2 0 T cells facilitate immune response to bacterial infec-
tion
A distinct, innate-like function of V49/V§2 T cells is their ability to recognise (E)-
4-hydroxy-3-methyl-but-2-enyl pyrophosphate (HMB-PP), a metabolite produced by
many microbial pathogens (Carding & Egan 2002). This recognition is assisted by
expression of butyrophilins (BTN) — specifically BTN3A1 and BTN2A1, which are
expressed on the cell surface of human V49/V§2 T cells along with other blood
lymphocytes (Rhodes et al. 2016). Butyrophilins can be considered as regulators
of 70 T cell response through indirect or direct binding of the TCR. This response
to HMB-PP by V~49/V§2 T cells make them potent and fast-acting in protection
against most Gram-negative bacteria, and some Gram-positive bacteria including
Corynebacterium, Mycobacterium and Clostridium (Kaminski et al. 2021).
V~9/Vé2 T cells with a T follicular helper (Tth)-like function are present in sec-
ondary lymphoid tissues and have been shown to provide B cell help. V~9/V§2
undergo HMB-PP dependent elevated IL-21R and CXCL13 expression (Vermijlen
et al. 2007). This characteristic v Tth-like function promotes B cells recruitment
to lymph node follicles assisting in B cell maturation (Bansal et al. 2012). Tissue
specificity provided by the humoral environment allows vé T cells to perform their
various functions at the appropriate time. v0 T cells are often found to be crucial to

mounting an initial immune response, particularly with bacterial infection.

2.1.3 The role of v T cells in inflammation

~v6 T cells have been found to take part in many roles, including regulation of inflam-

mation and early-stage immune response (Figure 2.1)
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Figure 2.1: Tissue specific honing of vd T cells

The tissue and role specificity of v6 T cell subsets. Schematic showing the effect of cytokines
for homing of v§ T cells for tissue and role specificity. vd T cells develop in the thymus before
migrating to peripheral blood as V49V §2 cells or homing directly to epithelial tissues as Vil or Vi3
subsets. From peripheral blood, cytokine cues direct vd T cells to distinct functional niches: IL-15
promotes homing to the intestinal epithelium, IL-21 supports a CXCL13-secreting phenotype in
secondary lymphoid tissue, and IL-2, in the context of infection, drives an IFN-v-secreting response
in secondary tissues.

IL-2, a T cell growth factor, rescues the function of Vy9/V§2 T cells in chronic
inflammation (Costanzo et al. 2015, Fay et al. 2016), indicating a role of IL-2 in a
pro-inflammatory environment to activate vd T cells in which IFN-+ production and

macrophage recruitment enables the destruction of pathogens.
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2.1.4 ~0 T cells at the intestinal barrier

IL-22, initially characterised as a Thl cytokine, is central to epithelial barrier func-
tion, particularly in the intestine. Functions of IL1.-22 production in this environment
include inducing antimicrobial peptides. CD4" T cells have been documented to pro-
duce 1L-22 and I1-17 when stimulated by innate lymphoid cells (ILCs), requiring an
IL-6 microenvironment (Yang et al. 2020).

Previous work has sought to further understand mechanisms for IL-22 regulation.
Microbe-responsive Vy9/V§2 T cells were found to acquire APC function (V~9/Vé2
T-APC) and stimulate CD4+ T cells in the absence of IL-6. This stimulation by
V~9/Vo2 T cells is also unique; stimulated CD4" T cells did not promote IL-17
production. Whereas 1L-2 and IL-15 each supported upregulation of a gut-tropic
chemokine CCR9 expressing V79/V§2 T cell phenotype, the closely related cytokines
IL-7 and IL-21 failed to induce CCR9. IL-21 does induce APC markers of yd T
cells, but IL-7 showed no significant APC induction. The polarisation of CD4* T
cells by V49/Vé2 T cells requires the presence of microbial ligand HMB-PP, which is
produced by many bacteria associated with the intestine (Tyler et al. 2015).

Together, this supports the current understanding of the immunosurveillance role
of v T cells at the intestinal epithelium, and that vd T cells activated by bacterial
pathogens can assume distinct effector functions depending on the microenvironment;

including the ability to promote the polarisation of CD4™ T cell effector subsets.
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2.1.5 Understanding the role of v6 T cells in regulating in-
flammation

Research from the Eberl lab [Eberl, unpublished| suggests that IL-10 production is
increased in naive and memory CD4" T cells in the presence of v T cells in an HMB-
PP dependent IL-21 microenvironment. IL-10 is prominent in the intestinal epithe-
lium, and levels of IL-10 provide immunoregulation in a balance between tolerating
intestinal commensal bacteria and inducing an inflammatory response to bacterial
pathogens that cross the intestinal barrier.

With this, the aim was to further understand the gene expression profile of
V~79/V§2 APC T cells in an IL-21, IL-15, and IL-2 environment. This would enable
inference of the potential cell surface protein expression and could inform a regula-
tory mechanism by which V49/V§2 APC T cells in an intestinal microenvironment

encourage a CD4™ effector phenotype.

2.1.6 Selecting conditions for investigation

IL-21, IL-15 and IL-2 conditions were selected as cytokine environments for this cell
culture experiment. Previous research demonstrated that upon activation in the
presence of IL-2 or IL-15, microbe-responsive human V~9/V§2 T-cells acquire APC
function and polarise CD4" T-cells towards expression of interferon (IFN)-vy and IL-
22, respectively (Tyler et al. 2017).

IL-21 is related to IL-15, and high expression of IL-21 is correlated with inflam-
matory bowel disease (IBD) (Toskas et al. 2023). IL-21 production is associated with
CD4™* helper T cells, and functional outputs include the induction of NK cells, which

are known to cause chronic inflammation in IBD patients (Yadav et al. 2011).In re-
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lation to 79 T cells, IL-21 has been shown to induce lower levels of CD4" T cell
proliferation and lower levels of I[FN-v. IL-15 and IL-21 are two conditions related
to modulating immune response at mucosal barrier of the intestine, and good candi-
dates for further investigation on the characterisation of v T cell activity during an
inflammatory response in the intestine. Not only would this improve knowledge of
the mechanism by which v0 T cells are regulated, it could also inform what cell types
would be expected during an initial acute response after anastomosis surgery.

The most appropriate assay for this investigation was transcriptomic analysis by
RNA sequencing. This data can be used to identify candidate IL-21-dependent genes,
including surface receptors and ligands, that could mediate regulatory crosstalk be-

tween Vy9/Vé2 T-APCs and CD4™1 T cells.

2.1.7 Aims

There are two main aims of this chapter. First, to determine the transcriptional
changes induced in v T cells by clinically relevant cytokine environments (IL-21,
IL-15 and IL-2). Second, to identify candidate genes and pathways, with particular
focus on the pro-inflammatory IL.-21 environment, that may explain the mechanistic
role of vd T cells in regulating CD4™1 T cell responses during acute bacterial infection.
Differential gene expression analysis was used to identify up- and downregulated genes

that may contribute to known immune-related pathways.
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2.2 Methods

2.2.1 RNA sequencing

This work focused on the bioinformatic pipeline of sequencing data; there was no
involvement in the data acquisition or experimental design of the cell culture experi-
ment. Cell culture experiments were previously conducted by other members of the
lab to investigate vd T cell mediated immune modulation. In these experiments, v¢
T cells were co-cultured with monocytes at a v T cell:monocyte ratio of 1:10 and
stimulated with 10 nM HMB-PP, either alone or in combination with 100 U/mL IL-2,
20 ng/mL IL-15, or 20 ng/mL IL-21. HMB-PP was used as a specific activator of vd
T cells. Previous findings had shown that v§ T cells activate monocytes. Based on
this, the co-culture system was considered an appropriate and physiologically relevant
model for studying v interactions. After three days in culture, CD3*V§2+ T cells
were selected by cell sorting using a FACS Aria IT (BD Sciences), to purities >99.8%.
RNeasy Micro Kit (Qiagen) and examined qualitatively and quantitatively using the
TapeStation 2200 system (Agilent) and a Qubit fluorometer (Thermo Fisher Scien-
tific).Samples were subjected to paired-end sequencing with 75 bp reads on a NextSeq

500 sequencer (Illumina), generating >50 million reads per sample.

2.2.2 RNA Sequencing data analysis

RNA sequencing data were processed using the Nextflow (Di Tommaso et al. 2017)
nf-core (Ewels et al. 2020) RNASeq (version 3.14.0) pipeline, using the Hisat2 aligner,
and removing ribosomal reads. The Binary Alignment Map (BAM) files produced
from this pipeline were then used as input for featureCounts (Subread package, ver-

sion 2.0.1), to obtain a count table. The reference genome used for alignment and
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feature counting was the ENSEMBL (Martin et al. 2023) Homo sapiens GRCh38
(version 108). Each step in the pipeline was assessed for quality, per sample, using
MultiQC (version 1.17) (Ewels et al. 2016). The count table was then imported into R
version 4.3.1 (2023-06-16) using RStudio IDE version 2023.6.1.524 (Posit team 2023).
Differential gene expression analysis was carried out using DESeq2 (version 1.42.0).
Genes with an adjusted p-value less than 0.05 were considered differentially expressed.
Differential expression visualisation was conducted using EnhancedVolcano (version
1.20.0). Volcano plots show a log2 fold change of 2.5 as a dashed reference line to
highlight genes with a larger effect size, and genes exceeding this fold-change thresh-
old, or of specific biological interest, were labelled by gene name. Fold change was
therefore used to guide interpretation and highlight genes of interest, rather than as
an additional statistical criterion for the differential expression results reported in the

text and tables.

2.2.3 Data availability

The config files and settings for processing the raw RNA sequencing files to produce a
count table is found here: https://doi.org/10.5281/zenodo.12790718. The anal-
ysis of the count table, including the differential analysis and plots, can be found here:
https://doi.org/10.5281/zenodo.16903807. The raw fastq files can be found
here: https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-13875

, and was used as part of this research article: https://doi.org/10.1093/discim/kyae008.
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2.3 Results

2.3.1 Experiment design

The goal of this experiment was to determine if there were any genes differentially
expressed in the selected cytokine environments. The conditions of interest were 1L-2,
IL-15, and IL-21, with an unstimulated condition as the control group. Three biolog-
ical replicates were included for each condition (Table 2.2); there were no technical
replicates. The samples went through library preparation and these samples were

split across two independent sequencing runs.
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Table 2.2: RNA sequencing sample metadata

Sample ID  Healthy donor ID Condition

MERNA1 D1 IL-2
MERNA2 D1 IL-15
MERNA3 D1 IL-21
MERNA4 D1 IL-7
MERNA5 D1 Unstimulated
MERNA6 D2 IL-2
MERNA7 D2 IL-15
MERNAS D2 IL-21
MERNA9 D2 IL-7
MERNA10 D2 Unstimulated
MERNA11 D3 IL-2
MERNA12 D3 IL-15
MERNA13 D3 IL-21
MERNA14 D3 IL-7
MERNA15 D3 Unstimulated

Metadata of sequencing samples: healthy donor ID and cytokine condition. D1, D2 and D3 corre-
sponding with biological replicate IDs. Each condition in triplicate, for a total of 5 conditions and
3 biological replicates.

2.3.2 Quality control

Before analysis, the data was processed from raw sequencing files to a count table,
which was then used for analysis. This includes the use of well-documented, stan-
dardised workflows that include quality checking measures to identify any potential
issues with the data. The files directly from the sequencer are fastq files, which are
just base-called sequences. Then, the data underwent transcript trimming, riboso-

mal read removal, and gene counting to create a count table. The series of packages
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used are documented in the nf-core Nextflow pipeline that was used for this data
(version 3.14.0), including BBSplit for ribosomal sequence removal and HiSAT?2 for
sequence alignment. A schematic of this pipeline can be found on the nf-core web-
site (https://nf-co.re/rnaseq/3.14.0). This stage of data processing was done
on the Cardiff University High-Performance Computer (HPC) cluster (Supercomput-
ing Wales), as these steps are computationally intensive and this workflow can be
conducted non-interactively. The pipeline generates reports which can be reviewed
retrospectively to ensure all steps were completed successfully.

At each step, MultiQC was performed, to identify any issues with the files during
the processing steps. MultiQC assesses the quality of the output files for each of the
processing steps. Of note, MultiQQC shows a warning across most samples for high GC
content, high per-base sequence content, high duplication and high overrepresentation
of sequences. The high GC bias is a common problem with sequencing data, as GC
rich regions are more stable. This may indicate that some sequences are lost during
library preparation, that were low in GC content. As this effect is across nearly all
samples, this data is still comparable between these samples, as they were prepared
in the same batch and the technical effect of that is likely to be uniform across the
samples. Other potential issues with data include overrepresentation of sequences,
which is further investigated in section 2.3.3.

After the processing steps, the genes were mapped to a reference human genome
and the genes were counted using FeatureCounts package, to produce a count table.
The count table is the final output from the pipeline, and can be loaded in R, in which

analysis of group-wise differential expression was performed.
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2.3.3 Sequencing saturation

The overrepresented sequences found during the MultiQC check can indicate that
there was sequence bias during library preparation. To further investigate this, a
sequence saturation estimate of the data was conducted (Figure 2.2). This was used
on the fully mapped and feature counts table to run an estimate of how deep the
sequencing was. This is done by random sampling of the data, to determine, of each
random sample, how many genes are ‘new’. A new random sampling of genes was
then generated for the remaining data and the ‘new’ genes were recorded. This was
repeated for the entire dataset. The result of this was how many random sampling
events before no more genes are recorded. This provides some certainty that all of
the genes that were available in that sample have been found. In this data, a plateau
was reached for all samples — indicating that the samples have been deeply sequenced.
The sequencing was run twice, and both reached a plateau individually. Therefore, it
is unlikely to change the results if the analysis is of just one sequencing run, or both
sequencing runs combined. For the sake of completeness, both count tables for the
sequencing runs were combined. As they were of the same library preparation, of the
same samples, run on the same sequencer, and with very similar MultiQC reports,
there was no problems detected by combining this data in the way of introducing any

technical effect.
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Figure 2.2: Representative example of sequencing saturation.
Two sequencing runs were performed on the same samples. This sequencing saturation plot visu-
alises random sampling and discovery of genes across the dataset. This shows that the samples all
reached sequencing saturation. All five conditions (IL-2, IL-7, IL-15, IL-21 and unstimulated) show
near-identical saturation curves, plateauing at just under 12,000 genes above threshold once read

depth exceeds approximately 2.5 million reads, indicating that sequencing depth was sufficient and
comparable across conditions.

2.3.4 DESeq2 Differential expression workflow

The DESeq2 package and proposed workflow is well established and very popular
(Love et al. 2014). The first step was to transform the data. This allows for more

relevant comparisons between samples. The variance stabilised (VST) object can
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then be visualised (Figure 2.3). Most of the genes would be expected to be of low

variance, with some genes being highly variable across the samples.
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Figure 2.3: VST transformed RNA sequencing data

Genes from all samples ranked by variance, of variance stabilised transformed data. This shows that
most datapoints (genes) are around zero in terms of variance, with some genes being highly variable
with an increase in standard deviation. The red trend line remains relatively flat across the full
range of mean expression rank, indicating that the variance stabilising transformation was largely
successful in removing the dependence of variance on mean expression that is characteristic of raw
count data, although a number of high-variance outlier genes remain visible above the main band.

2.3.5 Identifying highly variable genes

Highly variable genes were assessed compared to all conditions, to see if the variance is
described by any of the conditions (Figure 2.4). This allows assessment of whether the

variance in the most highly variable genes (HVGs) also correlates with the different
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conditions or biological replicates. Some HVGs were related to collagen, including
the most highly variable gene, COL5A3.

Although there was variability between biological samples, it is still possible to
conduct other comparisons to see what other genes have expression profiles that may

correlate with conditions regardless of biological replicate or potential technical effect.
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Figure 2.4: Heatmap showing variance across all samples

Heatmap of the genes with the highest variance across all samples. Of the samples that were treated
with IL-21, one donor has very difference variance compared to the other samples. This may be due
to biological or technical effect. The two IL-21 samples from donor D3 form a distinct cluster with
strongly reduced expression of genes such as ZBED2, IL2RA, IFNG, SOCS2 and the proliferation
markers MKI67 and ASPM relative to all other samples, while genes including TNFRSF8, IGHM,
MMP9, LYZ and CXCLS8 are correspondingly elevated in these two samples, underscoring how much
this single donor’s IL-21 response diverges from the rest of the cohort.
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2.3.6 Dimensionality reduction of RN A sequencing data

A common method to further characterise the RNA sequencing data is to conduct
a PCA plot (Figure 2.5). This attempts to fit as much of the variance in the whole
dataset in 2 dimensions, at a sample-wise level. PC1 and PC2 explains 61 and 17
percent variance respectively. This enables visualisation of the similarity of the sam-
ples with respect to each other. The datapoints were colour—coded to the associated
metadata to see what correlates with the variance in the data. Shown here are the
samples coloured by condition, and this plot shows that the IL-21 condition is most
similar to each other, and different from the rest of the samples. This is mostly notice-
able in PC1, which explains 61% variance. This makes the IL-21 condition the best
candidate for further investigation to understand what differential gene expression
drives the cohort-wide variance. The samples were also colour—coded by technical
metadata, and there was no correlation with PC1 and PC2. There is one 1L-21 con-
dition sample that is further apart from the other samples of the condition — as with
the previous figure (Figure 2.4), healthy donor 3, condition IL-21 (MERNA13) sits
apart from the rest of the data indicating it has a unique expression profile that is
very different to the rest of the samples. However, this does not cause the greatest
variance, and MERNA13 is still closer in similarity to the rest of the I1.-21 condition

samples compared to the rest of the samples.
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Figure 2.5: MDS plot of RNA sequencing dataset

Multidimensional scaling (MDS) plot showing variance in the dataset for each sample. Samples are
colour—coded by condition. I1-21 is clustered together across biological replicates are share similarity
within the group, different to the rest of the samples. The other conditions do not show obvious
difference based on sample variance. The three IL-21 samples span the widest range along PC1,
which explains 61% of total variance, from the most tightly grouped condition on one axis to the
most extreme sample overall, again reflecting the disproportionate influence of donor D3 on this
condition’s expression profile.

2.3.7 Identifying differentially expressed genes

The next comparison is the IL-21 condition group against the IL-2 and IL-15 condi-
tions, to identify differentially expressed genes that are unique to IL-21 stimulation.
This can indicate genes and differentiation pathways that vd T cells undergo during

specific inflammatory conditions.
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When comparing to unstimulated, many housekeeping genes such as collagen re-
lated genes were identified as differentially expressed. To further understand the more
subtle differences between the different cytokine stimulations, IL-21 was compared to
the other two cytokine stimulation conditions. This comparison can be seen as more
informative because this compares against samples that have some cytokine stimula-
tion, rather than comparing to the unstimulated sample. Therefore, volcano plots for
IL-21 vs IL-2 and IL-21 vs IL-15 were produced (Figure 2.6).

Of note, CXCL13 and TNFRSF8 (CD30) was up-regulated in IL-21 compared to
both IL-2 and IL-15 conditions. CSF2, SOCS2, LTA, DUSP6, CEACAMI1, IFNG,
OSM pro-inflammatory genes are downregulated in IL-21 compared to IL-2 and IL-
15. There are some non-immune-related genes that were differentially expressed in
the IL-21 group. COLG6A3 is enriched in IL-21 condition. This could be due to
contamination of other cells, potentially with stromal cells being present during the

cell culture experiment.
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2.4 Discussion

The aim of this chapter was to characterise vd T cells during acute inflammation at
the intestinal barrier with an in vitro experiment. FACS sorted 76 T cells were RNA
sequenced to measure gene expression changes between the different condition groups.
This data has shown upregulation of inflammatory genes that attract immune cells

in the IL-21 pro-inflammatory environment.

2.4.1 Cohort size

The cohort size of this experiment is small. There are three biological replicates
(donors) for each condition, and no technical replicates. Donor D3 shows a similar
gene expression profile for both IL-21 (MERNA13) and IL-15 (MERNA12), indicating
that the highest variance in donor D3 is explained by donor origin, not condition. In
the plot showing the overall highest variance in the data (Figure 2.4), this means that
the IL-15 condition of donor D3 is clustered with the rest of the IL-21 condition sam-
ples. Unlike donor D3, the gene expression profiles of donor D1 and D2 were similar
within each condition, and comparing IL-21 to IL-15 condition, show relative upregu-
lation of TNFRSF8, COL6A3 and IGHM, with downregulation of SOCS2, CSF2 and
LTA. Donor D3, however, shows downregulation of TNFRSFS, seemingly showing the
opposite relative expression as found in donor D1 and D2 for some genes. This then
affects the overall analysis downstream. For example, when showing a condition-wise
comparison of all the data, TNFRSFS is not one of the most differentially expressed
genes (Figure 2.6).

It is not possible to determine if donor D3 is representative of the population,

if they are a non-responder, or if a technical error occurred during the cell culture
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experiment. All the data passed quality checking, and so there appeared to be no
technical issues with the library preparation and sequencing. There is no reason
to remove donor D3 from analysis, as there is no evidence of any technical problems
during data acquisition. More biological replicates would determine if this a biological
or technical effect. With only three donors in this experiment, it is not possible to
determine what causes this gene expression difference between donor D3 and donors
D1 and D2, and so was included in subsequent analysis.

The most obvious difference between conditions can be shown with an MSD plot
(Figure 2.5). The MSD plot shows that the IL-21 condition clusters exclusively,
which is not visually apparent in the other conditions. The other conditions are not
as obviously clustered, and so the variance appears to be explained by donor ID as
much and condition. It could be that there is a small effect size in these conditions,
which cannot be measured with this cohort size, or that there is no change between
unstimulated condition and the IL-15 and IL-7 conditions. As IL-21 drives the most
unique change in the data, this then became the focus of the analysis, and was used
as the comparator against [L-2 and 1L.-15 to characterise what genes are differentially
expressed in IL-21.

Pathway analysis is another method of inferring a potential function response.
This is commonly done using gene set enrichment analysis. In this case, however,
with the small cohort and with one individual with a different gene expression profile
to the other two, the data was not high-powered enough to look at gene sets to
known pathways. Considering that this is a cell culture experiment, it may not
provide physiologically relevant results. Therefore, in this case, the most differentially

expressed genes were identified and described, and further studies would be required
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for understanding functional output.

A likelihood-ratio test was also used as a multivariate approach, testing for dif-
ferential expression across the four conditions of Unstimulated, IL-2, IL-15 and IL-21
simultaneously rather than in pairwise contrasts, and this identified a substantial
number of significant genes. 1L-7 was not included in this model, as it was used as a
negative control condition: despite being a closely related y-chain cytokine, IL-7 does
not drive the same functional response in vd T cells as 1L-2, IL-15 and IL-21, so it
was excluded from this comparison of active cytokine environments. However, which
genes reached significance differed from the pairwise comparisons above, reflecting the
variability between donors D1, D2 and D3: because D3’s expression profile is so dif-
ferent from D1 and D2, the IL-21-associated genes highlighted above were repressed
in this joint model. The clearest way to distinguish differences between conditions
remained the pairwise Wald test, as shown in the volcano plot (Figure 2.6). With
only three biological replicates per condition and no technical replicates, this remains
a limited cohort for any multivariate model, and general guidance for RNA sequenc-
ing experiments recommends substantially larger replicate numbers to reliably detect

differential expression (Schurch et al. 2016).

2.4.2 1IL-21 condition — Differentially expressed genes

In an IL-21-rich environment with CD4 T cells, 70 T cells show a transcriptional shift

that appears to be an immunoregulatory phenotype rather than cytotoxic.
Upregulation of CXCL13 suggests involvement in B-cell recruitment and tertiary

lymphoid structure (TLS)-like organisation. Increased TNFRSF8 (CD30) is asso-

ciated with T cell activation and co-stimulatory signalling with CD4™ T cells (Cui

89



et al. 2024). FCRL2 (statistically significant in only one comparison, IL-21 vs IL-2)
is associated with regulating B cell function (Jackson et al. 2010).

Concurrent downregulation of DUSP6 and SOCS2 indicates relief of negative feed-
back on cytokine signalling. Reduced CSF2 and LTA expression suggests that the
functional role of v T cells are not pro-inflammatory in this IL-21 environment.

Collectively, these changes suggest 76 T cells may participate in shaping adaptive
immune architecture and regulate CD41 T cell response, likely promoting localised

immune organisation and regulation rather than direct effector inflammation.

2.4.3 Tertiary lymphoid structure

Both CD30 and CXCL13 expression increased in the IL-21 environment compared to
IL-15 and may suggest that v0 T cells are also interacting with, or regulating, B cell
recruitment and a humoral response.

Multiple studies have found that CD30 deficient mice lose sustained germinal
centre formation, indicating a role of CD30 in facilitating an adaptive immune re-
sponse — though this has been contradicted by an older study from one lab group
(Van Der Weyden et al. 2017). CD30 upregulation is also associated with certain
lymphomas and is a potential target for immunotherapy.

IL-10 upregulates CXCL13 in lung macrophages and monocyte-derived macrophages
through activation of the JAK/STAT pathway (Zhao et al. 2024). Previous work by
the Eberl lab has shown that vd T cells, co-cultured with CD4 T cells, show an
increase in IL-10 expression.

Taken together, this indicates that vd T cells may be associated with tertiary lym-

phoid structure (TLS) assembly in gut-associated lymphoid tissues, and corroborates
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with published literature concerning the role of CXCL13 in driving tertiary lymphoid
structure assembly and recruitment of cells related to the humoral immune response.
Further investigation in JAK/STAT pathway would further bolster this.

This study shows the utility in applying robust workflows to the data. The adop-
tion of standardised workflows like those in NF-Core ensures analytical consistency
and enhances the reproducibility. This analysis shows the upregulation of CXCL13
and CD30 in the context of IL-21 stimulation. This indicates the role of v0 T cells in
orchestrating tertiary TLS formation through recruitment.

These findings support a broader model in which «§ T cells contribute to immune

response to both the tumour microenvironment and acute infection.

2.4.4 Future direction

As described above, further work would include more biological replicates to deter-
mine if donor D3 is representative of a broader population. Repeating the experiment
with technical replicates would also improve confidence in the data.

This analysis has indicated a role of JAK/STAT pathway modulation in the IT.-21
condition, and so experiments with JAK/STAT reporter cell lines would show if this
pathway is being activated in the IL-21 environment compared to the other cytokine
conditions.

Co-culture with B cells and measuring germinal centre-like differentiation (such as
BCL6) would also indicate if the CXCL13 upregulation found in the RNA sequencing

data translates to a functional TLS response.
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DISCUSSION

~v6 T cells are tissue specific, innate immune cells that can launch an early immune
response against bacterial infection by releasing inflammatory related markers at the
site of infection to recruit other circulatory immune cells, regulating that response,
and clearing infection. Previous work has found that v T cells can modulate CD4*
T cell response to infection, causing an increase in IL-10 production of CD4" T cells.
This indicates that v T cells have a regulatory role. These findings have shown that
the response of v T cells to infection is dependent on the environment surrounding
them, as shown by the RNA sequencing data in the presence of 1L-21.

The largest variance between the groups was described in the difference between
IL-21 and the other conditions. Directed by the data, IL-21 samples were then char-
acterised relative to all other groups. The unstimulated condition did not have the
most variance compared to the other groups. This enabled a model for comparison
at the different mucosal barriers, and what made IL-21 so unique in comparison. A
number of genes upregulated in the IL-21 condition that are also potential targets for

further investigation and are associated with immune cell recruitment and initiation
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of immune response, such as CXCL13 and CD30.

Improving the quality of flow cytometry data

When expecting small changes in population frequencies in flow cytometry data,
the traditional manual gating of flow cytometry can be highly subjective, which can
cause a lack of reproducibility and may prevent the detection of subtler populations
with lower overall frequency. As discussed further in Chapter 1, an alternative is to
implement dimensionality reduction and clustering of the data; this removes the sub-
jectivity of gate placement and can more confidently identify rare populations across
the dataset, but is more susceptible to technical effects and less readily interpretable
to a biology audience, so a dataset with stringent quality control remains vital.

Regardless of downstream analysis, the initial steps of preprocessing are the same.
Removing debris, selecting for live cells, removing doublets, and selecting CD45%
leukocytes is best done via manual gating. The initial removal of debris then allows
for greater confidence in visualisation of data with manual gating, and this gated
data can be exported and analysed by clustering without debris and doublets creating
technical noise.

Finding biomarkers associated with complications of anastomosis surgery would
be valuable. Current methods include patient observations and an increase in blood
CRP. Although measuring blood CRP level is sensitive, it is not specific. Further,
determination of AL using blood CRP levels are often only statistically significant
3 days after operation. The initial hypothesis was that cell types can be identified
and changes can be measured in peritoneal fluid 1 and 2 days after operation. With

further investigation, it could be possible to further characterise the peritoneal fluid
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and find biomarkers associated with postoperative complications that are identifiable
before elevated blood CRP levels. This is shown by the fact that immune cells were
detected from day one post surgery. Being able to identify a large number of immune
cells at an early stage could provide a better picture of the recovery of the patient,

rather than relying on the delayed, systemic and non-AL-specific CRP marker.

Workflows and pipelines

There is a benefit of the use of pipelines with RNA sequencing data; for citation, repro-
ducibility, and accessibility. Either informal (list of packages) or formal (Nextflow)
pipelines can be used in these cases and have helped standardise expected output
and results that can be compared across labs with confidence. In these cases, input
material causes very few changes to the pipeline. This only becomes more niche and
experiment-specific if using species other than human and mouse, where there may
not be a robust reference genome.

This was standardised further as sequencing became more common and afford-
able. This would be considered unsupervised data analysis, as all available genes are
sequenced and mapped, with the highly variable genes being selected after.

Initially, microarray data was a popular method of sequencing, and this would
be considered supervised data. Over time, the methods of sequencing have moved
toward total gene expression, and the packages and workflows have evolved with this
trend.

With flow cytometry data, there is less of a standardised pipeline. The input and
measurable markers are incredibly varied, and there is less standardisation in machine

function, and quality and content of output. These methods of directed, supervised
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analysis will be difficult to pipeline for everyone, like was done for RNA sequencing
data.

An advantage to flow cytometry is the accessibility, cost-effectiveness, scalability,
and customisability. Flow cytometry is ideal for longitudinal studies, and the prepa-
ration and analysis of samples can be standardised and end-users can be trained with
relative ease.

A substantial issue with flow cytometry data is the technical effect. This can
happen within a single session, over the course of a project, and most notably between
machines. Historically, the way to overcome this is to manually gate on populations,
and make comparisons of change within a cohort, not across different cohorts. This
cross-machine and cross-lab technical effect creates a lot of variability in the quality
of the data produced.

With the advent of spectral machines, the output has become more consistent,
without the need for complex batch correction to make the data comparable across
experiments. Further, spectral machines are able to measure many more markers
compared to traditional flow cytometry — panels can now contain up to 40 markers,
whereas traditional flow cytometry typically had a maximum of 15 markers. Some
large panels have already been optimised and would be a potential improvement to
the current experimental design (Barros-Martins et al. 2022). This allows for more
consistent panels across studies. The benchmarking of clustering methods in this
thesis is the proof of concept of preprocessing and presenting flow cytometry data, in

readiness of flow cytometry data that will become more complex in the future.
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Conclusion

These two studies show the highly context-dependent role of vd T cells as regulators
of mucosal immunity, particularly in an IL-21 environment. The identification of key
mediators such as CXCL13 and CD30 indicates the role of vd T cells for immune
cell recruitment and, potentially, a contributory role for the generation of tertiary
lymphoid organs, linking innate response and adaptive immunity. These insights
open avenues for targeted modulation of v§ T cells in chronic inflammatory diseases
like Crohn’s disease, where aberrant IL-21 signalling may drive inflammation. Im-
proving the reproducibility of flow cytometry analyses will be critical to advancing
understanding of these complex cellular interactions, especially when applied to larger
studies in the future. Combining knowledge from both studies provides more informa-
tion of potential markers to study. For example, as CXCL13 appears to be influential
in the immune response of v T cells, and therefore could be measured in periopera-
tive anastomosis patients via ELISA of peritoneal fluid. CD30 is associated with T
cell activation, and so could be a potential marker in peritoneal fluid during acute
infection; however, this could be obfuscated by CD30 also associating with tumour
development. With the identification of new potential markers, future work would
include applying markers identified in cell culture to patient samples. This could
elucidate both the nuanced regulatory functions of v T cells and offer a therapeutic

potential in bowel-related infection and inflammation.
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