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Abstract

Introduction: Pneumonia remains a leading cause of morbidity and mortality
worldwide. Beyond antibiotic treatment, disease severity hinges on how monocytes
balance immune defence and tolerance, a process which may paradoxically worsen

outcomes.

Background: Emerging evidence links monocyte “tolerance” in CAP to DNA
methylation and metabolic shifts, yet why patients differ in cytokine output remains
unclear. We hypothesized that transcriptional changes in monocytes underlie this

heterogeneity.

Methodology: The study included samples from a previously executed prospective
observational investigation of CAP patients and control subjects (ELDERBIOME;
NCT02928367). Specifically, RNA-seq data of monocytes purified from 75 patients,
stimulated with LPS- or not. In addition, TNF-a levels in supernatants were used to
stratify samples as LPS responders or non-responders. Read libraries were prepared
using the KAPA RNA HyperPrep Kit with RiboErase. Sequencing was performed on
the lllumina HiSeq 4000 platform. Bioinformatics included standard quality control
metrics, graph-based read alignment, and subsequent DESeq2 modelling, and

pathway/network enrichment.

Results and Discussion: At padj < 0.01, LPS reshaped expression of 7,033 genes
(3,878 upregulated; 3,155 downregulated). Enrichment pinpointed heightened
cytokine and interferon pathways, with type | interferons (IFNB1) strongly induced.
TNF-a stratification revealed two distinct monocyte states: high responders
amplified interferon signalling and HLA class Il expression; low responders favoured

antioxidant, ECM, and solute transport programmes.

Conclusion: These findings uncover transcriptional blueprints explaining patient-
specific monocyte behaviour in CAP. Understanding this immune polarity could
guide strategies to rebalance hyperinflammation without compromising pathogen

clearance.
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1. INTRODUCTION

Pneumonia continues to be one of the most significant infectious diseases
worldwide, causing widespread illness and mortality while straining healthcare
systems (Musher and Thorner, 2014; Cilloniz et al., 2016). Among its various forms,
Community-Acquired Pneumonia (CAP) remains a particularly severe concern,
frequently leading to hospitalisation and even death, despite notable progress in
antimicrobial treatments and medical care (Torres et al., 2014). Its incidence follows
a distinct “U”-shaped pattern, disproportionately affecting two vulnerable
populations: neonates, whose underdeveloped immune systems struggle to mount
an effective defence (Cilloniz et al., 2016; Musher and Thorner, 2014), and the
elderly, who face age-related immune decline, chronic illnesses, and diminished
vaccine efficacy (Torres et al., 2014). Beyond these groups, individuals with pre-
existing conditions, including diabetes, chronic respiratory diseases or
immunosuppressive therapy, are also at a heightened risk of severe CAP and its
complications, making the disease a persistent global health challenge (Torres et al.,
2014).

CAP is often classified as an acute respiratory infection and its effects do not always
end with clinical recovery. For some patients, immune function remains impaired
long after the initial infection has resolved, leaving them highly susceptible to
secondary infections, prolonged hospital stays, and, in severe cases, sepsis
(Hotchkiss et al., 2013b, 2013a). This long-term immune dysfunction is not unique
to CAP; similar post-infectious immune suppression has been documented following
severe influenza (DeWolf et al., 2022), bacterial sepsis (Hotchkiss et al., 2013b;
Shalova et al., 2015), and even Coronavirus Disease 2019 (COVID-19) (Gupta et al.,
2025; Skevaki et al., 2025). Understanding why some individuals recover fully while
others remain immunologically compromised is a critical, yet unresolved question in

infectious disease research.



While the mechanisms of immune suppression in sepsis are well studied, the
molecular basis of CAP-induced immune dysfunction remains largely unexplored,
particularly in patients who do not develop sepsis (Hotchkiss et al., 2013b, 2013a).
Some research suggests that CAP-related immune suppression may mirror sepsis-
induced immunosuppression, where monocytes remain dysfunctional long after the
acute infection has resolved, leading to the heightened risk of secondary infections,
such as nosocomial infections and worse clinical outcomes (Hotchkiss et al., 2013b;
Shalova et al., 2015). However, whether CAP and sepsis share the same underlying
immunological mechanisms, or represent distinct forms of immune dysregulation, is
still unknown (Allam et al., 2023; Brands et al., 2021; Otto et al., 2022), highlighting
the need for further investigation. Despite increasing awareness of these long-term
immunological consequences, the specific molecular events driving CAP-related
immune suppression remain poorly characterised, particularly regarding how
monocytes, as key innate immune cells, are transcriptionally altered during recovery

(Brands et al., 2021; Reijnders et al., 2023).

Monocytes are crucial regulators of innate immunity, serving as first responders
during infection and playing a key role in maintaining immune balance (Ginhoux and
Jung, 2014; Jakubzick et al., 2017). Their plasticity allows them to rapidly adapt in
response to pathogens and inflammatory signals, ensuring an effective and
proportionate immune reaction (Ginhoux and Jung, 2014). However, in CAP, this
adaptability can take an unexpected turn, where monocytes may become
functionally reprogrammed, entering a state of immune tolerance in which cytokine
production is significantly reduced (Biswas and Lopez-Collazo, 2009; Brands et al.,
2021). While this shift may serve as a protective mechanism to prevent excessive
inflammation, it can also weaken host defence to secondary infections (Brands et al.,
2021). Understanding what drives this monocyte reprogramming is crucial for
unravelling the mechanisms of CAP-related immune suppression (Wiersinga and van
der Poll, 2022).



Ex vivo studies provide compelling evidence that monocytes from CAP patients
display widespread immune suppression when exposed to Escherichia (E.) coli
Lipopolysaccharide (LPS) stimulation, leading to reduced production of both pro-
inflammatory cytokines (Tumour Necrosis Factor (TNF), Interleukin (IL)-1B) and
regulatory cytokines (IL-10) (Biswas and Lopez-Collazo, 2009; Brands et al., 2021).
This suggests that CAP-induced immune tolerance is not merely a selective
suppression of inflammatory pathways, but it appears to involve a broader functional
impairment of monocytes (Brands et al., 2021). However, this effect is not universal
as, while some CAP patients appear to recover normal monocyte function relatively
quickly, others remain in a state of prolonged immune dysfunction, highlighting
inter-individual variability in immune reprogramming (Otto et al., 2022; Palma
Medina et al., 2023; Ritchie and Singanayagam, 2020). Growing transcriptomic
evidence suggests that persistent metabolic reprogramming, especially in
cholesterol biosynthesis, may drive long-term monocyte dysfunction and immune
vulnerability in CAP survivors (Brands et al., 2021). Research now indicates that
transcriptional reprogramming outmatches epigenetic modifications as the primary
cause of monocyte dysfunction (Brands et al., 2021; Lorente-Sorolla et al., 2019). A
complete restructuring of immune gene expression has been shown through the
identification of approximately 3,000 Ribonucleic Acid (RNA) transcripts during
acute CAP (Brands et al, 2021). The epigenetic modifications found in
Deoxyribonucleic Acid (DNA) show limited distribution across specific regulatory
sites like Deoxyribonuclease Hypersensitive Sites on Chromosome 22 (DNase-HS-
Chr22), while showing minimal evidence of global methylation patterns (Brands et

al., 2021; Lorente-Sorolla et al., 2019).

Pathways that involve cholesterol metabolism emerge as key contributors to
immune tolerance among the transcriptional changes identified in Brands et al.
(2021). Metabolic programmes function as regulators of cytokine systems while
maintaining a suppressed state of monocytes (Brands et al., 2021). The emerging

data reveal several gene-level and regulatory changes in CAP patients but the



complete network of pathways that regulate this immune tolerance needs more
comprehensive mapping (Koelwyn et al., 2018; Otto et al., 2022). A comprehensive
molecular study is essential for two purposes: understanding both the initiation and
maintenance of this reprogramming process and creating specific immunotherapies

for vulnerable CAP patients (Spann et al., 2012).

The clinical field recognises post-infectious immune suppression in CAP but lacks an
approved biomarker to detect patients experiencing prolonged immune dysfunction
(Hotchkiss et al., 2013b). Standardised indicators are absent which prevents
monitoring of immune recovery and patient stratification for early clinical
interventions (Hotchkiss et al., 2013a). The link between sepsis and monocyte
dysfunction persists through reduced cytokine production and widespread
transcriptional alterations (Hotchkiss et al., 2013b; Lorente-Sorolla et al., 2019) but
similar immunological patterns have not been fully studied in non-septic CAP cases
(Brands et al., 2021). Recent research found hair zinc content to potentially correlate
with CAP severity, but this correlation is exploratory and lacks validation as an
immune biomarker (Nasution et al., 2024). Personalised management strategies
remain difficult to execute because current assessment tools for immune status

following CAP are not reliable.

The essential unresolved issue in CAP-related immune suppression becomes even
more complex when considering personalised treatment approaches, because
immune tolerance shows substantial differences between patients (Urban et al.,
2022). The unrevealed variables which affect immune recovery variability stem from
individual metabolic characteristics and sex-related immune system variations
between patients (Brands et al., 2021; Klein and Flanagan, 2016; Takahashi et al.,
2020). The analysis of these factors would assist scientists in discovering molecular
markers which reveal immune tolerance patterns (Brands et al., 2021). The
identification of biomarkers for patient stratification along with the creation of
targeted therapeutic approaches for CAP-associated immune suppression would be

supported by such findings (Urban et al., 2022).



The main obstacle in understanding this process lies in determining the exact genes
and pathways responsible for immune suppression. The research method of
Differential Expression of Genes (DEG) analysis serves as a valuable solution to
identify the transcriptional changes which define immune dysfunction (Schuurman
et al., 2021; Severino et al., 2014). This method enables researchers to differentiate
immune-tolerant monocytes from active pro-inflammatory monocytes, thus
revealing crucial molecular networks that maintain suppression and therapeutic

targets (Brands et al., 2021; Schuurman et al., 2021).

Using a computational method, this research builds upon Brands et al. (2021) to
investigate the differences in LPS-induced immune tolerance among monocytes
from CAP patients. The mechanisms behind CAP monocyte suppression have been
documented (Brands et al., 2021), yet the cause of extended tolerance periods in
some patients, while others recover quickly, remains unknown (Hopp et al., 2018;
Kullberg et al., 2022). The research investigates how distinct cytokine responses
relate to transcriptional differences while focusing on their impact on post-CAP
immune suppression susceptibility (Hopp et al., 2018). Through RNA sequencing
(RNA-seq) data analysis, this research plans to discover molecular patterns which
explain immune suppression continuation in specific individuals and the effects of
monocyte reprogramming on patient outcomes (Brands et al., 2021). The main goal
of this research is to determine TNF-a production, a classic pro-inflammatory
cytokine, after ex vivo LPS stimulation (Brands et al., 2021). By comparing controlled
monocytes treated with Roswell Park Memorial Institute (RPMI) medium (serving as
a baseline control) and monocytes stimulated with LPS, this study will identify DEGs
related to both immune suppression and recovery mechanisms by performing bulk
RNA-seq (Brands et al., 2021; Love et al., 2014). Through this approach, this research
aims to describe molecular pathways that govern monocyte dysfunction, identifying
which genetic programmes sustain immune tolerance (Brands et al., 2021,
Subramanian et al., 2005; G. Yu et al., 2012). These changes in gene expression may

provide new targets for therapeutic interventions to enhance monocyte function in



CAP patients (Otto et al., 2022). Furthermore, this study will also address another
critical aspect of this research that involves the analysis of sex differences in
monocyte immune tolerance. Males and females show different immune responses
in various infectious diseases (Klein and Flanagan, 2016; Scully et al., 2020;
Takahashi et al., 2020). However, does this difference exist in the context of CAP-
induced immune suppression? This study will perform sex-stratified transcriptomic
analyses to reveal whether biological sex affects monocyte programming and if it
contributes to the observed variability in immune tolerance outcomes (Brands et al.,
2021; Maher et al., 2022). These findings can inform the development of
personalised immunomodulatory approaches, considering sex-specific factors in
future therapeutic strategies for CAP-related immune suppression (Maher et al.,
2022).

Cytokine responses are important for understanding immune function, yet they
account for only a limited aspect of the overall immune response. This study will
extend cytokine profiling by analysing DEGs, biological pathways, and protein
interaction networks related to LPS-induced immune tolerance to gain a
comprehensive understanding of CAP-induced immune suppression (Brands et al.,
2021; Love et al., 2014; Szklarczyk et al., 2023). This research aims to identify
molecular signatures that can be used as biomarkers for risk stratification and
precision medicine approaches through bulk RNA-seq data and in-depth
computational analyses (Subramanian et al., 2005; T. Wu et al., 2021; G. Yu et al,,
2012). Christaki and Giamarellos-Bourboulis (2014) emphasise that the
identification of precise immune phenotypes is the first step toward developing
biomarkers and personalised interventions in infectious diseases (Christaki and

Giamarellos-Bourboulis, 2014).

Understanding the molecular mechanisms behind immune tolerance in CAP is not
only important for improving the outcome of pneumonia patients but also may apply
to other post-infectious immune syndromes (Hotchkiss et al., 2013b; Shalova et al.,

2015). Long-term monocyte reprogramming could have implications in post-viral



conditions, bacterial sepsis and chronic inflammation-associated diseases (Brands et
al., 2021). By revealing specific immune suppression pathways in non-septic CAP,
this research offers valuable information for sepsis-induced immune dysfunction
(Hotchkiss et al., 2013a; Lorente-Sorolla et al., 2019), which will improve patient risk
assessments and treatment plans for long-term immune recovery (Savvateeva et al.,
2019).

1.1 Research Question

To what extent does transcriptional reprogramming drive prolonged immune
tolerance in monocytes from CAP patients, and how do sex-specific immune
adaptations influence the development of this tolerance, potentially affecting an

individual’s susceptibility to secondary infections?

The purpose of this research is to determine whether immune suppression in CAP is
driven by transcriptional shifts and if biological sex differences affect immune
tolerance outcomes, which may impact post-infectious immune recovery and the

reinfection likelihood.

1.2 Hypothesis

Against this backdrop, the study hypothesis posits that changes in the transcriptional
activity of monocytes during pneumonia contributes to inter-individual variation in

ex vivo cytokine responses.

1.3 Study Aims and Objectives

Monocytes, the principal cells of innate immunity, often acquire immunological
tolerance post infection, thus compromising their ability to fight off further

infections (Biswas and Lopez-Collazo, 2009; Brands et al., 2021; Ginhoux and Jung,



2014). Nonetheless, the extent to which this sustained immune suppression in CAP
is caused by apoptosis-induced immune cell depletion versus (vs) transcriptional
reprogramming of gene expression beyond the acute phase of infection is not well
understood (Brands et al., 2021; Hotchkiss et al., 2013a; Lorente-Sorolla et al., 2019;
Torres et al., 2014). Furthermore, literature identifies biological sex as a known factor
affecting immune responses, but its contribution to the immune tolerance in CAP
patients has not been well examined (Klein and Flanagan, 2016; Takahashi et al.,
2020).

This study is aimed at understanding the role of transcriptional reprogramming in
the development and maintenance of immune tolerance in monocytes from CAP
patients. A particular focus is on the suppression of cytokines and the consequences
on the immune system (Biswas and Lopez-Collazo, 2009; Brands et al., 2021). In
addition, this research will also examine the sex differences in immune tolerance and
how biological sex may influence immune trajectories (Klein and Flanagan, 2016;
Takahashi et al., 2020). The findings may also assist in identifying potential
biomarkers and new therapeutic targets for CAP-related immune dysfunction
(Brands et al., 2021).

1.3.1 Aims

The main objective of this research is to elucidate the molecular basis of immune
tolerance in monocytes from CAP patients. It is aimed at investigating whether
transcriptional reprogramming could be the cause of the suppression of cytokine

production and the increased vulnerability to secondary infections.

Through the identification of DEGs and regulatory pathways of immune suppression,
this study aims to determine why some patients recover their immune function,
while others remain immunologically affected. Furthermore, it examines whether

there are any differences between males and females in the reprogramming of



monocytes, as well as associated sex-specific immune adaptations that may

influence recovery and disease progression.

Finally, this study aims to enhance the knowledge on post-infectious
immunosuppression in CAP survivors, with regards to biomarker identification,
precision immunotherapy, and development of new therapeutic strategies for

managing immune dysfunction in these patients.

1.3.2 Objectives

To address these research aims, the study will:

1. Conduct RNA-seq bioinformatic analysis on monocytes from CAP patients
and healthy controls, following ex vivo stimulation with LPS or RPMI medium,
to allow for the identification of DEGs linked to immune tolerance and
transcriptional reprogramming.

2. Stratify monocytes based on TNF-a production, using it as a prototypical pro-
inflammatory cytokine marker, to help assess transcriptional variations
associated with cytokine suppression and immune activation.

3. Map key immune regulatory pathways that sustain immune tolerance,
focusing on cytokine signalling networks, metabolic reprogramming, and
protein-protein interactions (PPIs) involved in monocyte dysfunction.

4. Analyse sex-based differences in monocyte transcriptional profiles to
determine whether immune tolerance is influenced by biological sex,

revealing potential sex-specific immune adaptations.

By addressing these objectives, this study aims to provide a comprehensive
molecular framework for understanding transcriptional reprogramming in CAP-
related immune suppression. The findings will, hopefully, contribute to biomarker
discovery, personalised medicine, and targeted therapeutic strategies for patients at

risk of prolonged immune dysfunction.



1.4 Approach

This research uses computational and transcriptomic approaches to investigate
immune tolerance in CAP monocytes through bulk RNA-seq data analysis from a
cohort study by Brands et al. (2021). The dataset includes blood-derived monocyte
transcriptomes from 172 individuals, spanning different CAP disease stages, and
healthy controls. The analysis will focus on 92 samples to understand transcriptional
reactions in CAP patients and healthy individuals during ex vivo stimulation using
LPS or RPMI as a control medium. The study also utilises a secondary dataset of 37
samples that includes TNF-a response level stratification to investigate both
cytokine response variability and potential sex-based immune differences (Klein and
Flanagan, 2016; Takahashi et al., 2020).

The study of immune dysfunction through cytokine profiling and surface marker
analysis gives restricted information about immune responses. This study employs
high-resolution molecular profiling for immune suppression analysis because
suppression emerges from complex regulatory mechanisms (Love et al., 2014;
Subramanian et al., 2005). Key molecular pathways and biomarkers of immune
tolerance will be identified through bioinformatics and network-based analyses

(Szklarczyk et al., 2023; T. Wu et al., 2021; G. Yu et al., 2012).

This systems-level investigation is an essential strategy to understanding monocyte
reprogramming mechanisms, helping explain CAP immune tolerance mechanisms
and their clinical importance for risk assessment and stratification, and therapeutic

approaches (Brands et al., 2021).

1.5 Document Structure

The Introduction section develops the research hypothesis which suggests immune

tolerance in CAP monocytes functions mainly through transcriptional and molecular
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processes rather than apoptosis mechanisms alone. This section explains the
research targets and main objectives by using bioinformatics approaches to study
immune tolerance pathways and cytokine suppression and metabolic adaptations.
The research contributes to the scientific literature by establishing its connection to
Brands et al. (2021). The study focuses on immune suppression in non-septic

conditions and its clinical implications for treatment.

The Background and Literature Review presents a thorough examination of
monocyte immune tolerance along with its relation to CAP and LPS-induced immune
suppression. The section examines monocyte biology while studying immune
responses to inflammatory stimuli and the extensive effects of immune tolerance on
disease severity and susceptibility to secondary infections. This study presents the
bioinformatics methodologies that it employs including RNA-seq processing and
DEG analysis and functional enrichment methods. A systematic literature review of
relevant studies contextualises these findings, identifying key regulatory pathways

and knowledge gaps in LPS-induced immune tolerance.

The Methodology section explains the computational approach for analysing bulk
RNA-seq data obtained from 92 participants across acute-phase and recovery-stage
CAP patients together with healthy controls. This section describes the data
preprocessing methods as well as DEG analysis and pathway enrichment techniques
which ensure high methodological quality and reproducibility. The analysis of
monocyte transcriptomes uses methods to discover DEGs linked to immune
suppression which connects transcriptional patterns to cytokine response variability

and immune adaptation.

The Results and Discussion chapter shows the results of DEG analysis and functional
enrichment studies on the changes in the transcription of monocytes after LPS
stimulation. The results are displayed using Principal Component Analysis (PCA)
plots, heatmaps and volcano plots to represent the transcriptional changes. The
Gene Ontology (GO) enrichment, Gene Set Enrichment Analysis (GSEA) and Search
Tool for the Retrieval of Interacting Genes/Proteins (STRING) PPl networks provide

11



further insights into monocyte activation pathways, immune tolerance and CAP
transcriptional reprogramming. Results from RNA-seq data indicate a broad
transcriptional response to LPS, including pro-inflammatory pathways, notably
Interferon (IFN)-B1 signalling and cytokines and chemokines activation. On the other
hand, Small Mothers Against Decapentaplegic (SMAD)-6, Hypermethylated in
Cancer (HIC)-1, and CD180 are downregulated which indicates their role in immune
regulation and tolerance. A second data set which stratifies the data by TNF-a
response levels reveals different transcriptional signatures between high and low
cytokine responders and biological sex as a key covariate influencing immune

responses.

The Conclusion is a summary of the findings of the study in relation to its hypothesis
and objectives and a reflection of the study’s scientific contribution and
methodological limitations. It stresses the need for experimental validation and gives
suggestions for future research, including septic patients and experimental
approaches to further investigate immune tolerance mechanisms in CAP. Since
monocyte driven immune suppression is not fully understood, the study points out

critical areas for further research into post-infectious immune regulation.

Finally, the Appendix presents supplementary materials including datasets,

computational scripts and bioinformatics methodologies used in this study.
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2. BACKGROUND AND LITERATURE REVIEW

The function of monocytes in the immune response is complex and requires
understanding of immune tolerance and its implications in sepsis and inflammation.
This chapter outlines the origins, types, and roles of monocytes in the immune
system, and the effects of LPS in inducing immune suppression. It discusses historical
views on immune tolerance in sepsis and expands this to non-septic diseases such
as CAP, where similar immunological features are emerging. It also examines major
molecular pathways and regulatory mechanisms that lead to monocyte
reprogramming and shows both commonalities and differences in LPS-induced
tolerance among the conditions. Furthermore, it details the approaches that are
employed in the investigation of these phenomena at the transcriptomic level which
include DEG analysis, pathway enrichment and PPl network modelling. In addition,
these sections provide the basis to appreciate the immunological heterogeneity and
the molecular structure of monocyte responses in infection-related immune

modulation.

2.1 Monocyte Biology and Immune Tolerance in CAP

Monocytes are among the key cells of the innate immune system, involved in
activation as well as regulation of the immune response (Brands et al., 2021; Mihori
et al., 2024). Upon encountering microbial products such as LPS, monocytes can
exhibit immune tolerance (del Fresno et al., 2009; Kumar, 2022), which is a state of
decreased cytokine secretion, modified transcriptional patterns, and diminished
secondary stimulation (Brands et al., 2020; Kullberg et al., 2022; W.-T. Ma et al,,
2019). This phenomenon, often termed immune suppression in clinical conditions, is
important in the regulation of the host defence and tissue damage during prolonged
or repeated inflammatory challenges (Hopp et al., 2018; Méndez-Enriquez and
Hallgren, 2019). In CAP, recent findings indicate that monocyte-induced immune

tolerance may persist into the resolution phase, with consequences for the course
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of disease, susceptibility to recurrent infections, and immune system functioning
(Brands et al., 2020; Otto et al., 2022)

The following subsection examines the Biological Processes (BPs) of this tolerance
through the perspective of monocyte lineage development, classification, flexibility,

and LPS effects on immune responses in CAP.

2.1.1 Origins and Classification of Monocytes

Monocytes make up approximately five percent of circulating nucleated cells in the
peripheral blood of normal adults and form part of the myeloid lineage (Pang and
Koh, 2023). These cells emerge from haematopoietic stem cells (HSCs) in the tightly
controlled process of myelopoiesis that begins in the foetal liver during foetal
development and shifts to the bone marrow as the main production site after birth
(Geissmann and Mass, 2015; McGrath et al., 2015; Yanez et al., 2017). Released into
circulation, monocytes execute essential immunological roles including pathogen
detection, inflammatory cytokine release, and the direction of both innate and
adaptive immune responses (Prinyakupt and Pluempitiwiriyawej, 2015). In addition
to their systemic immune surveillance role, monocytes differentiate into tissue-
resident macrophages and Dendritic Cells (DCs), thus integrating circulatory and
tissue-based branches of the innate immune system (Hettinger et al., 2013;
Schneider et al., 2014).

HSCs produce monocytes in a homeostatic manner under normal conditions.
Nevertheless, in the case of microbial infections or tissue damage, inflammatory
cytokines and growth factors may induce rapid myelopoiesis, which in turn leads to
an elevated number of monocytes to fulfil greater immune requirements (Arora et
al., 2018; DeWolf et al., 2022; Ugel et al., 2015). These cells are not a homogenous
group but rather consist of phenotypically and functionally heterogeneous
subgroups. In humans, monocytes are subdivided into three major subsets according

to their surface expression of Cluster of Differentiation (CD) 14 and CD16: classical
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(CD14**CD167), intermediate (CD14**CD16%), and non-classical (CD149m™CD16%)
monocytes (Passlick et al., 1989; Zawada et al., 2011; Ziegler-Heitbrock et al., 2010).
The subsets separate based on lineage-specific transcription factors. Non-classical
monocytes differentiate through nuclear receptor 4A1 (Y. P. Zhu et al., 2016)
whereas classical monocytes use purine-rich box1 transcription factor, IFN
Regulatory Factor (IRF) 8, and Kriippel-Like Factor (KLF) 4 for their differentiation.
These transcriptional regulators determine cell identity along with controlling the

cells’ functional responses to inflammatory signals (Guilliams et al., 2018).

Each monocyte subset demonstrates unique functions. The circulating pool contains
mostly classical monocytes because these cells demonstrate exceptional phagocytic
capabilities along with fast recruitment to sites of infection or tissue damage
(Kapellos et al., 2019). Classical monocytes can migrate into inflamed tissues by
using C-C Chemokine Receptors (CCRs) CCR1, CCR2, CCR5 and C-X-C Chemokine
Receptors (CXCRs) CXCR1, and CXCR2 (Shi and Pamer, 2011) When they activate,
they release IL-6, IL-8, C-C Motif Chemokine Ligands (CCLs) CCL2, CCL3 and CCL5
along with other cytokines and chemokines which increase local immune responses
and bring more leukocytes to the area (Jakubzick et al., 2017; Weber et al., 2000; K.
L. Wong et al., 2011). Intermediate monocytes demonstrate both excellent antigen-
presenting abilities along with powerful cytokine responses when activated by Toll-
like Receptors (TLRs). The cells produce TNF-a, IL-1B, IL-6, and CCL3 and display
strong responses to microbial ligands (J. Lee et al., 2017; K. L. Wong et al., 2011).
These cells show elevated CCR5 expression which research connects to higher
Human Immunodeficiency Virus (HIV)-1 infection rates (Ellery et al., 2007; Kapellos
et al., 2019; Zawada et al., 2011). These monocytes primarily function as
inflammatory cells, yet they display regulatory adaptability through certain cytokine-
dependent processes that lead to IL-10 secretion and tumour-targeting responses
(Kapellos et al., 2019; Skrzeczynska-Moncznik et al., 2008; Szaflarska et al., 2004).
Non-classical monocytes do not migrate to inflamed tissues, as they perform debris

clearance and patrol the vascular endothelium while performing phagocytosis
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through complement and FcyR pathways (Kapellos et al., 2019). The vascular
homeostasis and immune surveillance, along with inflammation resolution, depend
on non-classical monocytes to interact with endothelial cells while promoting
neutrophil adhesion through TNF-a and by participating in tissue repair mechanisms
(Chimen et al., 2017; Kapellos et al., 2019).

Monocyte subsets show extensive transcriptional variation according to single-cell
transcriptomics and mass cytometry analyses, which demonstrate additional
functional characteristics beyond traditional surface marker identification (Glinther
et al., 2019; Kapellos et al., 2019). The three monocyte subsets show high
adaptability in their functions when they encounter environmental signals such as
LPS (Cane et al., 2019; Shalova et al., 2015). When monocytes are LPS stimulated,
they experience transcriptional modifications which lead to an immune tolerant
state characterised by reduced cytokine release and reduced responsiveness to
subsequent stimuli (Brands et al., 2021; del Fresno et al., 2009). LPS-induced
tolerogenic reprogramming stands as a critical mechanism during CAP, since recent
studies demonstrate that LPS-tolerant monocytes survive past the acute infection
period to cause long-term immunosuppression and elevated secondary infection
risks (Brands et al., 2020, 2021).

Monocyte diversity and adaptability play an essential role in maintaining immune
homeostasis and preventing disease due to their ability to modify their functional
profiles to fight pathogens while protecting against immunopathology within the
recurring inflammatory conditions of CAP (Arora et al., 2018; Quinton and Mizgerd,
2015).

2.1.2 Functional Diversity of Monocytes in Respiratory
Infections
In the context of respiratory infections, upon tissue infiltration, monocytes

differentiate into inflammatory macrophages or DC-like cells and partake in both
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immune activation and resolution processes (Guilliams et al., 2018). These functional
adaptations are relevant in studying CAP, where monocyte reprogramming under
inflammatory pressure may shape the balance between pathogen clearance and
immune tolerance. Understanding the effector roles of these immune cells provides
essential context for interpreting the DEGs and enriched pathways identified in this

study.

In respiratory inflammation, recruitment of CD11b* monocytes to the lungs occurs,
where they adopt antigen-presenting and pro-inflammatory functions while
retaining Lymphocyte Antigen 6 Complex (Ly6C) expression, confirming their
monocytic origin (Lambrecht and Hammad, 2009). Chemokines such as CCL2, CCL3,
and CCL7, released by inflamed alveolar macrophages, attract CCR2" monocytes
towards sites of infection or damage (Arunachalam et al., 2020; Hadjadj et al., 2020;
Jakubzick et al., 2017; Knoll et al., 2021; Lucas et al., 2020). Recruited monocytes
contribute to antigen presentation via Major Histocompatibility Complex (MHC)
molecules and secrete both pro- and anti-inflammatory cytokines, including IL-1p,
IL-6, TNF-a, and IL-10, thus adapting immune responses to the pathogen and the
host context (Benoit et al., 2008; Chaplin, 2010; K. L. Wong et al., 2011).

The efficiency of antigen presentation is closely linked to surface Human Leukocyte
Antigen (HLA)-DR isotype expression, which is dynamically regulated during
infection and immune suppression. In severe inflammatory states such as CAP,
monocytes have been shown to downregulate HLA-DR expression, indicating a shift
toward an immunoregulatory state (Knoll et al., 2021; Schulte-Schrepping et al.,
2020). In the present study, HLA-DR, IL-1B, TNF, and other inflammation-related
markers emerged as differentially expressed features, reinforcing their roles in the

balance between immune activation and tolerance in CAP.

In antiviral and bacterial infections of the lung, monocytes also contribute via
production of type | IFNs, which induce IFN-stimulated genes (ISGs) such as ISG15,
IFN- Induced Protein with Tetratricopeptide Repeats (IFIT) 1, and Signal Transducer
and Activator of Transcription (STAT) 2, limiting pathogen replication and promoting
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immune activation (Hambleton et al., 2013; M.-T. Wong and Chen, 2016). lllustrating
the context-dependent nature of monocyte reprogramming, some pathogens,
including respiratory coronaviruses, may bypass IFN signalling while still provoking
inflammatory cytokine release (Funk et al., 2012; Knoll et al., 2021). In this study,
elevated expression of several ISGs in LPS-stimulated monocytes from CAP patients
was observed, aligning with these findings and reinforcing the dual antiviral and

inflammatory roles of monocytes in respiratory infections.

Recent work also underscores the importance of immunometabolism in shaping
monocyte function. Inflammatory monocytes can undergo metabolic
reprogramming, shifting toward glycolysis or fatty acid oxidation in response to
severe respiratory infections, including CAP and COVID-19, a shift characterised by
increased expression of enzymes such as Carnitine Palmitoyl transferase (CPT) 1, and
changes in lipid metabolism that amplify cytokine production (Codo et al., 2020; Dias
et al., 2020; Thompson et al., 2021).

This functional diversity from inflammatory activation to metabolic adaptation and
tolerance is central to interpreting transcriptomic shifts observed in this study’s
dataset and supports the hypothesis that immune tolerance in CAP may reflect a
transcriptionally regulated rebalancing of monocyte behaviour, rather than a simple

failure of immune activation.

2.1.3 LPS-induced immune suppression

The canonical ligand for TLR4, LPS, is essential for the initiation and shaping of the
critical innate immune pathogen control response to Gram-negative bacteria. The
LPS ligand triggers a proinflammatory cascade through TLR4 engagement, activating
Nuclear Factor Kappa-Light-Chain-Enhancer of Activated B-Cells (NF-kB) and IRF3
signalling and resulting in systemic cytokine release, such as TNF-q, IL-6, IL-1f3, and
type | IFNs (van der Poll et al., 2017). The resulting inflammation can induce

widespread tissue injury and endothelial dysfunction, especially in the lungs and
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vascular system, as observed in CAP and sepsis (Kumar, 2022). As a mitigating
damage response, compensatory anti-inflammatory processes are initiated, such as
immune cell reprogramming, reduced cytokine production, and epigenetic silencing
of proinflammatory genes, a state of the immune system also known as innate

immune tolerance (Biswas and Lopez-Collazo, 2009; Foster and Medzhitov, 2009).

Innate immune tolerance serves as a regulatory mechanism that balances immune
overactivation while preserving essential antimicrobial functions (Foster et al., 2007;
Watson and Kim, 1963). This tolerance is recognised as a dynamic and context-
dependent adaptation, extending beyond sepsis into non-septic inflammatory
conditions, including atherosclerosis, rheumatoid arthritis, multiple sclerosis, and
diabetes (Bernard et al., 2023; Cavaillon et al., 2020; Funes et al., 2022; Nakatsuji et
al., 2021). The immunological process is characterised by transcriptional and
metabolic rewiring of myeloid cells, notably monocytes and macrophages, involving
both extrinsic (cytokine secretion) and intrinsic (chromatin state, cellular metabolism)
factors (Dominguez-Andrés et al., 2019; Kelly and O’Neill, 2015; Mishra and
Ivashkiv, 2024; Qi et al., 2021).

In the CAP context, emerging evidence highlights that circulating monocytes
undergo substantial functional reprogramming in response to acute infection.
Several studies have shown that monocytes from CAP patients exhibit a
hyporesponsive phenotype upon ex vivo LPS stimulation, characterised by
diminished production of TNF-q, IL-6, IL-1pB, and IL-10 (Brands et al., 2021; Christ et
al., 2018; Kaufmann et al., 2018). This state may persist for weeks after resolution of
infection, with IL-6 expression particularly affected, suggesting that immune
tolerance is not only a transient effect of inflammation but may involve longer-term
reprogramming at the progenitor level (Brands et al., 2021; Dobrovolskaia et al.,
2003; Medvedev et al., 2000).

In terms of epigenetic mechanisms, tolerant monocytes have been shown to exhibit
altered DNA methylation patterns and histone modifications, including enrichment

of suppressive marks such as Histone 3 Lysine 9 Di-Methylation and Lysine 27
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Trimethylation, respectively (H3K9me2 and H3K27me3) at proinflammatory gene
promoters (El Gazzar et al., 2009; Foster et al., 2007). Recent epigenomic studies in
CAP have corroborated these patterns. For instance, Brands et al. (2021) reported
hypermethylation of DNase-HS-Chr22 associated with cholesterol biosynthesis
genes and reduced cytokine output, along with hypomethylation of genes linked to
chromatin remodelling and inflammatory repression. These findings indicate that
LPS-tolerant cells have a mechanism to control chromatin accessibility and
transcription factor recruitment which enables antimicrobial gene expression but

suppresses excessive inflammation.

The process of metabolic remodelling is also shown to be a vital characteristic of
LPS-induced tolerance. Cells undergo metabolic changes toward glycolysis (Warburg
effect) after TLR4 activation through Hypoxia-Inducible Factor (HIF)-1a stabilization
which activates IL-1B transcription and proinflammatory gene expression (Tannahill
et al., 2013). The metabolic profile of tolerant cells undergoes a transformation from
its initial state. The trained immunity models show dependence on oxidative
phosphorylation and fatty acid metabolism, but tolerance models focus on energy
conservation together with antioxidant defence and specific nutrient transporter
and redox regulator upregulation to control immune responses without causing
bioenergetic stress. The clinical scenarios of cardiopulmonary bypass and CAP show
elevated serum markers human Multidrug Resistance Proteins (MRP)-8/14 and IL-
10 together with Bursa (B)-cell Lymphoma (BCL) 3 and STAT3 expression changes in
monocytes which indicate that an anti-inflammatory state continues after recovery
(Brands et al., 2021).

Tolerant monocytes also downregulate key molecules involved in antigen
presentation, such as HLA-DR and Class Il Transactivator (CIITA), and upregulate
suppressive cytokines like IL-10 and Transforming Growth Factor (TGF)-B, further
impairing Thymocyte (T)-cell activation (del Fresno et al., 2009; Monneret et al.,
2004). Chromatin analyses have demonstrated that only a subset of promoters,

mainly of antimicrobial genes, retain acetylation marks and polymerase accessibility
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after LPS exposure, while proinflammatory loci remain repressed (Foster et al., 2007).
This selective transcriptional control may be how tolerance can reduce harmful

inflammation while preserving pathogen clearance.

In patient-derived monocytes, this dynamic is represented by shifts from
hyperinflammatory to immunosuppressive states. Shalova et al. (2015) showed that
the number of differentially expressed genes in monocytes from septic patients
dropped from over 2,000 in the early phase to fewer than 80 in the
immunosuppressive stage, reflecting a generally repressed transcriptome. HIF-1a
has been identified as an essential regulator in this transition, modulating IL-1
receptor signalling and coordinating metabolic reprogramming toward a tolerance-
prone phenotype (Tannahill et al., 2013). At the same time, molecules including
SMADé, CD180, and HIC1 are identified as putative transcriptional repressors, which
modulate the immune response through interaction with histone deacetylases and
chromatin regulators such as C-terminal Binding Protein (CtBP) 2 (Park et al., 2019;
Van Rechem et al., 2010; You et al., 2017).

LPS tolerance is understood as a uniform immunosuppressive state in most
literature, however more recent studies suggest inter-individual variation in
tolerance levels and transcriptional responsiveness. In this context, monocyte TNF-
a production serves as a practical indicator for distinguishing between immune
tolerance and trained immunity and provides a functional reference point for
associated transcriptomic and epigenetic variation. These findings open new
avenues for understanding how immune tolerance in CAP varies across individuals
as a dynamic, patient-specific program with consequences for immune resilience and

risk of secondary infections.

These findings provide the framework for the examination of the molecular basis of
the multi-layered tolerance, including differential immune regulator expression,
antioxidant enzymes, Extracellular Matrix (ECM) remodelling genes, and amino acid

transport proteins. Elucidation of these alterations can guide the design of tailored
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immunotherapies that either restore tolerance or facilitate recovery, depending on

the clinical context.

2.1.4 Immune Tolerance in Sepsis

Phagocytic immune cells are essential components of the innate immune system, as
they are responsible for engulfing pathogens, clearing apoptotic cells, and initiating
inflammatory responses (Aderem and Underhill, 1999; Gordon, 2007). Among these,
monocytes and macrophages act both as effector cells and as regulators of immune
memory (Netea et al., 2016). Upon exposure to pathogens or sterile insults, they can
undergo durable functional reprogramming, or innate immune memory (Bowdish et
al., 2007; Netea et al., 2011, 2016; Saeed et al., 2014). This memory can manifest as
either an enhanced pro-inflammatory response (trained immunity) or a dampened
state of reactivity (tolerance), with consequences that are context-dependent and
can be either protective or pathological (Saeed et al., 2014). The process begins with
the recognition of conserved microbial motifs, or Pathogen-Associated Molecular
Patterns (PAMPs), such as Gram-negative bacteria surface LPS, and endogenous
danger signals, or Damage-Associated Molecular Patterns (DAMPs) (Hayden and
Ghosh, 2012; Matzinger, 2002; Takeuchi and Akira, 2010). These signals are
detected by Pattern Recognition Receptors (PRRs), including TLRs, leading to the
activation of downstream signalling cascades (Takeuchi and Akira, 2010) of which an
important, central cascade, is the NF-kB pathway, which promotes the transcription
of pro-inflammatory cytokines such as TNF, IL-1pB, IL-12, and IL-18, initiating the
immune response and recruiting other immune cells to the site of infection (Chan et

al., 2012; Deutschman and Tracey, 2014).

The fluctuating patterns between immune activation and suppression in innate
memory prove particularly evident during sepsis. This condition shows how a
necessary first immune response transitions into a harmful pattern in later stages.
During the early phase of sepsis, acute infections trigger an intense inflammatory
response which leads to extensive cytokine release and systemic inflammation that
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causes tissue damage (van der Poll et al., 2017). To limit further damage, the immune
system initiates a counter-regulatory phase, where monocytes and macrophages
enter a hypo-responsive state and reduce cytokine output upon subsequent
stimulation, an event termed immunoparalysis or  sepsis-induced
immunosuppression, which may persist long after the resolution of infection,
increasing susceptibility to secondary infections and poor outcomes (Angus and Van
Der Poll, 2013; Freise et al., 2019; van der Poll et al., 2017). However, while this
suppression helps restrain inflammation, unchecked or prolonged immune
dysfunction has been associated with a range of chronic conditions including
autoimmune disease, metabolic syndromes, and cancer (Biswas and Lopez-Collazo,
2009; Foster and Medzhitov, 2009). The immunological path during sepsis
demonstrates how innate immune memory functions through dual capacities,
showing how protective host mechanisms sometimes develop into disease-causing

processes.

This immunosuppressive phase involves profound changes in antigen-presenting
cells, apoptosis-mediated depletion of T-cells, B-cells, and DCs (Boomer et al., 2012;
Hotchkiss et al., 2013a, 2013b) and downregulation of HLA-DR on the surface of
monocytes (Pastille et al., 2011; van der Poll et al., 2017). These alterations leave
patients more vulnerable to secondary infections, alongside lymphocyte exhaustion
(Hotchkiss et al., 2013b). In severe cases, ongoing immunosuppression can culminate
in Persistent Inflammation, Immunosuppression, and Catabolism Syndrome (PICS)
(Gentile et al., 2012; van der Poll et al., 2017). Research into immune tolerance and
immunosuppression mechanisms enables the creation of post-sepsis immune
deficiency treatment strategies while using trained immunity to boost vaccine

efficacy (Netea et al., 2016).

MRPs, particularly MRP-8 and MRP-14, appear to be important drivers of monocyte
hyperresponsiveness in sterile inflammation, acting as endogenous TLR4 ligands
(Cavaillon et al., 2020; Vogl et al., 2007, 2012), to induce a hyporesponsive state in

monocytes similar to LPS tolerance (Austermann et al., 2014; Freise et al., 2019). A
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hallmark of this state is the markedly reduced production of cytokines, including
TNF-a, IL-1B, IL-6, and IL-10, upon subsequent LPS challenge (Austermann et al.,
2014; Freise et al., 2019). Elevated MRP-8 and MRP-14 levels are consistently
observed in sterile inflammatory conditions such as the Systemic Inflammatory
Response Syndrome (SIRS) and during cardiopulmonary bypass, where they are

associated with prolonged immune tolerance (Freise et al., 2019).

At the molecular level, MRP-mediated monocyte tolerance involves two main
signalling pathways. First, the Phosphatidylinositol 3-Kinase (PI3K)/Protein Kinase
B (AKT)/Glycogen Synthase Kinase (GSK)-3B cascade disrupts NF-kB-dependent
expression of pro-inflammatory genes, thus limiting cytokine secretion (Austermann
et al., 2014; Freise et al., 2019). Concurrently, the IL-10-triggered STAT3/BCL3
pathway reinforces this hyporesponsive state by upregulating BCL3 and sustaining
STAT3 activation, which has been shown to have a diminished tolerance effect when
blocked or genetically deleted (Austermann et al., 2014; Freise et al., 2019).
Moreover, pharmacological inhibition of GSK-3 mimics monocyte tolerance and
has shown promise in improving survival in a mouse model of endotoxin shock

(Freise et al., 2019).

Epigenetic mechanisms further contribute to sustaining MRP-induced
hyperresponsiveness. Euchromatic  Histone-Lysine N-Methyltransferase 2
(EHMT2/G9a)-dependent chromatin modifications suppress pro-inflammatory gene
expression, underscoring the importance of transcriptional and epigenetic regulation
in controlling immune function (Austermann et al., 2014; Freise et al., 2019). Thus, a
complex network of interconnected signalling pathways, transcriptional regulators,
and epigenetic modifications that jointly determine the inflammatory capacity of
monocytes during sterile inflammation is evidenced by recent research (Freise et al.,
2019).
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2.1.5 CAP: Clinical and Immunological Implications

CAP remains a significant global health burden, with an estimated incidence ranging
from 1.5 to 14 cases per 1,000 person-years worldwide (Prina et al., 2015). Its impact
is disproportionately severe in older adults and individuals with chronic
comorbidities such as diabetes, Chronic Obstructive Pulmonary Disease (COPD),
and cardiovascular disease. Compounding these risks, immunosuppression and
recent healthcare exposure increase the likelihood of infection with drug-resistant
pathogens, complicating clinical outcomes and management (Aliberti et al., 2016;
Hassen et al., 2019; B. Liu et al., 2019; Lu et al., 2019; Regunath and Oba, 2025;
Tsoumani et al., 2023). In the United States, CAP is the eighth leading cause of death
and the foremost infectious cause of mortality. Among patients requiring admission
to Intensive Care Units (ICUs), the mortality rate exceeds 20% (Niederman and
Torres, 2022; Simonetti et al., 2016; Viasus et al., 2023).

Importantly, CAP also stands as a leading cause of sepsis, a life-threatening condition
marked by dysregulated host responses to infection (Angus and Van Der Poll, 2013;
Brands et al., 2020; Singer et al., 2016). Sepsis-induced immunosuppression renders
patients vulnerable to secondary infections, including hospital-acquired pneumonia.
In a striking postmortem analysis of ICU patients who died of sepsis or septic shock,
Torres et al., (2014) reported that 76.6% had at least one unresolved septic focus at
death, with pneumonia accounting for 41.3% of these foci, nearly half of which had
gone undiagnosed during treatment. These findings illustrate the difficulty of
identifying ongoing infection in the context of sepsis and highlight the immune

system'’s impaired capacity for clearance under tolerogenic conditions.

Aging increases susceptibility to CAP through immunosenescence and progressive
decline in respiratory defences. Diminished T-cell receptor diversity and reduced
naive T-cell output compromise adaptive immune surveillance (Ciabattini et al.,
2018; Shaw et al., 2010; Tizazu et al., 2022). Concurrently, age-related structural
changes, including weakened cough reflex, impaired mucociliary clearance, and

reduced respiratory muscle strength, limit physical pathogen elimination (J. Lee et
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al., 2017; Tizazu et al., 2022). Comorbidities further elevate the risk of severe
complications such as acute respiratory distress syndrome (ARDS) and septic shock
(Santesmasses et al., 2020; Z. Wu and McGoogan, 2020). The COVID-19 pandemic
highlighted this vulnerability, with older adults facing sharply increased
hospitalisation and mortality from SARS-CoV-2-associated pneumonia (J. Lee et al.,
2017; Verity et al., 2020; W. Wang et al., 2020). Figure 2.1 illustrates the age-
dependent increase in mortality for COVID-19, sepsis, and CAP, underscoring the

heightened risk in older populations.

Age-Specific Mortality Rates in COVID-19, Sepsis, and CAP
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Figure 2.1. Age-specific mortality rates for COVID-19, sepsis, and CAP. Bar plot
displaying estimated mortality by age group for each disease, based on large-scale
epidemiological and hospital-based data. COVID-19 mortality rises from ~0.02% (under
30 years) to ~14.8% (280 years); sepsis mortality from ~2% to ~35%; and CAP mortality
from ~0.5% to ~20%. Data sources: Wu and McGoogan (2020); Verity et al. (2020); Rudd
et al. (2020); Angus and van der Poll (2013); Singer et al. (2016); Ramirez et al. (2017);
CDC (2024). Figure generated in RStudio (RStudio Team, 2020).
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The pathogenesis of CAP, like sepsis, involves an interplay between pro-
inflammatory activation and anti-inflammatory counter regulation. Early immune
responses involve an increase of cytokines such as TNF-a and IL-18, which drive
inflammation and pathogen clearance. However, concurrent regulatory responses,
such as increased IL-10 and IL-1 Receptor Antagonist (IL-1RA), aim to contain
excessive inflammation. When these processes become dysregulated, they may
induce a state of immune tolerance marked by diminished leukocyte cytokine
production and reduced capacity to control infection (Brands et al., 2020; Hotchkiss
et al., 2013b, 2013a; Lopez-Collazo and del Fresno, 2013; van der Poll and Opal,
2008). Notably, endotoxin tolerance has been observed in the early phases of CAP
and correlates with ICU admission, multi-organ dysfunction, and worse survival
outcomes (Cavaillon et al., 2020; Otto et al., 2022; Pena et al., 2014; Schefold et al.,
2008).

Clinically, diagnosing CAP in elderly patients can be challenging, as classical
symptoms such as fever, cough, and dyspnoea may be absent or muted. Instead,
non-specific features such as delirium, functional decline, or altered mobility may
predominate, contributing to delayed recognition and therapeutic intervention
(Yoshikawa and Norman, 2017). A blunted febrile response further complicates early
diagnosis, making timely antimicrobial therapy more difficult to initiate (Lim et al.,
2003; Majumdar et al., 2011; Yoshikawa and Norman, 2017).

Microbial invasion in CAP typically results from aspiration of organisms colonising
the oropharynx into the lower respiratory tract. When host defences are
overwhelmed by pathogen load or virulence, this results in alveolar inflammation,
leukocyte recruitment, and the clinical manifestations of CAP (Regunath and Oba,
2025). Pathogen identification is essential for guiding treatment, primarily because
CAP can be caused by various pathogens, including bacteria, viruses, and, rarely,
fungi. Streptococcus pneumoniae remains the most common bacterial cause, followed
by Haemophilus influenzae, Staphylococcus aureus, Moraxella catarrhalis, and various

Gram-negative Enterobacteriaceae. Drug-resistant strains, including Methicillin-
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Resistant Streptococcus aureus (MRSA) and multidrug-resistant Pseudomonas
aeruginosa, complicate treatment in individuals with prior healthcare exposure or
antibiotic use (Gadsby and Musher, 2022; Palmore et al., 2009; Regunath and Oba,
2025; Torres et al., 2014).

Respiratory viruses are also considered major contributors to CAP, a shift enabled by
advances in nucleic acid diagnostics, and commonly they are influenza viruses,
rhinoviruses, Respiratory Syncytial Virus (RSV), parainfluenza, and human
metapneumovirus (Jain et al., 2015). The emergence of SARS-CoV-2 has further
emphasised the clinical impact of viral pneumonia, especially in older adults and
those with co-infections. Viral CAP is often complicated by bacterial superinfection,

amplifying disease severity and immune dysfunction (Regunath and Oba, 2025).

Importantly, recent studies have revealed that monocytes in CAP patients undergo
profound transcriptional and functional reprogramming. These cells exhibit hallmark
features of LPS-induced immune tolerance, including diminished cytokine output,
metabolic shifts, and downregulation of antigen presentation machinery, mirroring
the tolerance state observed in sepsis (Brands et al., 2020). This suggests that the
mechanisms of monocyte tolerance explored earlier in this chapter are not limited
to septic contexts but also play a role in shaping host responses in non-septic

pneumonia.

As such, CAP offers a clinically relevant model to explore how monocyte
reprogramming and immune tolerance evolve during infection. The following
chapter investigates these mechanisms in depth through transcriptomic analysis of
monocyte responses in CAP, focusing on TNF-a responsiveness, immune regulatory

gene expression, and pathway enrichment following ex vivo LPS stimulation.
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2.2 Computational Transcriptomics and Network
Analysis of Monocyte Responses in CAP

Understanding the complex reprogramming of monocytes in CAP requires not only
biological insight but also robust computational frameworks. In recent years, high-
throughput RNA-seq has emerged as a powerful technique for dissecting cellular
states at the transcriptomic level. When integrated with advanced bioinformatic
pipelines, RNA-seq enables the identification of DEGs, inference of pathway activity,
and reconstruction of regulatory and protein interaction networks that underlie
immune phenotypes. This section outlines the computational strategies employed
in the present study to investigate LPS-induced immune modulation in CAP
monocytes. Key analytical stages include Quality Control (QC), read alignment, gene
quantification, DEG analysis, functional enrichment, and context-specific PPI
network construction, to provide a data-driven view of monocyte plasticity,

supporting mechanistic hypotheses on immune tolerance in infectious disease.

2.2.1 RNA Sequencing Analysis Pipeline

RNA-seq is a powerful transcriptomic technique that enables comprehensive
profiling of RNA molecules in a biological sample (Conesa et al., 2016). In addition to
quantifying gene expression levels, RNA-seq reveals alternative splicing events,
transcript isoforms, and regulatory interactions central to cellular function and
molecular signalling networks (J.-W. Chen et al., 2023; Z. Wang et al., 2009). This
section outlines the core stages of RNA-seq data preprocessing as implemented in
the present study, from raw read assessment to expression quantification. Together,
these preprocessing steps ensure that RNA-seq data are high-quality, interpretable,
and biologically meaningful. Accurate trimming, alignment, and quantification enable
robust DEG analysis, providing a reliable basis for downstream pathway analysis,
immune profiling, and molecular hypothesis testing in CAP-associated monocyte

responses.
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2.2.1.1 QC of Raw Sequencing Reads
The RNA-seq pipeline begins with stringent QC to ensure that raw sequencing reads

are accurate and free of systematic bias (Conesa et al., 2016; Williams et al., 2017).
This process evaluates key metrics such as per-base sequence quality, Guanine-
Cytosine (GC) content, sequence duplication levels, and the presence of adapter
contamination (Andrews, 2010; Soneson and Delorenzi, 2013). Tools like FastQC
(Andrews, 2010) generate detailed per-sample QC reports across these parameters,
while MultiQC (Ewels et al., 2016) summarises them across multiple datasets to offer
a global quality snapshot. QC is essential for identifying sequencing artifacts, RNA
degradation, or technical variability that may compromise the integrity of
downstream analyses (Conesa et al., 2016). As a general benchmark, Phred scores
serve as an established metric for base quality assessment, with a threshold of 20 or
higher considered acceptable for most applications (Andrews, 2010; Gondane and
Itkonen, 2023).

2.2.1.2 Adapter Removal and Read Trimming

Following QC, adapter removal and quality trimming are performed to eliminate
sequencing artifacts and improve mapping accuracy (S. Chen et al., 2018; Del Fabbro
et al., 2013). Adapter sequences are synthetic oligonucleotides added during library
preparation, and their presence in reads can introduce alignment errors or artificial
expression variation (Bolger et al., 2014; Martin, 2011). Several tools are commonly
used for adapter trimming and quality filtering in RNA-seq preprocessing, including
Trimmomatic (Bolger et al., 2014), Cutadapt (Martin, 2011), AdapterRemoval
(Lindgreen, 2012), and fastp (S. Chen et al., 2018). In this study, Trimmomatic was
selected for its flexibility in handling single end (SE) reads and its highly tuneable
quality filtering options (Bolger et al., 2014). Compared to other widely used tools,
Trimmomatic provides a broader range of trimming functionalities, allowing for
better customisation to suit complex datasets (Bolger et al., 2014). Its combination

of versatility and precision made it the preferred tool for this analysis, where
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stringent QC was essential. Post-trimming QC reports confirmed the effective

removal of contaminants and improved base-call quality across all samples.

2.2.1.3 Read Alignment to the Reference Genome

With adapter-free, high-quality reads, the next stage is alighment, where reads are
mapped to a reference genome or transcriptome to identify their genomic origin, a
foundation step for accurate quantification and downstream interpretation (Conesa
et al., 2016; Oshlack et al., 2010). Splice-aware aligners are essential in RNA-seq due
to the intron-exon architecture of eukaryotic genes (Dobin et al., 2013). In this study,
Hierarchical Indexing for Spliced Alignment of Transcripts (HISAT) 2 (D. Kim et al.,
2019) was selected for read alignment due to its efficient memory usage, fast
performance, and robust ability to detect exon-exon junctions. As a splice-aware
aligner specifically developed for RNA-seq workflows, HISAT2 uses a hierarchical
indexing strategy based on the Burrows-Wheeler Transform and Ferragina-Manzini
index, enabling accurate mapping of reads across introns and splice sites (D. Kim et
al., 2019). Its favourable balance between alignment sensitivity and computational
demand has made it a standard tool in large-scale transcriptomic studies

(Schaarschmidt et al., 2020).

Alternative aligners such as STAR (Dobin et al., 2013) offer ultra-fast performance
and high sensitivity for splice junction discovery through a two-pass alignment
strategy. However, STAR’s higher computational cost and isoform-level precision
were not necessary for this study, which focused on gene-level expression changes.
Bowtie2 (Langmead and Salzberg, 2012), while also efficient and accurate for
contiguous reads, lacks native splice-awareness and is thus less optimal for

transcriptome alignment.

HISAT2's accuracy in aligning monocyte transcriptomes under immune stimuli such

as LPS, combined with its low resource requirements, ensured consistent, scalable,
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and reproducible alignment across all samples (D. Kim et al., 2019; Schaarschmidt et
al., 2020).

Aligned reads were stored in Sequence Alignment Map (SAM)/Binary Alignment
Map (BAM) formats, which preserve read position, quality, and mapping statistics,
serving as structured inputs for quantification and downstream analysis (Gondane
and Itkonen, 2023). SAMTools (H. Li et al., 2009) was used due to its standardisation,
versatility, and seamless integration with HTSIib (Bonfield et al., 2021), offering
reliable performance for essential operations such as sorting, indexing, and format
conversion (Bonfield et al., 2021; H. Li et al., 2009). While alternative tools like
Picard! and BEDTools are also widely used (Ebbert et al., 2016; Quinlan, 2014;
Quinlan and Hall, 2010), SAMTools remains the most efficient and commonly
adopted utility for high-throughput alignment processing in RNA-seq workflows
(Pedersen and Quinlan, 2018).

2.2.1.4 Read Summarisation and Gene-Level Quantification

The final preprocessing step is read summarisation, where mapped reads are
assigned to annotated gene features to generate a count matrix, which is a
foundational dataset for differential expression analysis (Conesa et al., 2016; Love et
al., 2014).

Accurate gene-level quantification is a critical step in RNA-seq analysis, particularly
when assessing immune transcriptomes such as those of monocytes (Ranzani et al.,
2015; Soneson and Delorenzi, 2013). The choice of quantification tool and
annotation database can substantially influence downstream results, especially in
regions with alternative splicing or overlapping exons (Frankish et al., 2019; S. Zhao
et al., 2015). The featureCounts function from the Subread package (Y. Liao et al,,

2014) has emerged as a widely adopted tool for gene-level read summarisation due

' Part of the Genome Analysis Toolkit; Available from http://broadinstitute.github.io/picard/
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to its computational efficiency, flexibility with input formats, and robust handling of
complex gene models and exon overlaps (Chandramohan et al., 2013; Y. Liao et al.,
2014). It is particularly suited for large-scale RNA-seq datasets, offering a balance

between speed and accuracy (Y. Liao et al., 2014).

While alternative tools such as HTSeq (Anders et al., 2015), Salmon (Patro et al.,
2017), and Kallisto (Bray et al., 2016) are commonly used, each presents trade-offs.
Both HTSeq and featureCounts discard ambiguous reads between isoforms, but
HTSeq is more sensitive to annotation inconsistencies, which can introduce
variability in gene-level estimates (Chandramohan et al., 2013; Y. Liao et al., 2014).
In contrast, featureCounts maintains robust performance even in the presence of
overlapping or incompletely annotated transcripts (S. Zhao et al., 2015). Pseudo-
alignment tools like Salmon and Kallisto, while excellent for transcript-level
qguantification, require additional steps to collapse transcript estimates into gene-
level summaries, adding complexity when gene-centric analysis is the primary focus

(Sarantopoulou et al., 2021).

2.2.2 DEGs ldentification and Analysis

DEG analysis is a fundamental technique in RNA-seq that enables the identification
of genes with significant expression changes across different phenotypes (Anders
and Huber, 2010; S. Liu et al., 2021; Love et al., 2014). It plays a crucial role in RNA-
seq data processing, providing insights into gene regulation, disease mechanisms,
and cellular responses, and it is widely employed in various biological research
contexts, including studies on both human and plant (J.-W. Chen et al., 2023; Costa-
Silva et al., 2023; Emmert-Streib and Glazko, 2011; McDermaid et al., 2019; Rosati
et al., 2024). By integrating rigorous normalisation, statistical modelling, and
visualisation techniques, DEG analysis has become indispensable for exploring gene
responses to biological stimuli, unravelling complex BPs, and generating valuable

insights into gene function (Costa-Silva et al., 2023; McDermaid et al., 2019).
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The differential expression analysis pipeline typically follows several key steps. The
first involves data preprocessing and normalisation to reduce technical variability
and improve comparability across samples (S. Liu et al., 2021; Rosati et al., 2024).
Commonly used statistical frameworks such as DESeq2 (Anders and Huber, 2010;
Love, 2024; Love et al., 2014), edgeR (McCarthy et al., 2012; Robinson and Smyth,
2007), and others model count data using negative binomial distributions and apply
distinct normalisation strategies. The DESeq2 package was selected for its robust
handling of non-normal count distributions, mean-variance dependence, and small
sample sizes (Lonnstedt and Speed, 2002). DESeq2 models dispersion across genes,
often outperforming alternatives such as edgeR (McCarthy et al., 2012; Robinson and
Smyth, 2007) and Bayesian methods like DSS, baySeq, and ShrinkBayes (Hardcastle
and Kelly, 2010; Van De Wiel et al., 2013; H. Wu et al., 2013), especially in datasets
with small sample sizes or over dispersed count data (Rapaport et al., 2013). DESeq2
(Love et al., 2014) applies a Negative Binomial Generalised Linear Model (GLM) to
handle variability in RNA-seq data (McCullagh, 2019). Moreover, DESeq2 uses a
geometric mean-based normalisation (median-of-ratios) to correct for sequencing
depth and compositional bias, while edgeR implements the Trimmed Mean of M-
values method under the assumption that most genes are not differentially
expressed (Finotello et al., 2014; Oshlack et al., 2010; Rapaport et al., 2013). In this
study, batch correction was not applied, as all samples were sequenced within a
single experimental run, eliminating the risk of batch-related technical confounding.
This design choice ensured that normalisation procedures were sufficient to account
for technical variation and further correction steps, such as surrogate variable

analysis (Leek and Storey, 2007) or ComBat (Johnson et al., 2007), were not required.

Alternative approaches such as NOISeq (Tarazona et al., 2011, 2015) and SAMseq
(J. Li and Tibshirani, 2013), which do not rely on predefined statistical distributions,
offer flexibility for datasets with limited replicates or those sensitive to outliers (J. Li
and Tibshirani, 2013; Tarazona et al., 2011). Hybrid methodologies, like the

Consexpression approach, combine multiple tools to improve DEG detection by
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leveraging consensus analysis across parametric and non-parametric methods, thus
enhancing reliability (Costa-Silva et al., 2017, 2023). Once normalised, the data
undergoes statistical modelling to identify DEGs, and multiple testing corrections
are applied to control False Discovery Rates (FDRs) (S. Liu et al., 2021; Love et al.,
2014; Robinson and Smyth, 2007). However, challenges remain in selecting
appropriate cutoff thresholds for Logarithm (base 2) of the Fold Change (log2FC) and
p-values, as these must be tailored to the specific dataset and experimental

conditions (Souza et al., 2018; Tarazona et al., 2011).

Visualisation plays a critical role in making DEG analysis results interpretable and
actionable. Common methods include mean-average (MA) plots, which show the
relationship between mean expression and log2FC, and volcano plots, which
combine effect size and statistical significance to summarise DEGs intuitively
(Andrade, 2019; Evans et al., 2018; Farahbod and Pavlidis, 2019; McDermaid et al.,
2019; Rosati et al., 2024; Wodrich et al., 2021). Heatmaps complement these by
displaying gene expression patterns across conditions, highlighting clusters and
trends within complex datasets (McDermaid et al., 2019). The clarity and validity of
these visualisations depend on appropriate scaling, well-defined statistical
thresholds, and adequate biological replication to ensure robust interpretation (S.
Liu et al., 2021; McDermaid et al., 2019). In this study, these standard visualisation
approaches were applied to summarise the monocyte transcriptomic response to
LPS stimulation and to support the identification of biologically meaningful DEG

signatures.

DEG analysis continues to evolve, with emerging machine learning techniques
adding new dimensions to the process. For example, Genetic Algorithm k-Nearest
Neighbours aids in gene selection, while Convolutional Neural Networks, which are
often trained on graph-based or structured representations of transcriptomic data,
are increasingly used to identify critical transcripts (L. Li et al., 2001; Y. Li et al., 2017;
Lyu and Haque, 2018; Mostavi et al., 2020; Pratama et al., 2021). These machine

learning methods complement traditional statistical models and improve DEG
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detection, helping researchers identify biologically significant genes with greater

accuracy (J.-W. Chen et al., 2023).

Despite the significant advancements, DEG analysis faces inherent challenges, such
as the complexities introduced by biological variability, alternative splicing, and
sequencing noise (Soneson and Delorenzi, 2013). As computational methods
continue to improve, integrating parametric, non-parametric, and hybrid approaches
is expected to further enhance the robustness and accuracy of DEG detection

(Costa-Silva et al., 2023).

2.2.3 Pathway Analysis: Gene set, Gene Ontology and
Functional Enrichment Analysis

Pathway analysis and functional enrichment are essential methodologies for
interpreting gene expression data, enabling insights into biological mechanisms
underlying experimental conditions (Bayerlova et al., 2015; J.-W. Chen et al., 2023;
Conesa et al., 2016; Gondane and Itkonen, 2023; Q. Huang et al., 2018; Jaakkola
and Elo, 2016). These approaches contextualise DEGs within biological pathways,
enhancing the interpretation of high-throughput omics studies (J.-W. Chen et al,,
2023; Gondane and Itkonen, 2023; T. Wu et al., 2021).

Gene set enrichment approaches help interpret gene expression data by
contextualising DEGs within biological pathways. Two major strategies, Over-
Representation Analysis (ORA) and GSEA, were employed in this study to capture

complementary layers of biological meaning.

ORA, implemented through GO enrichment using the clusterProfiler package (T. Wu
etal., 2021;S. Xu et al., 2024; G. Yu et al., 2012), identifies functional categories that
appear more frequently among differentially expressed genes than expected by
chance. This approach emphasises discrete gene lists, making it well-suited for
capturing high-confidence signals linked to sharply regulated processes such as

immune activation or metabolic shifts (J.-W. Chen et al., 2023; Gondane and Itkonen,
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2023). GSEA, by contrast, does not rely on a predefined DEG threshold. Instead, it
evaluates whether predefined gene sets are consistently enriched toward the top or
bottom of the full ranked expression dataset (Mootha et al., 2003; Subramanian et
al., 2005). In this study, non-pre-ranked GSEA was conducted using the standalone
software from the Broad Institute (Mootha et al., 2003; Subramanian et al., 2005),
using phenotype-based label permutations to uncover coordinated expression
programmes. This approach proved especially valuable for detecting subtle yet
biologically coherent shifts, such as tolerogenic or IFN-related signatures, that might

not reach strict significance in a differential expression framework.

Together, ORA and GSEA allowed for the detection of both sharply overrepresented
pathways and more diffuse transcriptional trends, providing a multi-layered view of

the BPs engaged during monocyte reprogramming.

Pathway analysis methods can be categorised based on whether they incorporate
unstructured gene collections, disregarding known gene and protein interactions (Q.
Huang et al., 2018). Conversely, topology-based methods integrate pathway
structural organisation, representing pathways as networks of nodes (genes or
proteins) and edges (interactions) (Q. Huang et al., 2018). Notable topology-based
methods include Signalling Pathway Impact Analysis (SPIA) (Draghici et al., 2007),
iPathwayGuide (Ahsan and Draghici, 2017), Pathway Enrichment Analysis (PWEA)
(Ibrahim et al., 2014), and Pathway Regulation Score (PRS) (Reimand et al., 2019).
clusterProfiler also supports comparative functional profiling, enabling enrichment

analyses across experimental conditions (T. Wu et al., 2021; S. Xu et al., 2024).

Statistical testing plays a critical role in pathway analysis, ensuring that observed
pathway enrichment is not due to random variation. Common statistical methods
include Fisher's exact test, used by DAVID (D. W. Huang et al., 2009), the
Kolmogorov-Smirnov test in GSEA (Charmpi and Ycart, 2015), and Wilcoxon signed-
rank and Bootstrapping tests (Q. Huang et al., 2018; Nam and Kim, 2008). The
PATHChange package integrates multiple statistical approaches, including

Bootstrapping, Fisher's exact test, and Wilcoxon signed-rank test (Fontoura et al.,
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2016; R Core Team, 2023). Additionally, Graphite provides a unified interface for
topology-based methods such as TopologyGSA, clipper, DEGraph, and SPIA (Sales et
al., 2012).

Several databases provide curated gene sets and pathway annotations to support
pathway analysis. Key resources include the Kyoto Encyclopaedia of Genes and
Genomes (KEGG) (Kanehisa et al., 2012, 2017), PathwayCommons (Cerami et al.,
2012), Reactome (Fabregat et al., 2016, 2018), and WikiPathways (Kelder et al.,
2012). The Molecular Signatures Database (MSigDB) (Liberzon et al., 2015) is
extensively used for GSEA studies, ensuring access to well-annotated biological
pathways. clusterProfiler extends its capabilities by integrating custom annotations
for disease ontology (G. Yu et al., 2015), gene-disease associations (G. Yu, 2018b),
and specialised pathway resources such as Reactome and WikiPathways (Fabregat
et al., 2016, 2018; Kelder et al., 2012).

Despite its strengths, pathway enrichment analysis has limitations, including
inconsistencies between databases regarding gene composition and biases toward
well-characterised pathways (Reimand et al, 2019). Additionally, pathway
boundaries can be somewhat arbitrary, affecting enrichment results (Reimand et al.,
2019). Tools like GOSemSim help refine GOresults by eliminating redundant terms
based on semantic similarity (Ashburner et al., 2000;
The Gene Ontology Consortium, 2019; T. Wu et al., 2021; S. Xu et al., 2024, p. 20;
G. Yu, 2018b; G. Yu et al., 2012).

Visualisation of pathway enrichment results is crucial for interpretation.
clusterProfiler implements the enrichplot sub-package, leveraging ggplot2 for
customisable graphical representations (Wickham et al., 2019; G. Yu, 2018a). This
visualisation framework enhances interpretability by providing flexible

customisation options based on the grammar of graphics (G. Yu, 2018a).

By integrating diverse statistical approaches and leveraging curated pathway

databases, pathway analysis remains a powerful tool for elucidating biological
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mechanisms in genomic studies. The combination of gene set-based and topology-
based approaches enables a more comprehensive understanding of cellular
processes, ultimately improving the interpretation of high-throughput omics data (J.-
W. Chen et al., 2023; Gondane and ltkonen, 2023; Q. Huang et al., 2018; Reimand
etal., 2019; T.Wu et al., 2021; S. Xu et al., 2024).

2.2.4 PPl Networks

Proteins operate within complex, interconnected networks rather than in isolation.
To capture the functional architecture of the cell, PPl networks are often filtered
using transcriptomic data to reflect context-specific expression patterns (Chatr-
Aryamontri et al., 2017; Greene et al., 2015). In eukaryotic systems, the construction
of condition- or tissue-specific PPl networks increasingly relies on RNA-seq data to
include only interactions involving actively transcribed genes under the
experimental conditions (Barshir et al., 2014; Bossi and Lehner, 2009; Lopes et al.,
2011; Szklarczyk et al., 2023). This refinement enhances biological relevance and
interpretability by eliminating interactions involving non-expressed or irrelevant

proteins (Greene et al., 2015; Szklarczyk et al., 2023).

Advanced computational frameworks have been developed to integrate interactome
and transcriptome data. For example, Murali et al. (2014) proposed methods for
tailoring global interactomes using expression thresholds from RNA-seq. Szklarczyk
et al. (2023), through the STRING database, further allow functional enrichment of
filtered networks across tissues. Singh et al. (2018) and Hollander et al. (2021)
introduced transcriptome-informed network rewiring models, which trace
interaction dynamics under different conditions, shedding light on the plasticity of
signalling pathways. Together, these approaches enable more accurate modelling of
biologically meaningful networks and reveal regulatory mechanisms that are active

in a specific cellular context (Greene et al., 2015).
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PPl networks exhibit a scale-free structure, where a small number of hub proteins
play a critical role in maintaining network stability (Hollander et al., 2021). These
networks also contain tightly connected clusters that often correspond to functional
protein complexes (Girvan and Newman, 2002; Hollander et al., 2021). Identifying
these complexes is essential, as co-expressed proteins frequently share similar
biological functions (Hollander et al., 2021). Structural domain information further
aids in predicting stable protein interactions and analysing Domain-Domain
Interactions, offering deeper mechanistic insights into protein functionality (Aloy
and Russell, 2006; Ozawa et al., 2010; Will and Helms, 2016). Additionally,
alternative splicing plays a significant role in shaping PPIls, as most human genes
produce multiple isoforms, each capable of interacting with distinct sets of partners
(Yang et al., 2016). This highlights the necessity of isoform-specific analysis to fully
understand the complexity of protein interaction networks (Buljan et al., 2012; Ellis

et al., 2012; Pan et al., 2008; Yang et al., 2016).

Several computational platforms have been developed to facilitate PPl network
analysis. The STRING database aggregates protein interaction data from more than
10,000 species, integrating experimental findings, computational predictions, and
literature-based associations (Szklarczyk et al., 2023). It compiles information from
multiple repositories, including BioGRID (Oughtred et al., 2021), DIP (Salwinski et al.,
2004), PDB (Berman et al., 2000), and IntAct (Orchard et al., 2014), as well as
functional interaction annotations from KEGG (Kanehisa et al., 2012, 2017),
Reactome (Fabregat et al., 2016, 2018), and GO (The Gene Ontology Consortium,
2019). By assigning confidence scores to interactions, STRING allows researchers
to evaluate the reliability of predicted associations (Szklarczyk et al., 2023). The latest
STRING 12.0 update introduced machine learning-based improvements in co-
expression prediction and refined confidence estimation for experimental data

(Szklarczyk et al., 2023).

In addition to STRING, other tools provide specialised functionality for PPI analysis.

NetworkAnalyst offers a web-based platform for interactive PPl network
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exploration, enabling users to input gene or protein lists, build networks from
curated datasets, and analyse network topology to identify key hubs (Xia et al.,
2014). The platform supports module detection to identify highly interconnected
functional subgroups and enrichment analysis to associate networks with biological
pathways. NetworkAnalyst also features real-time visualisation capabilities, though
it is optimised for networks with fewer than 5,000 nodes to maintain computational

efficiency (Xia et al., 2014).

For tissue-specific PPl analysis, DifferentialNet (Basha et al., 2018) integrates
experimental interaction data with RNA-seq expression profiles from the Genotype-
Tissue Expression consortium (GTEx) (GTEx Consortium, 2013) and the Human
Protein Atlas (HPA) (Uhlén et al., 2015). It assigns tissue-specific scores to
interactions based on gene expression levels, allowing researchers to investigate
how PPIs vary across different tissues (Basha et al., 2018). The tool's Cytoscape.js-
powered interface (Franz et al., 2016) enables users to visualise and filter differential
interactions based on expression patterns (Basha et al., 2018). This platform is
particularly useful for studying context-dependent regulatory mechanisms and

exploring proteins with tissue-specific interaction dynamics (Basha et al., 2018).

The computational tools offer essential frameworks to analyse PPI networks across
various biological contexts. Researchers can achieve better understanding of protein
function and interaction specificity and cellular network dynamics through the

combination of experimental data with advanced computational methods.

2.3 Literature Review

As previously presented, LPS plays a dual role in innate immune regulation. It initially
activates monocytes via TLR4, triggering robust cytokine release (Ngkelo et al.,
2012), however, sustained exposure leads to a tolerant state marked by suppressed
pro-inflammatory responses and increased expression of anti-inflammatory

mediators (Cavaillon and Adib-Conquy, 2006; Mages et al., 2007). This adaptive
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reprogramming, while protective against tissue damage, compromises immune
vigilance and has been linked to poor clinical outcomes in sepsis (Cavaillon and Adib-
Conquy, 2006; Monguio-Tortajada et al., 2018). Increasing evidence suggests that a
similar monocyte-tolerant phenotype may occur in non-septic conditions like CAP,
potentially contributing to prolonged recovery, reinfection risk, and impaired
immune function (Dorneles et al., 2023; Teixeira et al., 2021). Metabolic shifts, such
as altered mitochondrial respiration and glycolysis, appear to underpin these

functional changes in monocytes (Lachmandas et al., 2016).

Endotoxin tolerance is an adaptive process where monocytes become
hyporesponsive to repeated LPS stimulation, reducing inflammation but potentially
compromising host defence. Foundational work by van der Poll et al. (1996) showed
that a single LPS dose in healthy humans suppressed TNF-a, IL-6, and [L-10
production upon re-exposure, with plasma from treated individuals inhibiting

cytokine release in naive donor blood, implying a role for circulating mediators.

This reprogramming extends beyond cytokines. Weijer et al. (2002) reported
impaired IFN-y signalling, reduced IL-12, and downregulated MHC I, indicating
broader immunosuppression. Key negative regulators like IL-10 and IL Receptor-
Associated Kinase (IRAK)-M have been implicated: van't Veer et al. (2007) showed
that LPS exposure upregulates IRAK-M and downregulates IRAK-1, curbing TLR

signalling and sustaining monocyte unresponsiveness even after IL-10 normalisation.

Epigenetic remodelling also plays a central role. Saeed et al. (2014) demonstrated
lasting reductions in H3K27ac at tolerised gene loci, dampening cytokine
transcription. Novakovic et al. (2016) showed that B-glucan treatment could reverse

this silencing, restoring immune responsiveness.

On the metabolic front, Tannahill et al. (Tannahill et al., 2013) linked succinate
accumulation to HIF-1a-mediated IL-1 induction, a process dampened in tolerant

cells. Grondman et al. (Grondman et al., 2019) found reduced glycolysis, oxidative
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phosphorylation, and pentose phosphate activity in tolerised monocytes, functional

deficits partially reversible by IFN-y (Leentjens et al., 2012).

Together, these studies reveal tolerance as a complex cellular adaptation involving
epigenetic, transcriptional, and metabolic rewiring. While initially protective,
prolonged tolerance in contexts like sepsis or CAP may drive immune dysfunction

and poor clinical outcomes (Hotchkiss et al., 2013b).

To investigate these dynamics, a structured literature review was conducted
focusing on LPS-induced monocyte tolerance, with attention to transcriptional
reprogramming, metabolic alterations, cytokine suppression, and relevance to
respiratory infections. Searches were conducted in PubMed and NCBI-GEO using
combinations of keywords including “monocytes,” “LPS,” “immune tolerance,
“trained immunity,” “endotoxin,” and “immune suppression.” Inclusion criteria
prioritised peer-reviewed, full-text studies published in English and based on RNA-
seq or comparable transcriptomic platforms. Exclusion criteria ruled out preprints,
reviews, pediatric studies, and research unrelated to infectious tolerance. Manual
screening of references from key primary and review articles supplemented database
searches to ensure comprehensive coverage. This process yielded a curated body of
literature characterising LPS-induced tolerance in human models, highlighting

common pathways across septic and non-septic contexts, and revealing a need for

deeper investigation into monocyte dysfunction during CAP.

While substantial progress has been made in understanding LPS-induced immune
tolerance, the existing literature reveals several limitations that constrain both

mechanistic insight and clinical translation in non-septic respiratory infections.

2.3.1 Innate Immune Tolerance
Historically, much of what is known about monocyte immune tolerance has been
derived from the study of sepsis and in vivo endotoxemia models. These systems

have provided critical insights into how dysregulated systemic inflammation, often
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triggered by severe infection, leads to a suppressive immune state. For example,
Wiersinga et al. (2009) demonstrated that monocytes isolated from patients with
sepsis caused by Burkholderia pseudomallei exhibited significantly reduced
production of TNF-a, IL-1B, and IL-8 following LPS stimulation. This functional
impairment was accompanied by elevated expression of IRAK-M and diminished
levels of IRAK-1, which are molecular markers indicative of an immunosuppressive
reprogramming of monocyte function. Importantly, higher IRAK-M levels at
admission were associated with increased mortality, underlining the clinical

significance of this altered immune state.

Shalova et al. (2015) provided further evidence of this phenomenon through
transcriptomic profiling of monocytes from septic patients, revealing an early burst
of pro-inflammatory cytokine expression followed by a marked downregulation
upon repeated stimulation. Notably, while monocytes entered a tolerised state, they
maintained essential antimicrobial functions such as phagocytosis and VEGF-A
expression. These findings underscored that immune tolerance in sepsis is not a

blanket shutdown of function, but a selective reprogramming of immune responses.

Despite the valuable knowledge gleaned from these models, they are limited in
scope. In vivo endotoxemia models and sepsis cohorts are inherently biased toward
systemic inflammation, often relying on high-dose LPS exposure or severe infection
(Kox etal.,2011; van't Veer et al., 2007). These conditions do not mirror the immune
dynamics present in localised infections like CAP, which frequently lacks the
profound systemic inflammatory shock seen in sepsis. Consequently, findings
derived from these models may not fully generalise to respiratory infections that

involve more compartmentalised immune responses.

This disconnect is well illustrated by Hoogerwerf et al. (2010), who found that local
LPS exposure in the lung induces immune priming rather than tolerance, suggesting
that the anatomical site of inflammation plays a critical role in shaping immune

outcomes. Nevertheless, the impact of spatial context on monocyte reprogramming
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has received limited attention in the literature, particularly with respect to infections

confined to the pulmonary compartment.

2.3.2 Evidence of Immune Tolerance in CAP

Recent studies have begun to challenge the assumption that monocyte immune
tolerance is exclusive to sepsis or endotoxemia. There is now growing recognition
that non-septic infections, such as CAP, can also drive a tolerised monocyte
phenotype. For instance, Brands et al. (2020) showed that patients with CAP
exhibited diminished production of TNF-a, IL-1B, IL-6, and IL-10 in response to LPS
during the acute phase of illness. Importantly, this blunted response was observed
even in CAP patients without sepsis, thereby decoupling immune suppression from

systemic inflammation and suggesting a broader relevance of immune tolerance.

Building on this, Brands et al. (2021) applied RNA sequencing to LPS-stimulated
monocytes from CAP patients, identifying nearly 3,000 DEGs. Their findings
revealed widespread transcriptional downregulation of cytokine signalling and
antigen presentation pathways during the acute phase, some of which, like IL-6
production, remained impaired even a month post-hospitalisation. The study also
pointed to transcriptomic shifts in cholesterol biosynthesis and localised DNA
methylation changes, indicating that metabolic and epigenetic reprogramming may

underpin the development of immune tolerance in CAP.

Further support for this comes from Otto et al. (2022), who analysed the metabolic
profiles of monocytes from CAP patients. They observed elevated pyruvate levels
and upregulated glycolytic genes, even though cytokine output remained
suppressed after LPS stimulation. Interestingly, pyruvate concentrations positively
correlated with IL-10 and IL-1B levels, suggesting that the observed metabolic

alterations may serve regulatory, rather than purely inflammatory, functions.
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2.3.3 Mechanistic Tools and Gaps in CAP Research

To investigate these complex immune alterations, many studies have employed ex
vivo LPS stimulation models in conjunction with transcriptomic profiling. This
approach allows for the dissection of cell-intrinsic regulatory networks in a
controlled experimental setting. For example, Pinilla-Vera et al. (2016) used ex vivo
LPS stimulation of alveolar macrophages from healthy individuals and uncovered
gene expression profiles enriched for inflammatory, IFN-related, and metabolic
pathways. These findings established the validity of this approach in modelling

innate immune responses.

In clinical contexts, this methodology has been extended to sepsis and COVID-19.
Shalova et al. (2015) and Maher et al. (2022) used RNA-seq to show that prolonged
or repeated LPS exposure in monocytes results in transcriptional suppression of
cytokine and IFN signalling pathways, alongside the upregulation of inhibitory

regulators such as IRAK-M and the suppression of antigen presentation machinery.

Despite the widespread use of such approaches, CAP remains poorly represented in
transcriptomic studies of immune tolerance. Dominguez-Andrés et al. (2019)
highlighted the potential of integrated omics approaches by combining
transcriptomic, epigenetic, and metabolomic data to show that LPS-tolerised
monocytes undergo chromatin silencing, diminished glycolytic flux, and
mitochondrial dysfunction. Yet few studies have applied similar integrative

frameworks to CAP.

Brands et al. (2021) remains the most comprehensive CAP study using RNA-seq, but
even this dataset has not been widely replicated or extended. The absence of
stratified analyses by factors such as sex, cytokine responsiveness, or stage of
recovery has hindered efforts to identify robust tolerance signatures or develop
personalised therapeutic strategies. The present study aims to address this gap by
employing DESeq2 to analyse LPS- and media-treated monocytes from CAP
patients, with stratification by sex and immune phenotype to capture interindividual
variation in monocyte responses.
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2.3.4 Conceptual and Methodological Limitations

Several conceptual and methodological challenges continue to limit progress in this
area. One critical issue is the assumption of homogeneity in immune tolerance.
Recent studies suggest that monocyte responses are highly heterogeneous. For
instance, Brands et al. (2021) reported that IL-6 suppression persisted in some CAP
patients even after clinical recovery, indicating that tolerance exists on a continuum
shaped by factors such as metabolic status, sex, and prior inflammatory exposure.
However, most current analyses apply a group-level lens, which can obscure

meaningful interindividual variation.

Another challenge lies in the functional assays used to infer tolerance. Ex vivo
cytokine production, though widely used, may not reliably reflect systemic immune
status. Jansen et al. (2023), for example, found that TNF-a levels measured ex vivo
did not correlate with in vivo cytokine responses in healthy volunteers challenged
with LPS, raising questions about the translational relevance of these assays,

particularly in complex clinical settings like CAP.

Finally, the lack of specific biomarkers for early detection and stratification of
immune tolerance in CAP represents a major translational barrier. In sepsis, markers
such as HLA-DR, TNF-a, and IL-6 have been used to infer immune suppression
(Conway Morris et al., 2018; Monneret et al., 2006), but their utility in CAP remains
unproven. The localised and heterogeneous nature of CAP complicates biomarker
interpretation, and conventional cytokine-based assays lack the sensitivity to detect
subtle shifts in immune function (Menéndez et al., 2012; Pdvoa et al., 2024). This
hampers the development of targeted immunomodulatory therapies. While
experimental interventions such as IFN-y, B-glucan, and histone deacetylase
inhibitors have shown promise in reversing immune tolerance (Leentjens et al., 2012;
Novakovic et al., 2016; Ripamonti et al., 2022), there is no consensus on how to
identify suitable candidates for such treatments. Developing robust transcriptomic

or metabolomic classifiers to flag immune-tolerant patients at risk for poor outcomes
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or secondary infections remains an urgent clinical need (W. Chen et al., 2024; Rashid
etal., 2024).
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2.4 Summary

Monocytes are critical regulators of the innate immune response, capable of both
promoting inflammation and initiating immune resolution. Upon exposure to
microbial components such as LPS, monocytes can develop a state of immune
tolerance, marked by reduced cytokine output, transcriptional reprogramming, and
altered metabolic activity. While this phenomenon has been well-documented in
sepsis, emerging evidence shows that similar tolerogenic states also arise in non-

septic conditions like CAP, even in the absence of systemic inflammation.

In CAP, monocytes have been shown to retain immune-suppressive signatures
during and after acute illness, including reduced TNF-a and IL-6 production,
suppressed antigen presentation, and shifts in glycolysis and lipid metabolism.
Transcriptomic studies highlight widespread downregulation of inflammatory
pathways and persistent epigenetic changes, suggesting long-term immune
reprogramming. However, CAP remains underrepresented in immune tolerance

research, which has traditionally focused on sepsis or endotoxemia models.

To explore these dynamics, this study uses ex vivo LPS stimulation and RNA-seq of
monocytes from CAP patients, integrating DEG analysis with metadata on cytokine
responsiveness and sex. This approach aims to map the molecular architecture of
monocyte tolerance in pneumonia and identify context-specific immune alterations

with relevance to patient outcomes and therapeutic targeting.
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3. METHODOLOGY

This chapter outlines the methodological and computational framework employed
to investigate monocyte transcriptional responses during CAP. Given the study's
focus on gene expression profiling, particular emphasis was placed on ensuring data
quality, analytical reproducibility, and interpretability. The workflow integrates
established bioinformatics tools for RNA-seq preprocessing, alighment, and count
quantification, followed by robust statistical modelling for DEG analysis. This chapter
details each component of the analytical pipeline, including software choices,

statistical modelling in R, and downstream functional annotation.

3.1 Methodology Workflow: Pre-processing, Quality
Assessment, DEG, and Downstream Analysis

This project utilised a robust technology stack comprising specific libraries, software
tools, and their respective versions to ensure reproducibility and uphold data
integrity throughout the analysis. The Methodology section details the use of
publicly available tools and software, complemented by vignettes for data analysis
(Figure 3.1). Importantly, no new software or algorithms were developed, nor was

any laboratory work conducted to generate the data analysed in this dissertation.
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Figure 3.1. RNA-seq Data Pre-processing, Differential Expression Analysis, and
Downstream Functional Analysis Pipeline. The workflow for RNA-seq data processing
and analysis consisting of two main objectives. In Aim one (yellow boxes), raw RNA-seq
Fast Alignment Search Tool-Quality (FASTQ) files underwent QC using FastQC and
MultiQC, followed by adapter trimming with Trimmomatic. Trimmed reads were aligned
to the ENSEMBL Assembly and Patch Version 14 (GRCh38.p14) human genome using
HISAT2 and sorted with SAMTools. Gene expression was quantified using Subread
featureCounts to generate a count matrix, and differential expression analysis was
performed using DESeq2 with a Poisson-Negative Binomial model. Aim two (purple boxes)
focused on downstream analysis of DEGs, including functional annotation with
AnnotationDbi and org.Hs.eg.db, pathway analysis with GSEA, gene ontology enrichment
analysis using clusterProfiler, and PPl network analysis with STRING. Grey boxes
represented provided or publicly available data, while dotted lines and arrows indicated
data flow of supplementary or provided data or outputs from QC steps guiding
downstream decisions, such as read trimming. Tools, software, and packages were
highlighted in bold. The flowchart was created using the publicly available web-based
platform draw.io (JGraph Ltd., n.d.)
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3.2 Study population and Ethics Declaration

The seminal research for this dissertation was a longitudinal, observational cohort
study involving hospitalised patients diagnosed with CAP and age-, sex-matched
control participants. Blood samples were collected from 75 CAP patients during the
acute stage (hospitalisation) and 56 CAP patients one-month post-hospitalisation
(recovery stage), along with 41 control subjects without acute infections. All patients
and control subjects were age- and sex-matched (Brands et al., 2021). Specifically,
the TNF-a dataset comprised 5 high-responder females, 12 low-responder females,
9 high-responder males, and 11 low-responder males (PCA Plot Figure 4.8). To
account for confounding and biological heterogeneity, sex was explicitly
incorporated as an additive covariate in the DESeq2 design formula, ensuring that
differential expression estimates reflected cytokine-associated transcriptional

variation independently of sex-based immune differences.

Participants, aged 18 years or older, were recruited between October 2016 and June
2018 from the Internal Medicine ward or Intensive Care Unit of the Academic
Medical Center and BovenlJ Hospital in Amsterdam, the Netherlands. Patients were
enrolled within 16 hours of hospital admission and reassessed one month later.
Inclusion criteria required a primary clinical suspicion of acute respiratory tract
infection, supported by clinical symptoms and radiographic evidence. Exclusion
criteria were suspicion of aspiration or hospital-acquired pneumonia, haematologic
malignancies, exposure to specific medications, and recent antibiotic use (Brands et
al., 2021).

The RNA-sequencing data was obtained from primary monocytes purified from
patients and participants enrolled in the clinical study entitled Effect of Leukocyte
Dna mEthylation and micRoBIOME Diversity on Host Defence Mechanisms During
Community-Acquired Pneumonia - ELDER-BIOME (Brands et al., 2021), which

received ethical approval from the medical ethics committee of Amsterdam
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University Medical Centre2. All procedures adhered to the 2013 Helsinki Declaration
(World Medical Association Declaration of Helsinki: Ethical Principles for Medical
Research Involving Human Subjects - PubMed, 2013), with written informed
consent obtained from all eligible participants, or their legal representatives, prior to

their inclusion (Brands et al., 2021).

The RNA-seq data analysed in this dissertation was exclusively subjected to
computational and bioinformatics analysis. No involvement in the original data
collection or wet laboratory work occurred, and no individual clinical data was

incorporated in this analysis.

The study described in this dissertation, submitted under identifier (ID) Centre for
Molecular Medicine and Biobanking (CMMB)-2024-00011, was reviewed and
endorsed by the Faculty Research Ethics Committee (F/REC) and the principal

investigator, Doctor Brendon Scicluna.

3.3 Monocyte Isolation and Purity

Heparinised blood samples were diluted and processed to isolate peripheral blood
mononuclear cells (PBMCs) using density-gradient centrifugation®. Monocytes were
then isolated from PBMCs using magnetic beads coated with antibodies targeting
Cluster of Differentiation 14 (anti-CD14) antibodies*. Purified monocytes were
cultured in 48-well plates at a density of 0.5x10° cells per well. The cells were then
incubated for 24 hours at 37°C with 5% Carbon Dioxide and 95% humidity in 400 pl
of RPMI medium supplemented with 10% foetal calf serum?, 200 mM glutamax®,

100 uM pyruvate’, and 50 pg/ml gentamicing. The cells were treated with 100 ng/ml

2NL57847.018.16; clinical trial registration number NCT02928367
3 GE healthcare, 17-1440-02

4 Miltenyi Biotec, 130-050-201

5 Qiagen

8 Thermo Fisher

7 Lonza

8 Invivogen
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E. coli LPS or left untreated. After incubation, supernatants were collected and stored
at -80°C for subsequent analysis. Ex vivo cytokine production, such as for TNF-a

after LPS stimulation, was measured by Luminex multiplex assay? and BioPlex 20019,

3.4 DNA and RNA Isolation

Total RNA was isolated from monocyte samples using the AllPrep DNA/RNA Mini
Kitl? following the manufacturer’s protocol. RNA quality was evaluated using an
Agilent Bioanalyser'2, and all samples exhibited RNA integrity numbers greater than

nine. RNA concentrations were quantified using a Qubit® 2.0 Fluorometer13,

3.5 RNA Sequencing

RNA sequencing libraries were prepared from total RNA samples using the KAPA
RNA HyperPrep Kit with RiboErasel4. Sequencing was performed on the lllumina
HiSeq 4000 platform?>, generating SE reads of 50 base pairs (bps) in length, with a
target sequencing depth of approximately 40 million reads per sample and a 30x per-

base coverage.

3.6 Raw Data Pre-processing and QC
A total of 92 raw FASTQ (Fast Alignment Search Tool - Quality) files were provided,

representing 46 media-treated samples and 46 E. coli LPS-treated samples.

Additionally, two metadata files were included: one distinguishing LPS-treated from

9 R&D Systems Inc., Minneapolis, MN
% BioRad, Hercules, CA

" Qiagen

2 Agilent

3 Life Technologies, Carlsbad, CA, USA
4 Roche

5 llumina
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media-treated monocytes, and the other categorising TNF-a responses within the

LPS-treated group, further stratified by sex (female and male).

FastQC V0.12.1 (Andrews, 2010) and MultiQC V1.15 (Ewels et al., 2016) were
initially used for QC and visualisation of raw sequencing data. FastQC provided
comprehensive metrics on sequence quality, duplication levels, and other quality
indicators, generating individual reports for each FASTQ file, which were manually
reviewed. After trimming, FastQC was rerun on the processed files to assess
improvements in read quality. A total of 184 FastQC HyperText Markup Language
(HTML) reports were generated for 92 RNA-seq libraries, covering both pre- and
post-Trimmomatic processing. MultiQC aggregated these into summaries for raw
and trimmed data, along with a final report combining both. This report provided an
overview of sequencing quality, adapter contamination, and data integrity
(“multigc_report.html”, can be accessed from the attached FastQC_MultiQC
subfolder of the MMB5010_IOANA_NEAMTU_DISSERTATION_SUBMISSION
folder).

The downloaded FASTQ files were initially processed to remove Illlumina sequencing
adaptors, trim low-quality bps, and discard short reads using Trimmomatic (Version

0.39; Bolger et al., 2014).

The adapter trimming process utilised 12 threads for efficient processing and
involved removing lllumina adapter sequences with the ILLUMINACLIP option and
the TruSeq3-SE.fa adapter file, using parameters for seed mismatches (2),
palindrome clipping threshold (30), and simple clip threshold (10). To enhance data
quality, low-quality bps were trimmed from the start and end of reads with LEADING
and TRAILING thresholds of 3, while a SLIDINGWINDOW approach (window size 4,
quality threshold 15) ensured consistent read quality throughout. Reads shorter than
36 bps were discarded using the MINLEN option.
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3.7 Alignment
Following QC, HISAT2 (Version 2.2.1; Kim et al., 2019) was used to align trimmed

reads to the human reference genome (Harrison et al., 2024).

Genomic data for Homo sapiens from ENSEMBL release 110 was retrieved from the
ENSEMBL File Transfer Protocol (FTP) server. This included the DNA sequence file
in FAST-AIl (FASTA) format and the gene annotation file in Gene Transfer Format
(GTF), both corresponding to the GRCh38.p14 human genome (Harrison et al.,
2024).

Following the creation of the index from the DNA sequence file, using the hisat2-
build command, HISAT2 was used to align the trimmed reads to the indexed
reference genome, with several important parameters applied. These included
setting 16 threads for parallel processing (--threads 16) to accelerate the alignment.
The Phred33 quality score format was specified (--phred33), ensuring accurate
interpretation of base quality scores. The complementary DNA (cDNA) reads were
treated as strand-specific, with the reverse and forward strands indicated (--rna-
strandness RF). The input files were in SE FASTQ format (-U), and the results were
output in SAM format (-S), with filenames based on the original input file names.
Additionally, timing was enabled (-t) to provide detailed information for performance

monitoring and troubleshooting.

SAM output files generated from HISAT2 alignments were processed using
SAMTools (Version 1.9; H. Li et al., 2009). Each SAM file was sorted by genomic

coordinates, converted to the BAM format, and compressed.

3.8 Counts Matrix Generation of Gene Expression

Read counts were generated using Subread software package featureCounts (Version

2.0.6; Liao et al., 2014). Sorted BAM files were processed, and the resulting gene-
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level count matrices were compiled with sample metadata for downstream

differential expression analysis.

This tool quantified read counts from sorted BAM files, generating count matrices
and sample information files. All files were transferred to a local machine, and
featureCounts was executed with specified parameters, including the GTF annotation
file GRCh38.110.gtf.gz, output file name (-o subread_counts), number of threads (-T
12), and the attribute used for read summarisation (-g gene_id). The command was
applied to all sorted BAM files in the directory. After execution, the resulting count
matrices and sample metadata were compiled into Comma-Separated Values (csv)

files counts.csv and sample_info.csv for downstream analysis.

3.9 Statistical analysis

Statistical analysis was performed using DESeq2 to identify DEG in RNA-seq
datasets. The workflow included data filtering, normalisation, Variance-Stabilising
Transformation (VST), PCA, and hierarchical clustering. Gene-level dispersion was
modeled using negative binomial GLMs, with log2FC shrinkage applied to improve
effect size estimation. Results were corrected for multiple testing to ensure

robustness and interpretability.

3.9.1 Data Preprocessing and Filtering

The RNA-seq data for both analyses (LPS-treated vs. media-treated and high- vs.
low-cytokine response based on TNF-a release) underwent stringent filtering to
remove low-count observations. Given the data sets' large sizes (56,284 initial
observations across 92 samples and across 37 samples, respectively), a threshold of

100 counts was applied to exclude low-abundance features.

The data was also divided into quantile groups based on TNF-a levels after LPS

exposure relative to medium controls (high or low responders) using dplyr R library.
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A boxplot (Figure 4.7) was generated to visualise the distribution of A TNF-a levels
across defined quantile groups. The Interquartile Range (IQR), lower (Q1), and upper

(Q3) quartiles were calculated to define outlier thresholds.

3.9.2 Differential Expression Analysis: QC and VST

The DESeq2 package (Love, 2024; Love et al., 2014) implemented in R (version 4.0.3;
R Core Team, 2023) and Bioconductor (Gentleman et al., 2004), was selected for
DEG analysis. This was performed to investigate transcriptomic changes in
monocytes under the two experimental conditions. Read counts were imported and
stored in a DESeqDataSet object using the DESeqDataSetFromMatrix function,

allowing for internal tracking of experimental design and metadata.

Count normalisation was performed using DESeq2’s median-of-ratios method
(Anders and Huber, 2010; Love et al., 2014), implemented via the estimateSizeFactors
function. This adjusted for variation in sequencing depth and RNA composition,
ensuring that differential expression reflected true biological differences rather than
technical variability (Love et al., 2014). Size factor distributions were also assessed
across samples to confirm normalisation effectiveness. normalised column sums
revealed a subset of samples (S3013L, S1052M, S3013M, S3032M, and S3019L)
with fewer than five million normalised reads; these were flagged for inspection but

ultimately retained due to alignment with overall QC metrics.

For variance stabilization and dimensionality reduction, VST was applied using the
vst() function with blind=TRUE to avoid experimental design bias (Love, 2024; Love
et al., 2014; McDonnell Genome Institute - Washington University, 2019). The
transformation enabled PCA and clustering analyses by improving signal-to-noise
ratio in low-count genes. Data sparsity was further evaluated using DESeq2’s
plotSparsity() function to visualise the distribution of zero-count values across genes
(Appendix Figure 3) (Love et al., 2014). This confirmed that low-count filtering was

effective and ensured the retention of informative features by demonstrating that
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many genes were either lowly expressed or highly sample-specific, thus supporting
the threshold of excluding transcripts with fewer than 100 counts (Appendix Figure
3).

Raw (Appendix Figures 4 and 5 (A)) and normalised counts (Appendix Figures 4 and
5 (B)) were also plotted across all samples to assess total library sizes and detect
potential outliers. Final inspection confirmed that all samples, after normalisation,
exceeded the threshold for acceptable depth and were included in downstream

analyses.

3.9.3 PCA

Following low-count filtering, the normalised and variance-stabilised dataset was
used for PCA and clustering of Regularized log (rlog)-transformed gene expression
data (Figures 4.1, 4.8, and Appendix Figure 14) (Giuliani, 2017; Love et al., 2014;
Slowikowski, 2016; Wickham, 2016; Wickham et al., 2019). PCA was applied to the
variance-stabilised data to capture the main axes of variation, reduce mean-variance
dependence, and help control for potential experimental bias, in line with standard
DESeq2 practice (Love, 2024). The loadings for the principal components were
calculated, and the plotPCA function was used to visualise how samples clustered
based on gene expression profiles, with ggplot2 (tidyverse Version 2.0.0; Wickham et
al., 2019) and ggrepel (Version 0.9.5; Slowikowski, 2016) enhancing clarity (Figures
4.1, 4.8 and Appendix Figure 2).

Additionally, a scree plot (Appendix Figure 1) was generated to show the proportion
of variance explained by each principal component in the LPS vs. media dataset,
using eigenvalues in descending order to help determine the first two principal
components were sufficient in capturing most of the data's variability (Giuliani, 2017;
Love, 2024; Slowikowski, 2016; Wickham et al., 2019).
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3.9.4 Heatmaps and Clustering

Heatmaps (Appendix Figure 14) were generated using the pheatmap library (Version
1.0.12; Kolde, 2010) to visualise hierarchical clustering based on both experimental
findings. Dendrograms were included to illustrate the relationships between
samples, highlighting clustering patterns and trends in the variance-stabilised gene
expression data (Kolde, 2010).

3.9.5 Dispersion Estimation, log2FC Shrinkage and Statistical
Testing

To estimate gene-wise dispersion and log2FCs, the DESeq2 model incorporated the
experimental design formula alongside a negative binomial GLM (McCullagh and
Nelder, 1989; McCullagh, 2019). Initial dispersion estimates were obtained using a
method-of-moments approach, based on within-group means and variances, and
then refined using the Cox-Reid Adjusted Profile Likelihood (APL) method (Appendix
Figure 6) (Cox and Reid, 1987; Landau and Liu, 2013; Love et al., 2014; McCarthy et
al., 2012). This two-step estimation approach captured gene-specific variability
while reducing overfitting, particularly for low-count genes, and ensured the

robustness of the statistical model.

Log2oFC shrinkage was applied to stabilise effect size estimates and reduce biases
associated with low-count or high-variance genes (Love et al., 2014). Three shrinkage
methods were evaluated using the IfcShrink() function on the LPS vs. media dataset:
Normal, the DESeq2 default, which uses maximum likelihood estimation (Love et al.,
2014), Adaptive Shrinkage in R (Ashr), which uses an empirical Bayes framework to
adaptively apply shrinkage based on gene-level properties (Stephens et al., 2016),
and Adaptive Prior Estimation for Generalised Linear Models (Apeglm), a Bayesian

method that estimates gene-specific priors (A. Zhu et al., 2019).

While Apeglm offers high precision and robust control of extreme values, its strong

assumptions and computational complexity can hinder reproducibility (A. Zhu et al.,
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2019). In contrast, MA plots (Appendix Figures 7, 8 and 9) visualising log2FCs against
mean normalised counts demonstrated that Ashr offered the most stable FC
estimates, particularly in low-count genes, without excessive shrinkage. Ashr
demonstrated a balance of flexibility and precision, applying greater shrinkage to
low-count or highly variable genes while preserving meaningful FC estimates in more

stable genes (Stephens et al., 2016).

Differential expression analysis was conducted using the DESeq2 package
integrating a Wald test (Appendix Table 1) (Love, 2024; Love et al., 2014; Smyth,
2004) to determine whether log2FCs in gene expression between conditions differed
significantly from zero (Cule et al., 2011; Love et al., 2014; Park et al., 2019). A
negative binomial model was used to estimate gene-specific dispersion, and
sequencing depth was normalised using size factor estimation. Genes with low mean
counts were filtered through independent filtering, and Cook’s distance was applied
to flag potential outliers (Cook and Weisberg, 1982), with significance assessed via
Benjamini-Hochberg correction to control the FDR (Benjamini and Hochberg, 1995).

Batch correction was not applied, as all samples were sequenced in a single batch.

To improve the reliability of log2FC estimates, particularly for genes with low counts
or high variability, Ashr shrinkage (Stephens et al., 2016) was applied using the
IfcShrink() function. Ashr adaptively controls the amount of shrinkage based on gene-
level characteristics and was selected for its ability to minimise over-shrinkage while
maintaining precision in effect size estimation. Based on its performance, Ashr was
used for both the LPS vs. media and TNF-a responder datasets, ensuring consistency

across comparisons and reducing false positives.

A stricter Adjusted p-value threshold (padj < 0.01) was applied to define high-
confidence DEGs. Results were exported as .csv files using the dplyr package from
the tidyverse (Version 2.0.0; Wickham et al., 2019), allowing integration into

downstream annotation and visualisation workflows.
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Dispersion modelling and diagnostic visualisations were guided using standard
DESeq2 workflows and tutorials provided by the Harvard Chan Bioinformatics Core

(Piper, 2017).

3.10 Visualisation and Significance Assessments

To enhance the summary and visualisation of differential expression results,
additional MA plots highlighting significant expression patterns were generated to
assess the effect of Ashr-type shrinkage in reducing noise from low-count genes
(Appendix Figures 8 and 9) (Stephens et al., 2016).

Next, to optimise the visualisation of significant gene expression changes between
conditions, volcano plots were generated using the EnhancedVolcano package
(Version 1.18.0; Blighe et al., 2023) for all data points in each dataset and not filtered
by significance. The plots (Figures 4.2 and 4.9) highlighted genes by log2FCs and p-
values, labelling those with the largest FCs and strongest significance for clearer
interpretation (20,576 and 18,195 plotted variables for the media vs. LPS and for the

high vs. low response datasets, respectively).

For downstream analyses, gene-level results were filtered to exclude noise observed
in MA plots by excluding entries with missing identifiers and applying a significance
threshold of padj < 0.01. Genes with missing symbol or ensgene annotations and low
expression (baseMean < 50) were removed. The na.omit() function was used in
combination with logical filtering to ensure only well-annotated, biologically relevant
genes were retained for functional enrichment and visualisation. Each dataset was
then sorted and divided into upregulated (log2FC > 0) and downregulated (log2FC <

0) genes.

PPl networks were then constructed using the STRING database (Version 11.5;
Szklarczyk et al., 2023) for both up- and downregulated subsets of each dataset
(Figures 4.3, 4.10 and 4.11). For each pairwise comparison, DEGs were filtered by

statistical significance and direction of change (log2FC > O for upregulated; log2FC <
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O for downregulated). Each subset was then ranked by absolute log2FC to prioritise
transcripts showing the strongest transcriptional responses. The top 100
upregulated and top 100 downregulated genes were selected for STRING-based PPI
analysis (Szklarczyk et al., 2023).

This fixed list length was chosen to balance biological coverage with network clarity.
Including more genes markedly increased redundancy and network density,
producing saturated PPl maps that obscured pathway structure and hindered
functional interpretation. By contrast, the top 100 ensured retention of key
regulators (e.g., IL-6, TNF, IL-1B) while keeping networks tractable and comparable

across conditions.

It is acknowledged that this effect size-based ranking can omit biologically important
genes with moderate FCs but strong significance or known roles. For example,
NFKB1 (log2FC = 0.62; padj = 1.01 x 1077) ranked 484th and was thus excluded

despite its relevance in inflammatory signalling.

The minimum interaction confidence score in STRING was adjusted empirically for
each network to maintain informative connectivity while avoiding excess low-
confidence edges. Thresholds from medium (> 0.4) to high (= 0.9) were tested, and
the final cutoff for each PPl was selected to balance hub visibility, network density,
and interpretability. Final networks were exported at high resolution for figure

preparation and downstream annotation.

3.12 Pathway and Enrichment Analysis

For pathway analysis, gene symbols were mapped to ENSEMBL IDs (Harrison et al.,
2024) using the maplds function from the R AnnotationDbi package (Version 1.66.0;
Pageés, 2017), ensuring effective integration of gene annotations into datasets. The
org.Hs.eg.db package (Version 3.17.0; Carlson, 2017) was used to convert gene
symbols from the differential expression table into ENSEMBL IDs (Harrison et al.,
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2024), storing them in a new data frame column, with multiple ENSEMBL IDs for a

single gene symbol concatenated into a comma-separated string.

GO enrichment analysis (Harris et al., 2004) was performed using the clusterProfiler
R package (Version 4.8.3; T. Wu et al.,, 2021; Xu et al., 2024; Yu et al., 2012) to
investigate the functional roles of DEGs. The enrichGO function identified enriched
GO terms across the three specified ontologies: BP, Cellular Component (CC), and
Molecular Function (MF) (Ashburner et al., 2000; The Gene Ontology Consortium,
2019; T.Wu et al., 2021; S. Xu et al., 2024; G. Yu et al., 2012).

The top ten most significantly enriched GO terms were selected for each of the three
GO domains (Biological Process (BP), Cellular Component (CC), and Molecular
Function (MF)) and visualised in bar plots (Figures 4.4, 4.5, 4.12, and 4.13). This
ranking by adjusted p-value provided a clear summary of the most statistically
significant and biologically relevant terms linked to the DEGs in both datasets. The
top ten threshold was deliberately applied to maximise figure interpretability while
focusing on key overrepresented pathways. Detailed domain-specific bar plots are
also provided in the Appendix (Appendix Figures 10 and 11), facilitating
comprehensive functional categorisation and highlighting critical biological roles

modulated by LPS stimulation and TNF-a responsiveness.

To ensure a robust interpretation of the biological significance of the DEGs, GO
enrichment findings were further corroborated through non-pre-ranked GSEA
(Version 4.3.3; Mootha et al., 2003; Subramanian et al., 2005) using. gct gene
expression matrices and. cls phenotype labels (Appendix Figures 12, 13, 15, 16).
Analyses were performed using Molecular Signatures Database (MSigDB, v2024.1),
specifically the Hallmark gene set database (Version 2024; Liberzon et al., 2015) and
the ImmuneSigDB human collection (Version 2024.1; Godec et al., 2016). Default
parameters were applied, with human ENSEMBL gene IDs used for mapping
(Harrison et al., 2024), and 1,000 phenotype permutations were run for statistical
testing. To identify enriched pathways, results were filtered for significance based on

nominal p-values < 0.01. In the LPS vs. media comparison, this was coupled with
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stringent FDR correction (FDR g-value < 0.01) to identify the most robust

transcriptional programmes.

For the TNF-a high vs. low responder dataset, interpretation criteria were adapted
to reflect dataset-specific constraints. While nominal p < 0.01 remained the primary
significance threshold, the FDR cut-off was relaxed to < 0.25, consistent with
established GSEA guidelines (Subramanian et al., 2005), to allow detection of
moderately enriched gene sets in smaller sample groups. In addition, pathways with
FDR > 0.25 but Normalised Enrichment Score (NES) > |1.6| and nominal p < 0.01
were retained as exploratory findings. This reflected the limited statistical power due
to smaller group sizes (Subramanian et al., 2005), particularly in the high-responder
cohort (n = 14), and the redundant, overlapping structure of immune-related gene
sets, which can obscure enrichment under strict correction. This broader reporting
strategy facilitated identification of biologically meaningful but borderline-
significant pathways, especially within tightly regulated immune and metabolic

circuits.

Due to limitations in the GSEA output format, gene intersections and contextual
evaluations were performed manually and are not available as structured output
tables or plots. Supplementary GSEA output can be reviewed in the GSEA subfolder
of the MMB5010_IOANA_NEAMTU_DISSERTATION_SUBMISSION folder.

3.13 Technology Stack and Computational
Environment

This project employed a reproducible, modular computational workflow combining
command-line tools, R-based statistical analysis, and graphical enrichment
platforms. The pipeline was executed on a Linux-based system with environment
isolation via Conda, ensuring compatibility across software dependencies and
enabling version-controlled analysis from raw RNA-seq data through to functional

interpretation.
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3.13.1 Environment Setup

All terminal commands, bash and shell scripts were executed within a Conda
environment (Version 24.5.0; Anaconda Software Distribution, 2024). The operating
system used was Linux Ubuntu 22.04.3 Long Term Support (LTS), with kernel version
5.15.0-83-generic.

3.13.2 Terminal Binaries

The terminal binaries were installed and configured as outlined in the README.txt
file provided (Supporting Document). FastQC (Version 0.12.1; Andrews, 2010) and
MultiQC (Version 1.15; Ewels et al., 2016), were used for QC and data aggregation.
Trimmomatic (Version 0.39; Bolger et al., 2014) was employed for trimming Illumina
Next-Generation Sequencing (NGS) data, while HISAT (Version 2.2.1; Kim et al.,
2019), was used for spliced alignment of transcripts. Additionally, SAMTools (Version
1.9; H. Li et al., 2009) facilitated manipulation of HTS data. Finally, Subread (Version
2.0.6; Liao et al., 2014) for read counting genomic features helped build the count

matrix of gene expression.

3.13.3 R Setup, DEG Analysis and Downstream Analysis
Software

The DEG analysis for this project was performed in RStudio (RStudio Team, 2020)
using R version 4.0.3 (R Core Team, 2023), focusing on Media vs. LPS-treated
monocytes and LPS-treated monocytes with TNF-a measurements, following the
DESeq?2 Vignette (Love, 2024). DESeq2 (Love et al., 2014) was employed to identify
DEGs, and specific versions of key R packages from CRAN, Bioconductor, and
GitHub were used to ensure workflow reproducibility. These packages were critical
for tasks such as data processing, annotation, visualisation, and functional analysis,
supporting key stages like differential expression calculation and pathway

enrichment. The core libraries used in the analysis were: CRAN packages tidyverse
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(Version 2.0.0; Wickham et al., 2019) and ggrepel (Version 0.9.5; Slowikowski, 2016),
and BiocManager (Version 3.17; Morgan and Ramos, 2025) packages DESeq2
(Version 1.40.2; Love et al., 2014), pheatmap (Version 1.0.12; Kolde, 2010),
EnhancedVolcano (Version 1.18.0; Blighe et al., 2023), AnnotationDbi (Version 1.66.0;
Pageés, 2017), org.Hs.eg.db (Version 3.17.0; Carlson, 2017), and clusterProfiler (Version
4.8.3; T.Wu et al.,, 2021; Xu et al., 2024; Yu et al., 2012).

GSEA analyses were performed using the GSEA software (Version 4.3.3; Mootha et
al., 2003; Subramanian et al., 2005).
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3.14 Summary

This project employed a comprehensive computational and analytical framework to
process and analyse RNA-seq data from a cohort study investigating CAP.
Computational analyses were performed in a Conda environment with R on Ubuntu
Linux, employing tools such as FastQC, MultiQC, Trimmomatic, HISAT2, SAMTools,
and Subread’s featureCounts for data preprocessing and alignment. DEG analysis was
conducted in RStudio using CRAN and BiocManager libraries tidyverse, ggrepel,
DESeq2, pheatmap, EnhancedVolcano, AnnotationDbi, org.Hs.eg.db and clusterProfiler.

The study analysed blood samples from 92 acute or recovery-stage participants with
monocytes isolated, treated with either media or LPS, and sequenced on the lllumina

HiSeq 4000 platform.

The pipeline involved performing QC, trimming, and aligning to the GRCh38.p14
genome, followed by generating expression count matrices to ensure high-quality

data for subsequent analyses.

Differential expression analysis normalised data, filtered low-abundance features,
and utilised log2FC shrinkage to ensure statistical robustness. Exploratory analyses,
including PCA and hierarchical clustering of variance-stabilised data, identified
patterns of variation, while MA and volcano plots highlighted significant gene

expression changes.

Pathway enrichment analyses, conducted with tools like clusterProfiler and GSEA,
and protein network analysis in STRING, identified key BPs, CCs, MFs, and PPIs
influenced by LPS treatment.

This rigorous and reproducible pipeline revealed insights into the molecular
mechanisms of CAP, enhancing the understanding of immune responses and

associated pathways.
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4. RESULTS AND DISCUSSION

To understand the transcriptional behaviour of monocytes during CAP, both
biological profiling and rigorous computational processing were employed. Thus, the
Results and Discussion chapter combines whole-transcriptome RNA-seq with
rigorous transcriptomic analysis with robust statistical modelling to explore how
innate immune activation unfolds at both the population (LPS vs. Media) and
individual levels (TNF-a High vs. Low responders, stratified by sex). This chapter also
details the bioinformatics and statistical frameworks that underpin these findings,
including QC, sequence alighment, and DEG analysis using DESeq2, providing a
comprehensive view of monocyte functional diversity during CAP, grounded in

methodologically sound and biologically interpretable results.

4.1 Monocyte Functionality during CAP

Understanding the functional heterogeneity of monocytes during CAP is critical for
dissecting how innate immune responses shape disease severity, recovery, and long-
term immune balance. This section examines the activation dynamics of CAP-
derived monocytes exposed ex vivo to LPS, a model for Gram-negative bacterial
inflammation, and demonstrates both a conserved inflammatory signature and

patient-specific immune strategies defined by differences in TNF-a production.

The integrated analysis combined transcriptomics, pathway enrichment, PPI
networks, and sex-aware statistical modelling to unravel both shared and
individualised transcriptional programmes that govern how monocytes respond to
inflammatory stress. Across all donors, monocytes mounted a robust, consistent
response to LPS, characterised by strong activation of type | IFN-related genes, key
cytokines, and other pro-inflammatory signals. Concurrently, genes involved in
immune regulation and tissue repair were downregulated, reflecting a shift towards

acute inflammatory activation.
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However, when monocytes were stratified according to TNF-a output, distinct
patterns of immune activation emerged. High TNF-a responders exhibited an
amplified inflammatory transcriptional profile but showed reduced expression of
genes associated with metabolism and cellular repair processes, suggesting a
biological prioritisation of immune aggression over maintenance of metabolic and
structural homeostasis. In contrast, low TNF-a responders retained transcriptional
programmes that support communication with surrounding tissues and sustained
immune regulatory circuits, indicating a more balanced or tolerance-oriented

immune strategy.

Together, these findings highlight the complex interplay between conserved innate
immune pathways and individual variability in monocyte behaviour during CAP. This
variability may partly explain differences in disease severity, clinical trajectories, and
therapeutic responses among patients, underscoring the importance of
understanding patient-specific immune profiles for precision management of

inflammatory diseases.

4.1.1 Global Transcriptional Reprogramming of Monocytes
Induced by LPS Stimulation

To characterise the transcriptional reprogramming induced by LPS, a comparative
RNA-seq analysis was performed between primary monocytes isolated from CAP
patients, stimulated ex vivo with LPS to further probe their transcriptional

responsiveness, and those cultured in media alone.

PCA confirmed clear treatment-driven separation, with PC1 explaining 27.97% of
the total variance (Figure 4.1). This dominant axis distinguished LPS-treated
monocytes from unstimulated controls, while PC2 (13.2% variance) captured donor-
specific variation, highlighting inter-individual immune responsiveness. Two media-
treated samples (S3013M, S1018M) clustered with the LPS group: S3013M
exhibited severe technical artefacts (96.2% duplicate reads), while S1018M may
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reflect subtle biological priming or residual inflammation, underscoring both
technical and physiological sources of variance in human RNA-seq datasets

(Appendix Figure 1, Figure 4.16).

LPS vs Media: PCA Plot
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Figure 4.1. PCA plot of LPS-treated vs. Media-treated monocyte transcriptomes. Plot
illustrating separation based on gene expression profiles, with PC1 explaining 27.97 % of
the total variance, delineating the two treatment groups. Most samples clustered
distinctly according to their treatment, except for two media-treated samples, S1018M
and S3013M, which aligned with the LPS-treated group. PC2 captured an additional
13.2% of the variance.
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DEG analysis revealed extensive transcriptional shifts: of the 20,576 genes with
non-zero counts, 7,033 met the significance threshold (padj < 0.01), comprising
3,878 upregulated and 3,155 downregulated genes. The volcano plot (Figure 4.2)
illustrates this genome-wide reprogramming, highlighting transcripts with both large
effect sizes (log2FC) and robust statistical support (-logio padj). Notably, key
mediators of inflammatory signalling (such as IFNB1, IL-6) were strongly induced,
while negative regulators of immune tolerance and transcriptional repression

(SMAD6, HIC1, CD180) were significantly suppressed.

To contextualise these expression changes functionally, PPl networks were
constructed using STRING for the top 100 up- and downregulated genes. The
upregulated network revealed tightly interconnected hubs enriched for cytokine-
cytokine receptor interactions, type | IFN responses, and pathogen-sensing
pathways, reflecting an intensified inflammatory and antiviral-like state. Conversely,
the downregulated network mapped dispersed modules comprising transcriptional
repressors and tolerance-associated nodes, whose suppression suggests intentional

removal of molecular brakes to sustain a robust pro-inflammatory programme.

GO and GSEA further confirmed this dual signature: LPS exposure amplified innate
immune activation, hypoxia adaptation, and pathogen-recognition pathways, while
downregulating chromatin remodelling, transcriptional fine-tuning, and tolerance-
maintaining programmes. Together, these data delineate a coordinated
reprogramming in which monocytes prioritise pathogen clearance and cytokine
production at the cost of regulatory restraint, a transcriptional architecture aligning

with the hallmark immune dysregulation observed in severe CAP.

4.1.1.1 DEG Reveals Robust Innate Immune Activation and Suppressed
Tolerance

Comparative transcriptomic profiling of primary CAP patients-derived human

monocytes exposed to LPS versus unstimulated (media-treated) controls revealed
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extensive transcriptional reprogramming, indicative of a robust innate immune
activation coupled with suppression of regulatory circuits, which is a dynamic

particularly relevant to the pathophysiology of CAP.

Out of the 20,576 genes with non-zero read counts, all were assigned nominal p-
values and log2FC estimates, with 7,033 genes meeting the multiple-testing
adjusted threshold (padj < 0.01): 3,878 upregulated (approximately 19%) and 3,155
downregulated (approximately 15%) in LPS-treated monocytes. This global shift is
visually summarised in the volcano plot (Figure 4.2), which displays genes distributed
by log2FC and -logio nominal p-value. Genes in the upper-right and upper-left
guadrants represent transcripts with the largest absolute FCs and strongest nominal
statistical signal; genes exceeding the adjusted threshold (padj<0.01) are
highlighted.
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LPS vs Media: Differentially Expressed Genes
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Figure 4.2 Volcano plot showing all 20,576 genes tested in LPS-treated vs. media-
treated monocytes. The x-axis shows log2FC; the y-axis shows -logi0 hominal p-value.
Genes with the largest positive FCs and highest nominal significance appear in the upper
right quadrant; genes with large negative FCs and highest nominal significance appear in
the upper left quadrant. Colour coding indicates thresholds: grey for non-significant
genes, green for genes meeting only the log2FC threshold, blue for genes meeting only the
nominal p-value threshold, and red for genes meeting both log2FC and the padj threshold.

Notably upregulated genes included critical mediators of the classical pro-
inflammatory and antiviral response. IFNB1 and IFNA14 emerged as among the most
strongly upregulated transcripts, reinforcing activation of the type | IFN axis. This

axis is known to bridge pathogen detection with both antiviral defences and
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resolution of bacterial inflammation through Toll/IL-1 Receptor-Domain-containing
Adaptor-Inducing Beta IFN (TRIF)-IRF3-dependent signalling downstream of TLR4
engagement (Bernard et al., 2023; Kawai and Akira, 2007; Pestka et al., 2004). IL-6,
a canonical inflammatory cytokine central to the acute-phase response and lung

pathology in CAP, was also significantly elevated (Tanaka et al., 2014).

Additional upregulated genes such as Retinoid X Receptor Gamma (RXRG), which
modulates monocyte cytokine output and inflammatory state (Nunez et al., 2010),
Platelet-Derived Growth Factor Receptor Like (PDGFRL), and Fc Receptor Like 4
(FCRL4), a marker linked to innate-like transcriptional programmes in tissue-like B
cells and macrophages (Siewe et al., 2017; Xue et al., 2014), point towards broad
engagement of transcription factors and surface receptors implicated in monocyte

differentiation, migration, and functional plasticity under inflammatory stress.

In contrast, the downregulated gene set included several well-established negative
regulators of inflammation and chromatin dynamics, underscoring a shift away from
homeostatic repression. SMAD6, HIC1 and CD180 were among the most
significantly suppressed transcripts. SMADé and HIC1 serve as transcriptional
repressors within TGF- and CtBP2-mediated pathways, dampening NF-«kB activity
and limiting inflammatory gene expression (X. Lin et al., 2003; Park et al., 2019;
Stankovic-Valentin et al., 2007; Van Rechem et al.,, 2010). CD180, a negative
modulator of TLR4 signalling and IFN production, when downregulated, removes a
brake on the pro-inflammatory cascade, potentially exacerbating lung tissue damage
in CAP (Divanovic et al., 2005; You et al., 2017).

Other notable downregulated transcripts such as Transmembrane Protein 51
(TMEM51) and Phosphatase and Actin Regulator 3 (PHACTR3), though less
extensively characterised, may participate in regulatory networks balancing

cytoskeletal remodelling and transcriptional control under pathogen stress.

Overall, this large-scale reconfiguration of the monocyte transcriptome reflects a

coordinated boost in pathogen recognition, cytokine secretion, and IFN responses,
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simultaneously coupled with an intentional silencing of tolerance-associated and
energy-consuming housekeeping pathways. This dual modulation aligns with the
hallmark imbalance of effective pathogen clearance and excessive inflammatory

injury that defines severe bacterial pneumonia.

4.1.1.2 PPI Networks Highlight Functional Hubs Driving Inflammation
and Immune Regulation

To contextualise the extensive list of DEGs within a functional interaction landscape,
STRING was employed to generate PPI networks for the top 100 upregulated and
top 100 downregulated transcripts. This approach prioritised genes with the
strongest absolute log2FCs, ensuring that the resulting networks captured the
dominant signals orchestrating monocyte reprogramming under LPS stimulation, a
transcriptional scenario directly relevant to the host immune imbalance observed in

severe CAP.

The upregulated PPl network (Figure 4.3 (A)) unveiled a dense core of cytokines,
chemokines, and IFNs interlinked through high-confidence edges representing
experimental evidence, curated pathway co-membership, co-expression patterns,
and text-mined associations. Central hubs included IFNB1, TNF, and multiple ILs (IL-
6, IL-1A, IL-2RA, IL-23A), supported by chemokines such as CCL4, CCL20, and
CCL3L1. These nodes form tightly connected modules which reflect simultaneous
activation of pathogen-sensing cascades and recruitment of downstream effector
cells, which is a classic pattern in the inflammatory storm underlying lung injury

during bacterial pneumonia.

One notable cluster within the upregulated network featured an antiviral defence
module: genes such as HERC5, HERCé, IFIH1, and IFIT5 were densely connected,
indicating a robust type | ISG signature. While canonical in viral infections, this ISG
network is increasingly recognised for its dual role in modulating bacterial responses,

resolving excessive inflammation, and promoting tissue repair (Bernard et al., 2023;
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Pestka et al., 2004). This cluster suggests that LPS-exposed monocytes partially
mimic an antiviral state, likely reflecting TRIF-IRF3 pathway activation downstream

of TLR4.

Additional upregulated nodes, such as Rat Sarcoma Virus-Related Nuclear Protein
Binding Protein 3 Like (RANBP3L) and Phospholipase C Beta 4 (PLCB4) although
highly expressed (as seen in the volcano plot, Figure 4.2), showed sparse
connectivity within STRING’s confidence-based network, implying that their roles

may be more peripheral or context-dependent under LPS-induced stress.

The downregulated PPl network (Figure 4.3 (B)) exhibited a more modular, less
densely interconnected topology, consistent with the nature of negative regulators
and tolerance factors which often modulate transcription and chromatin accessibility
rather than forming large signalling hubs. Key nodes included SMADé, HIC1, and
CD180, each embedded within distinct but overlapping clusters that converge

functionally to restrain uncontrolled inflammation.

Specifically, SMAD6 anchored a module of TGF-B/BMP pathway repressors,
connecting with SMAD7, ID1, TGFBR1, and CTBP2. This module illustrates the
monocyte’s homeostatic circuit for dampening NF-kB-mediated transcription during
steady state or controlled pathogen clearance. HIC1 and its known CtBP interactors
(CTBP1, CTBP2) formed a subnetwork suggesting tight epigenetic regulation of
inflammatory genes and DNA damage responses, mechanisms frequently disrupted
in hyperinflammatory lung conditions (Stankovic-Valentin et al., 2007; Van Rechem

etal., 2010).

A secondary module, pivoting on Early Growth Response 2 (EGR2), connected
transcriptional modulators (Runt-Related Transcription Factor 3 (RUNX3),
Sphingosine-1-Phosphate Receptor 1, IL-21R) that coordinate signal transduction
and gene regulation, suggesting that suppression of this cluster reduces the cell’s

transcriptional plasticity under stress.
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Notably, CD180, a unique TLR co-receptor, bridged the tolerance module to a small
antioxidant cluster involving Haeme Oxygenase 1 (HMOX1) and Ubiquitin Like
Modifier Activating Enzyme 4A (UBL4A). This arrangement hints at a protective axis
linking innate immune restraint with cellular stress mitigation, a function critical for
limiting tissue damage in the CAP-inflamed lung environment (Divanovic et al., 2005;

You et al., 2017).

All tolerance clusters funnelled functionally toward a chemokine hub, CCL2, serving
as a final integrator of pro-inflammatory signals and monocyte recruitment. The
positioning of CCL2 highlights how the suppression of repressors amplifies
chemokine-driven inflammation, which is a plausible contributor to alveolar

infiltration and lung tissue injury during CAP.
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Taken together, the STRING network analysis visualises how LPS exposure rewires
monocyte interactions: upregulated clusters reinforce cytokine storms and antiviral
mimicry, while downregulated modules remove transcriptional and post-
translational brakes. This supports a functional model of monocyte behaviour where
pathogen clearance is prioritised at the cost of controlled inflammation, aligning with
the immunopathological hallmarks of severe CAP. In such pathophysiological
context, this imbalance explains how overactivated monocytes amplify alveolar
inflammation, promote neutrophil infiltration, and contribute to the destructive

cytokine milieu that exacerbates lung injury.

Moreover, by mapping both pro-inflammatory and tolerance-suppressing gene
networks, the STRING-derived topology highlights potential targets for therapeutic
intervention aimed at restoring immune equilibrium, for instance, modulating the
TGF-B/SMAD axis or re-engaging negative TLR co-receptors could temper

hyperinflammation without impairing host defence.

4.1.1.3 GO Enrichment Indicates Coordinated Activation of Host
Defence and Suppression of Homeostatic Programmes

To interpret the biological processes, molecular functions, and subcellular
localisations modulated by LPS exposure in CAP monocytes, a comprehensive GO
enrichment analysis was conducted using the clusterProfiler package (T. Wu et al.,
2021; S. Xu et al., 2024; G. Yu et al., 2012). This three-tiered approach of examining
BP, CC and MF ontologies (Full term lists are provided in Appendix Figure 11),
provided a systematic view of how innate immune transcriptional programmes are
remodelled during bacterial challenge, highlighting features critical to the excessive

inflammation and dysregulated host response seen in severe CAP.

For upregulated genes (Figure 4.4), the BP ontology, clearly demonstrated robust
activation of host defence pathways. Terms such as regulation of response to biotic

stimulus, positive regulation of defence response, and activation of innate immune
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response were among the most significantly enriched, reflecting classical pathogen-
sensing and effector mechanisms (Ashburner et al., 2000;
The Gene Ontology Consortium, 2019; Medzhitov and Janeway, 2000). Notably,
the term response to virus was highly enriched despite the bacterial nature of LPS,
signifying the canonical cross-activation of antiviral ISGs downstream of the TRIF-
IRF3 axis (Kawai and Akira, 2007; Negishi et al., 2018; Pestka et al., 2004). This
supports the observation from STRING that LPS-treated monocytes partially engage
an IFN-driven antiviral module, which may paradoxically modulate bacterial

clearance and tissue repair in the CAP context (Bernard et al., 2023).

Additional BP terms such as pattern recognition receptor signalling pathway
underscored the engagement of TLRs, Retinoic Acid-Inducible Gene (RIG)-I-like
receptors (RLRs), and C-type Lectin Receptors (CLRs), all central to pathogen
detection and immune activation (Brubaker et al., 2015; Takeuchi and Akira, 2010).

Within the CC ontology, enrichment pointed to profound remodelling of the
monocyte’s endo-lysosomal system and cell-matrix interactions. Highly ranked
terms included lysosomal membrane, vacuolar membrane, and late endosome,
consistent with enhanced phagocytosis, antigen processing, and pathogen killing
(Flannagan et al., 2012; Sancak et al., 2008). Enrichment of focal adhesion and cell-
substrate junction implied increased migratory and adhesive capacity, facilitating
monocyte recruitment and infiltration into inflamed pulmonary tissue, a hallmark of
alveolar exudation and lung injury in pneumonia (Jakubzick et al, 2017;

Lammermann and Germain, 2014, Ley et al., 2007).

The MF ontology further validated the activation of complex signalling cascades.
Terms such as cytokine receptor binding and cytokine activity reflected elevated
expression of interleukins (e.g., IL-6), IFNs (IFNB1, IFNA14), and chemokines driving
paracrine amplification (Borden, 2019; Pestka et al., 2004). Terms including
phospholipid binding and phosphatidylinositol binding implicated PI3K/AKT
pathways, which interface with NF-kB and MAPK cascades to sustain inflammatory

gene transcription (Bilanges et al., 2019; Vanhaesebroeck et al., 2012). Enrichment
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of protein serine kinase activity and MAP kinase kinase kinase activity corroborated

the intense kinase-driven signal propagation characteristic of activated monocytes

under endotoxin stress (Fox et al., 2020; Y. Wu et al., 2020).

LPS vs Media: Positively Enriched Gene Ontology Terms (BP, CC, MF)
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Figure 4.4. The top 10 most significantly positively enriched GO terms across all three

ontologies. Most positively enriched GO BP, CC and MF terms for LPS-stimulated
monocytes, highlighting activation of innate immune and antiviral programmes relevant
to CAP. All terms meet the significance threshold (padj < 0.01). Colour coding indicates
statistical significance, with a gradient from blue (less significant) to red (most significant)

representing increasing -logio adjusted p-values.

Conversely, the downregulated gene set revealed a coordinated suppression of

processes integral to chromatin remodelling, transcriptional fine-tuning, and cellular
pivot away from resource-intensive

housekeeping, reflecting a functional
homeostasis toward aggressive host defence (Novakovic et al., 2016; Saeed et al.,

2014). Within BP, prominent negative terms included histone modification, peptidyl-
lysine modification, DNA-templated transcription elongation, and RNA splicing
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(Foster et al., 2007; Ramirez-Carrozzi et al., 2009; Shalgi et al., 2014). This repression
likely constrains epigenetic plasticity and transcriptional checks, promoting
sustained inflammatory transcription at the expense of tolerance mechanisms, a

pattern aligned with excessive lung inflammation in CAP.

In CC, downregulation of nuclear speck, PML body, and RNA polymerase Il
transcription regulator complex indicated silencing of nuclear compartments critical
for mMRNA maturation and chromatin organisation (Bernardi and Pandolfi, 2007;
Spector and Lamond, 2011; Q. Zhou et al., 2012). The MF domain echoed this
suppression: ubiquitin-like protein ligase activity, SMAD binding, and DNA-binding
transcription factor binding were significantly depleted, highlighting reduced post-
translational control and feedback inhibition (Ebner et al., 2017; Hata et al., 1998;
Pickart and Eddins, 2004).

Together, these enrichment patterns demonstrate that LPS-exposed monocytes
adopt a transcriptional state optimised for pathogen sensing, chemokine production,
and inflammatory signalling, while simultaneously silencing pathways that maintain
tolerance and regulate chromatin dynamics. Mechanistically, the downregulation of
SMADé, HIC1, and CD180 within this suppressed landscape underscores the loss of
key molecular brakes that would otherwise limit TLR-driven activation and excessive
cytokine release (Divanovic et al., 2005; Stankovic-Valentin et al., 2007; You et al.,
2017).

This dual reprogramming of enriched and depleted GO terms aligns with the core
immunopathology of severe CAP: robust clearance of pathogens at the cost of
tissue-damaging inflammation, driven by monocyte hyperactivation and loss of

immune tolerance.
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Figure 4.5. The top 10 most significantly negatively enriched GO terms across all three
ontologies. Most negatively enriched GO terms across the BP, CC and MF domains for
Terms highlight coordinated

LPS-stimulated monocytes compared to controls

downregulation of pathways related to transcriptional regulation, post-translational
modification, and nuclear organisation, consistent with suppression of tolerance-
associated programmes in CAP. Colour coding indicates statistical significance, with a

gradient from blue (less significant) to red (most significant) representing increasing -10g10

adjusted p-values.

4.1.1.4 GSEA Validates Hallmark Pathways and Identifies Key

Regulatory Drivers

To expand upon the differential expression and GO enrichment findings, a non-pre-

ranked GSEA was performed using the MSigDB Hallmark (Liberzon et al., 2015) and
ImmuneSigDB (Godec et al., 2016) collections. This approach enabled systematic

interrogation of pathway-level shifts orchestrated by LPS exposure in monocytes

serving as a proxy for the immunological cascade underlying severe CAP.
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The Hallmark pathway analysis revealed a striking pattern: 41 out of 50 Hallmark
pathways were significantly enriched in the LPS-treated phenotype (Appendix
Figure 12 (A)). Among these, TNF-a Signalling via NF-kB, Inflammatory Response, IL-
2/STAT5 Signalling, and Hypoxia were the most robustly upregulated, exhibiting
nominal p-values < 0.002 and, for most, complete permutation saturation (p-value =
0) (Figure 4.6). These pathways reflect canonical inflammatory and stress adaptation
axes that prepare monocytes to clear pathogens but risk collateral tissue injury in
the alveolar microenvironment (Bernard et al., 2023). Conversely, nine pathways
were enriched in media-treated cells (Appendix Figure 12 (B)), marking biological
processes suppressed by LPS, many of which overlap with tolerance or homeostatic

maintenance.
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Figure 4.6. GSEA enrichment plots for the four most upregulated Hallmark pathways in
LPS-treated monocytes. Each panel shows the running Enrichment Score (ES, green line),
the positions of pathway genes in the ranked gene list (black vertical lines), and the
ranking metric (grey plot). The peak of the ES curve reflects the point of maximum
enrichment. Pathways shown: TNF-a Signalling via NF-kB (normalised ES (NES) = 2.12),
Inflammatory Response (NES = 2.14), IL.-2/STAT5 Signalling (NES = 2.01), and Hypoxia
(NES = 2.10).

Within ImmuneSigDB, 2,890 gene sets were enriched in the LPS condition and
1,982 in controls (Appendix Figure 13). This further confirmed that LPS globally
rewires transcriptional programmes, amplifying innate immune, cytokine, and

metabolic signals while attenuating alternative activation pathways.
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Core enrichment gene sets were extracted to pinpoint specific regulators driving
these dominant pathways. Across the four top Hallmark pathways (TNF-a Signalling
via NF-kB, Inflammatory Response, IL-2/STAT5 Signalling, Hypoxia), leading-edge
analysis identified overlapping genes, highlighting shared transcriptional backbones.
KLF6 was uniquely detected in all four pathways, positioning it as a master amplifier
of the LPS-induced response. KLFé is known to coactivate NF-kB, promote M1
macrophage polarisation, repress anti-inflammatory regulators (Peroxisome
Proliferator-Activated Receptor (PPAR)-y, BCL6), and enhance HIF-1a signalling
under hypoxic stress, each of which compounds alveolar inflammation in pneumonia
(Date et al., 2014; G.-D. Kim et al., 2016, 2019, 2020; Syafruddin et al., 2020).

Other genes with high recurrence included IL-6 and TNF, the quintessential pro-
inflammatory cytokines that drive fever, leukocyte recruitment, and endothelial
activation in CAP (Bernard et al., 2023). Leukaemia Inhibitory Factor (LIF) appeared
prominently in both Inflammatory Response and IL-2/STAT5 Signalling, illustrating
its dual function in modulating Treg differentiation to counterbalance IL-6-mediated
TH17 polarisation, a critical “tug-of-war” that shapes lung inflammation severity
(Gao et al., 2009; Metcalfe et al., 2015). TNF Ligand Superfamily Member (TNFSF) 9
and TNF Receptor Superfamily Member (TNFRSF) 9, encoding ligand and receptor
pairs modulating T-cell co-stimulation, also bridged multiple pathways, highlighting
crosstalk between monocyte and lymphocyte compartments during infection
resolution or exacerbation (Cho et al., 2021; Eissner et al., 2004). Notably absent
from these upregulated pathways were classic tolerance-associated repressors such
as SMADé, HIC1, and CD180. This omission aligns with their negative enrichment in
the GO analysis and STRING downregulated PPI cluster (Figures 4.3 (B), 4.5). Their
silencing removes inhibitory checkpoints on NF-kB and TLR pathways, predisposing
monocytes to sustained pro-inflammatory transcription, which is a well-documented

driver of alveolar damage in severe CAP (Novakovic et al., 2016; Saeed et al., 2014).

ImmuneSigDB enrichment patterns added functional context and stimulus

specificity. For example, gene sets derived from anti-TREM-1 activation (Dower et
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al., 2008) and TLR-7/8 agonists like R848 or Gardiquimod (Amit et al., 2009;
Napolitani et al., 2005) were enriched in media-treated controls but downregulated
in LPS-treated cells. This illustrates how LPS dampens alternative activation routes
to prioritise canonical TLR4-NF-kB-IRF3 responses, which is a phenomenon that

contributes to an unbalanced inflammatory milieu in pneumonia (You et al., 2017).

Conversely, gene sets from IL-10 knockout macrophages (El Kasmi et al., 2007) were
strongly enriched in the LPS condition, confirming that negative feedback loops are
disengaged when anti-inflammatory signals are removed, mirroring the suppression
of SMADé6 and HIC1 (X. Lin et al., 2003; Park et al., 2019). This shows how LPS not
only triggers pro-inflammatory pathways but also actively silences mechanisms that

would otherwise limit tissue damage.

Taken together, the GSEA confirms that LPS reprogrammes monocytes into a hyper-
responsive state primed for robust cytokine secretion, pathogen killing, and hypoxia
adaptation, at the cost of losing transcriptional brakes that maintain immune
homeostasis. This transcriptional signature mechanistically supports the concept
that monocyte overactivation is a double-edged sword in CAP: essential for bacterial
clearance but equally capable of driving alveolar exudation, oedema, and lung injury
when unchecked (Bernard et al., 2023; Medzhitov and Horng, 2009; Pearce and
Pearce, 2013).

4.1.1.5 Integrated Model: Ex Vivo LPS Challenge Highlights the
Transcriptional Basis of Immune Dysregulation in CAP

Together, the differential expression analysis, PPl networks, GO enrichment, and
GSEA converge to delineate a coherent model of how LPS reprogrammes human
monocytes, which is a model with direct implications for the immunopathology of
CAP.

First, the global transcriptomic shifts reveal that approximately one-third of the

actively transcribed genome is significantly modulated by LPS stimulation, with a
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near-even split between upregulated effectors and downregulated regulatory
elements. Volcano and MA plots (Figures 4.2 and Appendix Figure 8) illustrate this
distribution visually, pinpointing genes with both large effect sizes and robust
statistical support. STRING PPl networks (Figures 4.3 (A) and (B)) further
contextualise these DEGs by uncovering clusters of tightly interacting proteins that

cooperate to drive either inflammation or immune suppression.

The upregulated module, anchored by central cytokines (IFNB1, IFNA14, IL-6, TNF)
and transcriptional amplifiers like KLF6, orchestrates an aggressive inflammatory and
antiviral response. These genes appear consistently in leading-edge sets across the
top enriched Hallmark pathways (TNF-a Signalling via NF-kB, Inflammatory
Response, IL-2/STAT5 Signalling, and Hypoxia), as confirmed by GSEA (Appendix
Figure 12 (A)). Their simultaneous representation in GO BP terms such as positive
regulation of defence response, response to virus, and pattern recognition receptor
signalling pathway (Figure 4.4) reinforces this interpretation. CC terms like lysosomal
membrane and late endosome indicate boosted endo-lysosomal processing, a
hallmark of activated monocytes primed for pathogen engulfment and antigen
presentation (Flannagan et al., 2012). MF terms such as cytokine receptor binding
and protein serine kinase activity point to robust engagement of signalling cascades
controlling gene expression, cell migration, and tissue infiltration (Fox et al., 2020;
Vanhaesebroeck et al., 2012).

Concurrently, the repression of tolerance-associated genes (SMADé, HIC1, CD180)
and chromatin modifiers (ID1, SMAD7) reveals a strategic silencing of molecular
brakes that would normally dampen NF-kB and TLR-driven transcription. GO BP and
MF terms such as SMAD binding, histone modification, and ubiquitin-like protein
ligase activity (Figure 4.5) demonstrate this suppression at multiple regulatory layers:
transcriptional repression, post-translational modification, and chromatin
remodelling (Foster et al., 2007; Novakovic et al., 2016; Saeed et al., 2014). STRING

PPl networks visualise these regulators as interconnected nodes clustered with
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TGFBR1 and CTBP2, pivotal molecules for tolerance maintenance via TGF-/SMAD
pathways (X. Lin et al., 2003; Park et al., 2019; Van Rechem et al., 2010).

ImmuneSigDB results reinforce this duality: LPS strongly upregulates gene sets
associated with pro-inflammatory macrophage states, especially in contexts lacking
counter-regulation by IL-10 or alternative TLR agonists (EI Kasmi et al., 2007;
Napolitani et al., 2005). Simultaneously, it downregulates pathways typically
enhanced by TREM-1 activation or TLR7/8 stimulation, confirming that TLR4
signalling dominates and suppresses competing innate routes (Amit et al., 2009;

Dower et al., 2008).

Mechanistically, this transcriptional blueprint mirrors the paradox at the heart of
CAP pathophysiology: Monocytes are reprogrammed to maximise pathogen
recognition, engulfment, and inflammatory cytokine release, ensuring effective
bacterial clearance. However, the concurrent suppression of tolerance regulators
prevents timely de-escalation of this response, predisposing the lung
microenvironment to excessive neutrophil recruitment, endothelial leakage, and
alveolar damage (Bernard et al., 2023; Medzhitov and Horng, 2009). This explains
why patients with severe pneumonia often exhibit an uncontrolled cytokine storm
even as bacterial loads decline, a signature captured in this model at the single-cell

transcriptome level.

Critically, the identification of a type | IFN-dominated antiviral module within the
LPS-induced network (Figure 4.3 (A)) aligns with the dual role of IFNs in bacterial
infections: they aid pathogen clearance but also drive immunoregulatory crosstalk
that can either resolve or prolong inflammation, depending on context (Bernard et
al., 2023; Monroe et al., 2010; Pestka et al., 2004). This highlights why therapeutic

modulation of IFN pathways remains a double-edged sword in bacterial pneumonia.

In summary, this integrative analysis shows that LPS-stimulated monocytes adopt a
transcriptional state primed for maximal host defence but with suppressed

regulatory feedback, creating a fertile ground for hyperinflammation if left
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unchecked. These findings provide a molecular explanation for the immunological
imbalance observed in severe CAP and offer clear targets, such as KLFé, IL-6, and
SMADG, for future therapeutic intervention to restore immune homeostasis without

compromising pathogen control.

4.1.2 Stratification of Monocyte Transcriptomes by TNF-a
Response Magnitude

While LPS exposure consistently triggered a broad pro-inflammatory and IFN-driven
transcriptional programme across all donors (Section 4.1.1), substantial inter-
individual variation emerged in the magnitude of cytokine release. To capture this
heterogeneity, monocytes were stratified based on TNF-a output, a canonical
marker of monocyte activation and clinical severity in endotoxemia and pneumonia

(Bradley, 2008; Parameswaran and Patial, 2010).

Samples were ranked by TNF-a concentration following LPS stimulation and
grouped into quartiles: the top 25% (75-100% quartile) defined high responders,
while the bottom 25% (0-25% quartile) defined low responders (Figure 4.7).
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TNF-a Release in LPS-Treated Monocytes Stratified by Quartile
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Figure 4.7. TNF-a release in LPS-treated monocyte samples stratified by quartiles. TNF-
a release in LPS-treated monocyte samples, grouped into quartiles: 0-25% (low
responders), 25-50%, 50-75%, and 75-100% (high responders). Samples in the top
quartile were defined as high responders and those in the bottom quartile as low
responders for downstream transcriptomic analysis.

Dimensionality reduction and correlation-based clustering consistently
demonstrated that TNF-a release closely aligned with global expression variation,
while sex emerged as a secondary but significant axis of variance; accordingly, sex
was retained as an additive covariate in all downstream analyses (Methodology
Section 3.2). Specifically, PCA of rlog-transformed gene expression data (Figure 4.8)
revealed two distinct clusters along PC1, explaining 20.34% of total variance and

reflecting TNF-a response levels, indicating broad transcriptional reprogramming
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linked to cytokine output. PC2 accounted for an additional 12.55% of variance and
stratified samples by sex, a trend consistent with documented sex-based immune
differences (Klein and Flanagan, 2016; Marquez et al., 2020). Correlation-based
clustering and a Pearson correlation heatmap of rlog-transformed data (Appendix
Figure 14) further reinforced this structure, showing strong intra-group similarity
(correlation coefficients ~0.88-1.0) and clear inter-group separation, confirming
robust and reproducible gene expression patterns underlying inflammatory
responsiveness. This integrated approach validated that TNF-a output is a primary
driver of monocyte transcriptomic heterogeneity, with sex acting as a modulating
factor, thereby justifying its inclusion as a covariate in the final DESeq2 model to
ensure precise, bias-adjusted detection of cytokine-associated signatures (Love,
2024).
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Figure 4.8. PCA of TNF-a response in LPS-treated monocytes. PC1 (20.34%)
distinguishes high and low TNF-a responders; PC2 (12.55%) stratifies samples by sex.
colours indicate groups: red (high-female), green (high-male), blue (low-female), purple
(low-male). Circles represent female samples; triangles represent male samples.

Comparison of high versus low TNF-a responders revealed a focused but biologically
relevant DEG signature (Volcano Plot, Figure 4.9). High responders upregulated
genes linked to antigen processing and presentation, type | IFN signalling, and
cytokine receptor pathways, amplifying transcriptional programmes for pathogen
recognition and inflammatory escalation. In contrast, low responders maintained
higher expression of genes governing ECM organisation, solute transport, and redox
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homeostasis, indicating a more restrained, tissue-preserving profile that prioritises
structural integrity and metabolic resilience. PPl networks (STRING, Figures 4.10-
4.11) and pathway enrichment analyses (GO, Figures 4.12-4.13) corroborated these
divergent states: high responders formed dense immune activation hubs, whereas
low responders engaged integrated metabolic-redox modules that may mitigate
excessive inflammation. Collectively, these findings demonstrate that stratifying by
TNF-a output uncovers distinct monocyte immune programmes, one favouring
robust inflammatory amplification, the other supporting tolerance and repair,
offering mechanistic insight into inter-individual variation in susceptibility to

hyperinflammatory injury and recovery following endotoxin challenge.

4.1.2.1 DGE Between High and Low TNF-a Responders

Differential expression analysis comparing TNF-a high and low responders, adjusted
for sex stratification and refined using Ashr shrinkage with contrast, revealed a
focused yet biologically meaningful transcriptional response (Love et al.,, 2014;
Stephens et al., 2016). Of the 18,195 genes tested, all were assigned nominal p-
values and log>FC estimates, with 555 genes additionally meeting the multiple-
testing corrected threshold (padj < 0.01): 228 upregulated (41%) and 327
downregulated (59%) in high responders (Appendix Table 1). Ashr shrinkage
stabilised log2FC estimates and improved interpretability, yielding a robust view of
TNF-a-associated transcriptional variation. A volcano plot visualises the full
distribution (Figure 4.9): genes are plotted by log2FC and -logio nominal p-value,
with points exceeding the adjusted threshold (padj < 0.01) highlighted at the plot’s

extremes.
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Figure 4.9. Volcano plot showing all 18,195 genes tested in TNF-a high vs. low
responders. The x-axis displays log2FCs; the y-axis shows -log1o0 nominal p-value. Notable
upregulated genes in high responders include IFNB1, IFNA14, ANKRD22, and XIST;
prominent downregulated genes include THBS1, CXCL5, RAI14, and FN1. Genes passing
the multiple testing adjusted threshold (padj < 0.01) are highlighted in red at the plot’s
extremities.

Upregulated genes included IFNB1 and IFNA 14, canonical type | IFNs central to LPS-
induced activation and antiviral defence (Klassert et al., 2017). Ankyrin Repeat
Domain (ANKRD) 22 and Calcium Homeostasis Modulator Family Member (CALHM)

6, both IFN-inducible and linked to inflammatory signalling, were also elevated
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(Danielli et al., 2023; Zang et al., 2023). Guanylate Binding Protein (GBP) 5, another
IFN-stimulated gene involved in inflammasome regulation (Zwack et al., 2017) was
similarly upregulated. The long non-coding RNA X-Inactive Specific Transcript (XIST)
showed increased expression, reflecting sex-based transcriptional differences
(Carrel and Willard, 2005).

Conversely, TNF-a high responders showed significant downregulation of immune
and matrix remodelling genes. Thrombospondin (THBS) 1 and MMP9, which mediate
leukocyte trafficking and ECM breakdown, were strongly suppressed (He et al.,
2022). The chemokine CXCL5, which recruits neutrophils, was also downregulated
(Mei et al., 2010). FN1, encoding Fibronectin, a key ECM component for monocyte
adhesion and tissue remodelling (Rudnik et al., 2021), was likewise reduced.
Together, this implies a restrained inflammatory and migratory phenotype despite
elevated TNF-a.

4.1.2.2 PPl Network Analysis Reveals Functional Clusters in High and
Low TNF-a Responders
STRING analysis of the top 100 upregulated genes (Figure 4.10) revealed a dense

network anchored by IFN signalling, antigen processing, and cytokine-mediated
activation. IFNB1 was a major hub linked to Proteasome Subunit (PSM)-B9,
TNFSF10, and Beta-2-Microglobulin (B2M) (Qureshi et al., 2023; Schmid et al.,
2010). A proteasome module centred on Proteasome Activator Subunit (PSME) 2
incorporated PSMB8, PSMB10, PSME1, PSMA4, Ubiquitin-Conjugating Enzyme
(UBE) 2L6, and IFN-Induced Protein (IFI) 35 (Bae and Lee, 2018; Javed et al., 2016).
A cytokine receptor cluster centred on CD40 connected to IL-27, IL-12RB1, IL-15,
CD72, and IL-15RA (de Jong et al., 1998; Hall et al., 2012; van Kooten and
Banchereau, 2000; Waldmann, 2006). IRF8 linked IFN and cytokine modules, while
GBP5 bridged to CD274, reinforcing trained immunity and inflammasome control
(B.-H. Kim et al., 2016; S. Ma et al., 2023).
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Figure 4.10. STRING PPI network of the top 100 upregulated genes in TNF-a high
responders. Nodes represent proteins encoded by significantly upregulated genes (padj <
0.01, baseMean > 50), and edges reflect high confidence predicted or known interactions
derived from the STRING database. Edge types include experimental evidence, curated
databases, gene co-expression, and text mining. Central hubs such as IFNB1, PSME2,
HLA-DPA1, IL-15, CD40 and TNFSF10 are highlighted by multiple high-confidence
connections, forming functional modules related to IFN signalling, immunoproteasome
assembly, cytokine receptor engagement, and antigen presentation. The network
visualisation emphasises the structured nature of transcriptional activation in TNF-a high
responders, with interconnected immune signalling pathways.
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STRING analysis of the top 100 downregulated genes (Figure 4.11) revealed two
clusters: an upper immune/tissue remodelling module and a lower metabolic/redox
module. The immune cluster was anchored by Insulin Receptor Substrate (IRS) 1,
CXCL5, FN1, MMP9, MMP14, with links to Fibroblast Growth Factor Receptor
(FGFR) 1, VEGFR1, MET, and IL-7R (Alexander et al., 2015; Mansour et al., 2006;
Salminenetal., 2021; W. Xu et al., 2019; Y. Zhou et al., 2024). CXCL5 connected with
CXCL1, CCL20, IL-1R2, IL-7R, MMP9, MMP14, and A Disintegrin and
Metalloproteinase with Thrombospondin Motif (ADAMTS) 2, highlighting dampened
infiltration/remodelling capacity (Etich et al., 2019; Fingleton, 2017; Gill and Parks,
2008; Visse and Nagase, 2003).

The metabolic cluster, anchored by Solute Carrier Family 1 Member (SLC1A) 5,
Glutamate-Cysteine Ligase Modifier Subunit (GCLM), Malic Enzyme (ME) 1, and
Phosphoserine Aminotransferase (PSAT) 1, included SLC7A11, SLC38A1, BCAT1,
Thioredoxin Reductase (TXNRD) 1, ChaC Glutathione Specific Gamma-
Glutamylcyclotransferase (CHAC) 1, Sestrin (SESN) 2, and DNA Damage Inducible
Transcript (DDIT) 4 (T. Liu et al., 2023; Tang et al., 2023; J. Zhao et al., 2020).
Downregulation suggests reduced oxidative stress resilience and metabolic

adaptability, matching an energetically restrained monocyte state.

Bridging nodes (MMP9, FN1, Peroxisome Proliferator-Activated Receptor (PPAR) D,
Acyl-CoA Synthetase Long Chain Family Member (ACSL) 1, BCAT1, SLC1A5)
integrated ECM remodelling, nutrient sensing and stress adaptation, underscoring
how high responders simultaneously dampen cytokine effectors and metabolic
pathways, which is a transcriptional signature of tolerance and energy conservation

following LPS challenge.
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Figure 4.11. PPI network of the top 100 downregulated genes in TNF-a high responders.
Nodes represent proteins encoded by significantly downregulated genes (padj < 0.01;
baseMean > 50), with edges reflecting known or predicted interactions derived from
experimental evidence, curated databases, text mining, co-expression, and gene
neighborhood. Two major clusters are evident: an upper immune-associated cluster
centered around CXCL5, MMP9, IRS1, and FN1, and a lower metabolism- and redox-
associated cluster anchored by SLC1A5, GCLM, and ME1. Central nodes connecting the
clusters include MMP9, FN1, PPARD, and BCAT1.
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4.1.2.3 Integrated Expression Profiles Reveal Divergent Immune and
Metabolic States

The volcano plot comparing TNF-a high and low responders revealed a robust
upregulation of type | IFN-stimulated genes (ISGs) in individuals with elevated
cytokine release (Figure 4.9). Among these, IFNB1 and IFNA14 emerged as two of
the most significantly upregulated transcripts in the dataset, consistent with their
well-established roles as pivotal mediators of LPS-induced antiviral responses and
innate immune activation (Klassert et al., 2017). Their consistent recurrence across
multiple contrasts, including the broader LPS vs. media comparison, underscores
their dominant function as central effectors of monocyte activation under
inflammatory stress within this donor cohort, highlighting the centrality of a type |

IFN-driven immune activation program under LPS stimulation.

Beyond IFNB1 and IFNA14, significant upregulation of several additional IFN-
inducible transcripts was detected in high responders, including ANKRD22, CALHMé,
and GBP5. While ANKRD22 has been previously linked to inflammatory cytokine
production (Danielli et al., 2023) and CALHMé to immune cell activation and
membrane remodelling (S. Zhang et al., 2024) their co-expression in the context of
elevated TNF-a production constitutes a novel feature of the transcriptional
program captured in the dataset. GBP5, known to participate in inflammasome
activation and cytosolic bacterial sensing (Man et al., 2017), was embedded within a
broader network of innate effector genes, suggesting that monocytes in high
responders are transcriptionally primed for robust pathogen sensing and

inflammasome activity.

The long non-coding RNA XIST also appeared among the upregulated transcripts in
high responders. This upregulation reflects the inclusion of sex as a covariate in the
DESeq2 model and validates appropriate control for sex-specific transcriptional
effects (Carrel and Willard, 2005; Disteche, 2016) rather than direct involvement in

inflammatory signalling, reinforcing the methodological rigor of the dataset analysis.
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PPI network analysis of the top 100 upregulated genes in TNF-a high responders
revealed a highly interconnected module centred on IFNB1 (Figure 4.10). This core
cluster directly linked IFNB1 to PSMB9, TNFSF10, and B2M, forming a signalling
axis aligned with type | IFN responses and enhanced antigen presentation (Qureshi
etal., 2023; Schmid et al., 2010). The immunoproteasome subunits PSMB9, PSMBS,
and PSME2, well documented for their role in endogenous antigen processing
(Groettrup et al., 2010) were co-upregulated, revealing strong activation of
proteasomal machinery to support efficient peptide generation for MHC class |

presentation and sustained immunological vigilance in high responders.

A second interconnected subnetwork centred around PSME2 was enriched for
proteasome and ubiquitin pathway genes, including PSMB10, PSME1, PSMA4,
UBE2L6, and IFI35. The presence of these components aligns with established
functions in antigenic peptide processing (Bae and Lee, 2018; Javed et al., 2016;
Vigneron and Van den Eynde, 2014) and confirms that high TNF-a responders in the
dataset exhibit an enhanced proteolytic capacity coupled to robust antigen

presentation, further supporting cytotoxic T-cell activation (Rock et al., 2002).

Parallel to the IFN and proteasome modules, a cytokine receptor signalling cluster
anchored by CD40 connected directly to IL-27, IL-12RB1, and IL-15, consistent with
a coordinated transcriptional program for T-cell co-stimulation and cytokine-
mediated amplification (van Kooten and Banchereau, 2000). Additional linkages to
CD72 and IL-15RA expand this cluster, indicating integration between antigen-
presenting cell maturation signals and effector lymphocyte activation pathways
(Waldmann, 2006). Within this network, IRF8 occupied a bridging position,
connecting the IFNB1 and CD40-driven modules; while its induction by type | IFNs
is well established (S. Ma et al., 2023; Moorman et al., 2022), the bridging role
highlighted here illustrates how IFN signalling and cytokine receptor pathways
converge in monocytes with high TNF-a production, reinforcing a tightly

coordinated innate and adaptive immune interface.
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The GBP family, particularly GBP4 and GBP5, formed a distinct subnetwork linking
to CD274, Serpin Family G Member (SERPING) 1, and Apolipoprotein L (APOL) 1-
APOL3 genes. These connections imply upregulation of cytosolic bacterial sensing,
inflammasome regulation, and checkpoint control (B.-H. Kim et al., 2016), indicating
that the transcriptional landscape in high responders balances robust pathogen
elimination with mechanisms that may limit excessive tissue-damaging

inflammation.

Consistent with the pronounced activation of antigen processing, upregulation of
several HLA class Il molecules was also detected, including HLA-DPA1, HLA-DPB1,
HLA-DOA, HLA-DMB, and HLA-DRA. These genes clustered closely with CD274
and B2M, supporting a dual enhancement of both MHC class | and Il presentation
machinery. This suggests that monocytes in high responders are transcriptionally
configured for broad-spectrum antigen presentation, capable of priming both
cytotoxic and T-helper cell responses (J. Lee et al., 2017). Notably, HLA-DRA, a
marker of sepsis-induced immunosuppression (Cajander et al., 2016) was
upregulated alongside these immune activation modules, underscoring the
complexity of transcriptional states balancing immune defence and regulation under

inflammatory stress.

In contrast, low responders exhibited a distinct gene expression signature
characterised by relatively higher expression of a defined subset of genes involved
in immune regulation, leukocyte trafficking, and ECM remodelling (Figures 4.9 and
4.11). Among the most significantly downregulated genes in high responders, and
thus more highly expressed in low responders, were THBS1, CXCL5, MMP9, and FN1
(He et al., 2022; Mei et al., 2010; Rudnik et al., 2021). These genes have established
roles in tissue remodelling and cancer progression. For example, overexpression of
Connective Tissue Growth Factor (CTGF), FN1, IL-6, THBS1, and WISP1 has been linked
to reduced survival in gastric cancer (Khoshdel et al., 2024). CXCL5, a key regulator
of neutrophil recruitment and angiogenesis, has been shown to promote tumour
progression (C. Chen et al., 2019; W. Zhang et al., 2020; Z. Zhou et al., 2019).
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Similarly, THBS1 facilitates angiogenesis and tumour spread through cell-matrix
interactions (S. Zhang et al., 2021), while FN1 enhances tumour cell adhesion,

migration, and invasion (Cajander et al., 2016).

The volcano plot confirmed that ECM remodelling and immune trafficking genes are
relatively more abundant in low responders. PPl analysis revealed two
interconnected clusters: the first dominated by MMP9, MMP14, FN1, and THBS1,
coordinating ECM remodelling and leukocyte infiltration (Fingleton, 2017; Gill and
Parks, 2008; Visse and Nagase, 2003), with CXCL5 linking to other chemokines
(Cabral-Pacheco et al., 2020; Mei et al., 2010). Additional hubs such as IRS1, FGFR1,
FLT1, and MET integrated growth factor signalling with ECM dynamics (Alexander
et al., 2015; Mansour et al., 2006; Salminen et al., 2021; W. Xu et al., 2019; Y. Zhou
et al., 2024).

STRING visualisation (Figure 4.11) reinforced THBS1, FN1, and CXCL5 as central in
the ECM remodelling module, implying sustained monocyte migration, leukocyte
trafficking, and dynamic tissue interaction (Gill and Parks, 2008; Rudnik et al., 2021;
Zhong et al., 2024). A second cluster, centred on SLC1A5 and encompassing
SLC7A11, SLC38A1, PSAT1, ME1, GCLM, and BCAT1, indicated sustained
Nicotinamide Adenine Dinucleotide Phosphate (NADPH) production, serine
biosynthesis, and antioxidant defence (T. Liu et al., 2023; J. Zhao et al., 2020).
TXNRD1, CHAC1, and stress-responsive genes DDIT4, SESN2, CEBPG, and ADM2
reinforced redox balance (Schmidlin et al., 2019; Tang et al., 2023).

The metabolic and ECM modules were bridged by MMP9, FN1, PPARD, ACSL1,
BCAT1, and SLC1A5, demonstrating that low responders coordinate ECM
remodelling with nutrient sensing and stress adaptation within an integrated

architecture (Hotamisligil, 2017; H. S. Lee and Kim, 2022).

Incorporation of sex as a covariate was essential for resolving these profiles.
Consistent with prior observations, female donors exhibited heightened ISG

expression, including IFNB1, IFNA14, GBP5, and IRF8 (Gettler et al., 2019; La Mata et
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al., 2023; Quin et al., 2024), while low responders, mostly male, maintained higher
expression of THBS1, CXCL5, FN1, and SLC1A5, suggesting a sex-influenced
immunoregulatory and metabolically adaptive state (Klein and Flanagan, 2016;
Schurz et al., 2019; Taneja, 2018). The prominence of XIST among key transcripts
confirmed successful adjustment for sex differences without obscuring core IFN-

driven signatures.

Together, these data describe how TNF-a high responders maintain a coordinated
IFN-driven immune activation program, while low responders preserve a distinct
matrix-remodelling and metabolic resilience profile, modulated in part by sex-

specific transcriptional influences.

4.1.2.4 Pathway Enrichment Analysis Highlights Divergent Immune and
Metabolic Programmes
Building on the transcriptional shifts observed in the global LPS vs. media

comparison, this section examines how variation in TNF-a responsiveness
corresponds to distinct pathway-level immune states. Using the combined
enrichment approach (Section 3.12), which integrates GO term overrepresentation
and non-pre-ranked GSEA for Hallmark and ImmuneSigDB gene sets, the analysis
highlighted functional programmes distinguishing high and low cytokine responders
after LPS stimulation.

Although overall differential expression between responder groups was narrower
than in the broader LPS response, pathway enrichment revealed clear mechanistic
contrasts. High responders showed strong positive enrichment of adaptive immune
processes (Figure 4.12), especially antigen presentation, with top GO terms including
MHC protein complex, MHC class Il complex, and peptide antigen assembly, driven
by upregulation of HLA-DPA1, HLA-DPB1, HLA-DOA, HLA-DMB, and HLA-DRA
(Madej et al., 2017; Rayees et al., 2020; Tiemeijer et al., 2023). This pattern co-
occurred with elevated IFNB1, IL-27, and CD40, suggesting monocytes in high
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responders are transcriptionally primed for robust antigen presentation and T-cell
activation (Schenten and Medzhitov, 2011; Takeuchi and Akira, 2010). Enrichment
of leukocyte and lymphocyte proliferation terms further supported heightened
immune coordination. Notably, the presence of the adaptive immune response term
based on somatic recombination, while functionally executed by lymphocytes, likely

reflects the supportive transcriptional milieu provided by monocytes (Notarangelo

etal., 2016).

TNF-alpha LPS-Treated Monocytes: Positively Enriched Gene Ontology Terms (BP, CC, MF)

15
-log10(Adjusted p-value)
i
0

o

Gene Count

ith
ex

ion

Y
S
mbly wi

ith
ex
C protein compi

n of

assembly
Ponse based
ombinatio
ors built from
N superfami|
domain,
ssing and
Xogenous
antigen
gen asse

Pt
leukocyte proliferation

el
antigen proce:
!yrnphocyrs proliferat;
MH

Presentation of e
MHC protein complex assembly

MHC protein complex
Peptide ant;

On somatic rec,
IMmmunogiobuyi

M
HC class |y protein complex
Immune rece

MHC class |y Protein complex

MHC cla

Peptide g
adaptive immune reg

GO Term

Figure 4.12. Top 10 most significantly positively enriched GO terms in TNF-a high
responders relative to low responders. Each bar represents a GO term enriched among
genes upregulated in high responders, with bar height indicating the number of DEGs
contributing to the term. The x-axis lists GO terms, ordered by significance, and the y-axis
displays gene counts. A color gradient from red to blue encodes enrichment strength,

where red indicates higher significance (-logio x padj = 6.2) and blue denotes lower
significance (-log1o x padj = 5.4). Positively enriched terms highlight antigen presentation,

MHC complex assembly, and adaptive immune activation.
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In contrast, negatively enriched terms in high responders (Figure 4.13) indicated

and SLC38A1 suggested

suppression of pathways related to cellular transport, metabolism, and redox

adaptation.

Downregulation of SLC1A5, SLC7A11,

, 2016; Nathan and

constrained nutrient import (O’Neill et al., 2016), while decreased GCLM, SESN2, and

TXNRD1 implied reduced antioxidant capacity (Mills et al

Cunningham-Bussel, 2013). Reduced expression of ECM remodelling and adhesion
factors such as FN1, MMP9, and THBS1 further highlighted a profile favouring

immune effector activation over tissue interaction or metabolic adaptability

(Marangio et al., 2022).

Gene Count

TNF-alpha LPS-Treated Monocytes: Negatively Enriched Gene Ontology Terms (BP, CC, MF)

GO Term
Figure 4.13. Top 10 most significantly negatively enriched GO terms in TNF-a high
responders relative to low responders. The bar plot displays the most enriched GO terms
among downregulated genes in high responders. Each bar denotes a GO term, with bar
height corresponding to the number of DEGs annotated to that term. GO terms are sorted
on the x-axis by statistical significance, while gene counts appear on the y-axis. A red-to-
blue color scale indicates enrichment strength, with red reflecting higher significance
(-log10 x padj = 2.75) and blue lower significance (-logio x padj = 2.25). These terms
reflect reduced expression of genes involved in amino acid transport, oxidative stress
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These patterns parallel the global LPS vs. media response (Section 4.1.1.2), where
LPS broadly activated innate and antiviral pathways while suppressing housekeeping
programmes. TNF-a stratification refined this, revealing that high responders
selectively amplify antigen presentation, IFN signalling, and cytokine co-stimulation
while further repressing metabolic transport, redox buffering, and motility. Low
responders, meanwhile, retained higher expression of amino acid transport,
oxidative stress control, and ECM remodelling genes, including THBS1, FN1, CXCL5,
and SLC1A5, indicating a phenotype focused on tissue interaction and controlled

inflammation rather than escalated immune activation.

PPI network analysis supported these functional profiles: high responders showed
dense modules centred on IFNB1, CD40, PSMB9, and HLA molecules, indicative of
an organised immune amplification axis. Low responders displayed networks
anchored by solute carriers and ECM regulators, reflecting maintained

immunometabolic flexibility and structural adaptability.

Biologically, these patterns suggest high responders exhibit features of trained
immunity, an epigenetically primed, heightened innate response (Netea et al., 2016),
while low responders show a more tolerant state aimed at preventing excessive
inflammation (O’Neill et al., 2016). The suppression of metabolic and redox genes in
high responders implies reallocation of resources toward immediate immune
activation at the expense of resilience and repair. Conversely, low responders

maintain a bioenergetically favourable state supporting long-term function.

Importantly, stratification by TNF-a production uncovered how within the LPS-
driven activation, monocytes diverge into distinct states balancing immune
escalation and tolerance (M. N. Lee et al., 2014). High responders upregulated genes
for MHC class Il assembly, type | IFN signalling, and cytokine co-stimulation but
repressed amino acid transporters (SLC1Ab5), redox regulators (GCLM, TXNRD1), and
ECM components (THBS1, FN1) (Cheng et al., 2014), indicating trade-offs favouring
pathogen clearance over metabolic flexibility (Mohammadnezhad et al., 2022;

O’Neill et al., 2016; Pearce and Pearce, 2013). Low responders, with sustained
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expression of CXCL5, FN1, MMP9, and solute carriers, maintained pathways
supporting stress tolerance and tissue integrity (W. Lin et al., 2020; Q. Wu et al,,
2021; Xue et al., 2014).

These enrichment profiles echo the global LPS vs. media patterns but demonstrate
how TNF-a responsiveness layers additional variation onto shared innate

programmes (Dominguez-Andrés et al., 2019; Netea et al., 2016).

Adjusting for sex as a covariate was critical to prevent confounding by sex-linked
transcriptional differences, especially in type | IFN and MHC pathways (Klein and
Flanagan, 2016; Lopez-Collazo and del Fresno, 2013; Marquez et al., 2020). For
example, XIST, an X-chromosome inactivation marker, was upregulated in high
responders partly due to female overrepresentation (Disteche, 2012; Schurz et al.,
2019). By accounting for sex, the analysis robustly isolated true cytokine-driven
effects: MHC protein complex and adaptive immune terms remained significantly
enriched, while stable metabolic gene expression in low responders (SLC1A5, THBS1,
GCLM) confirmed an authentic regulatory orientation, not merely a demographic
artefact (Taneja, 2018; Wilkinson et al., 2022).

In sum, this sex-adjusted enrichment framework clarifies that individual
transcriptional states, and not demographic bias, shape divergent monocyte
trajectories after LPS challenge. Recognising these patterns informs precision
approaches for immune modulation, accounting for interindividual and sex-based

variation (S. Xu et al., 2024).

4.1.2.5 GSEA Highlights Distinct Hallmark and Immune Signatures in
TNF-a Responder Phenotypes
GSEA of Hallmark and ImmuneSigDB gene sets revealed phenotype-specific

transcriptional programmes distinguishing the low and high TNF-a responder
groups. In the low responders (n = 23), Hallmark analysis (Figure 4.14) identified
significant enrichment (FDR < 0.25) for pathways including Androgen Response,
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PIBK/AKT/mTOR Signalling, Mitotic Spindle, and UV Response DN, implicating
increased proliferative signalling and hormonal regulation (Saxton and Sabatini,
2017). Additionally, TGF- Signalling and Coagulation demonstrated high NES (> 1.6)
with nominal p < 0.01, suggesting biological relevance despite narrowly missing FDR
significance (Wynn and Vannella, 2016). Complementary ImmuneSigDB analysis
highlighted broader immune activation in the low group, with 85 gene sets enriched
at p < 0.01 and 271 at p < 0.05. Top-ranked immune programmes (NES > 1.87)
pointed to robust activation of IFN-responsive microglia, CD4" T-cell polarization,
and monocyte-driven pathways (Prinz and Priller, 2014; J. Zhu et al., 2010). These
findings support a phenotype characterised by sustained proliferative and regulatory

signals alongside flexible immune readiness.
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Figure 4.14. Hallmark GSEA enrichment plots for the four most upregulated pathways
in TNF-a low responder monocytes following LPS stimulation (n = 23). Each panel
displays the running Enrichment Score (green line), the locations of pathway genes in the
ranked list (black vertical lines), and the ranking metric (grey plot). The peak of the ES
curve indicates the point of maximum enrichment for each pathway. Shown pathways
include Androgen Response (NES = 1.56; FDR =0.21), PI3K/AKT/mTOR Signalling
(NES = 1.60; FDR = 0.26), Mitotic Spindle (NES = 1.57; FDR = 0.25), and UV Response
DN (NES = 1.66; FDR =0.24). Collectively, these enrichments highlight increased
proliferative signalling and hormonal modulation characteristic of the low responder
phenotype.

111



In contrast, the high responders (n = 14) showed a distinct enrichment profile (Figure
4.15). Hallmark pathways such as Oxidative Phosphorylation, IFN Alpha Response,
Adipogenesis, and Fatty Acid Metabolism met FDR < 0.25, indicating a shift toward
metabolic activation and focused immunomodulation (O’Neill et al., 2016).
ImmuneSigDB analysis similarly revealed suppression of broader immune pathways,
with 31 gene sets enriched at p < 0.01, including negatively enriched (NES < -1.9)
signatures for IFN-y signalling, microglial activation, and TH17 polarization (Sica and
Mantovani, 2012). These results suggest that despite high TNF-a production, these
monocytes prioritise a streamlined IFN-driven axis tied closely to antigen

presentation while constraining other inflammatory circuits.
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Figure 4.15. Hallmark GSEA enrichment plots for the four most upregulated pathways
in TNF-a high responder monocytes following LPS stimulation (n = 14). Each panel shows
the running Enrichment Score (ES, green line), the positions of pathway genes in the
ranked gene list (black vertical lines), and the ranking metric (grey plot). The peak of the
ES curve indicates the point of maximum enrichment. Shown pathways include Oxidative
Phosphorylation (NES =-1.64; FDR=0.19), IFN Alpha Response (NES=-1.64;
FDR = 0.13), Adipogenesis (NES=-1.57; FDR =0.15), and Fatty Acid Metabolism
(NES = -1.51; FDR = 0.17). These enrichments highlight a metabolic and IFN-focused
transcriptional program that distinguishes the high responder phenotype.
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Together, these results delineate contrasting molecular states: low responders show
transcriptional signatures combining proliferative pathways, PI3K/mTOR signalling,
and immune regulatory circuits, supporting a phenotype geared toward tissue
integrity, metabolic flexibility, and containment-focused monocyte behaviour
(Martinez et al., 2006; Wynn and Vannella, 2016). The co-enrichment of TGF-p
Signalling and Coagulation further implies readiness for immune resolution and

repair rather than broad inflammatory escalation.

High responders, in contrast, exhibit a focused transcriptional profile dominated by
type | IFN signalling, enhanced antigen presentation, and oxidative metabolism, but
with suppressed nutrient transport and antioxidant genes, highlighting a trade-off:
immune intensity sustained by downregulating cellular maintenance pathways (Mills
et al., 2016; Schreiber et al., 2011; Schultze et al., 2015). This suggests these cells
allocate resources to rapid immune escalation at the expense of resilience to

oxidative or metabolic stress.

The combined Hallmark and ImmuneSigDB enrichment, in agreement with
differential expression and GO analyses, supports the broader hypothesis that TNF-
a responsiveness stratifies monocytes along an axis balancing “high-alert” trained
immunity against a more tolerant, regulatory state (Dominguez-Andrés et al., 2019;
Netea et al., 2016). This divergence may contribute to inter-individual differences in
susceptibility to inflammation-mediated damage or chronic immune dysfunction

following LPS exposure.

4.1.2.6 Biological Implications of Sex Differences in Monocyte TNF-a
Responsiveness

Beyond statistical adjustment, interpreting the biological consequences of sex
differences in monocyte function provides critical insight into the immune landscape
underlying TNF-a responsiveness. Sex is a well-established modulator of immune

responses across both innate and adaptive systems (Klein and Flanagan, 2016;
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Marquez et al., 2020), and monocytes in particular exhibit pronounced sex-specific
variation in pattern recognition receptor signalling, cytokine output, and chromatin

accessibility (Gal-Oz et al., 2019; Marquez et al., 2020; Song et al., 2021).

In the context of TLR4 signalling, the key pathway triggered by LPS and upstream of
TNF-a production, female immune cells demonstrate greater responsiveness,
characterised by enhanced activation of NF-kB and IRF transcriptional cascades and
elevated production of cytokines such as TNF-a, IL-6, and type | IFNs (Furman et al.,
2014; Seibl et al., 2003). These sex-based differences are shaped by both genetic
factors, like X-linked immune gene dosage (Amarasinghe et al., 2023; Youness et al.,
2023), and hormonal regulation, with oestrogen known to enhance, and
testosterone to suppress, TLR4-mediated myeloid activation (Libert et al., 2010;
Straub, 2007).

This sexually dimorphic immune wiring has direct relevance to TNF-a responses.
Multiple studies show that females often produce higher levels of TNF-a upon
immune challenge but exhibit greater resilience to its pathogenic effects, (Kovats,
2015; Marquez et al., 2020), highlighting the importance of not only cytokine
magnitude but also regulatory context (Dunn et al., 2024). In inflammatory
conditions like sepsis, males consistently suffer greater morbidity and mortality,
often attributed to unchecked TNF-mediated tissue damage despite equal or lower

cytokine production (Angele et al., 2014; van der Poll et al., 2017).

These findings resonate with the transcriptomic pattern observed in this study: high
responders were enriched for female donors and exhibited elevated expression of
XIST and IFN-responsive genes (Gal-Oz et al., 2019; So et al., 2021), raising the
possibility that intrinsic sex-based transcriptional baselines shape TNF-a response

thresholds (Song et al., 2021; Zong et al., 2021).

Crucially, after correcting for sex as a covariate in the DESeq2 model, the persistence
of transcriptional modules linked to antigen presentation, IFN signalling, and co-

stimulatory receptor expression confirms that high responder status reflects a
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biologically distinct immune trajectory (Marquez et al., 2020; Song et al., 2021).
Similarly, the stability of metabolic, redox, and ECM-related gene expression in low
responders, despite a higher proportion of male donors, reinforces the interpretation
that this group is transcriptionally configured for immune restraint and metabolic
maintenance, independent of sex-linked bias (Feng et al., 2024; Ucar et al., 2017).
These findings illustrate the necessity of sex-aware transcriptomic profiling in
immunogenomics (Klein and Flanagan, 2016; Taneja, 2018). Failure to account for
sex as a biological variable risks conflating immune programming with demographic
composition (Libert et al, 2010). Moreover, understanding how sex-linked
immunobiology intersects with cytokine responsiveness may aid in the design of
tailored interventions for inflammatory diseases even beyond CAP, including sepsis,
rheumatoid arthritis, and COVID-19, where TNF-a plays a key role and sex-
discordant clinical outcomes are well documented (Feng et al., 2024; Takahashi et al.,
2020; Taneja, 2018).

4.2 Data Preprocessing and Bioinformatics

RNA HTS data requires rigorous preprocessing to ensure analytical integrity and
reproducibility. In this study, a standardised computational pipeline was employed
to assess sequencing quality, remove technical artifacts, align reads to the human
genome, and quantify gene-level expression. These steps ensured that downstream
statistical comparisons reflected biological variation rather than noise or bias. The
sections below detail this workflow, from initial raw read assessment to DEG

modelling.

Efficient and reproducible bioinformatics workflows are essential to ensure the
integrity of HTS data (Conesa et al., 2016). This section describes the preprocessing
and quality assurance steps applied to the RNA-seq libraries, detailing QC, trimming,
alignment to the reference genome, and preparation of count matrices for

downstream statistical analysis.
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4.2.1 Quality Control and Pre-Processing

Initial FastQC reports revealed mild residual lllumina adapter sequences and typical
3’-end quality drop-offs. Adapter and low-quality base trimming were therefore
applied, conservatively removing less than 5% of bases per sample. Post-trimming
FastQC and MultiQC assessments confirmed effective adapter removal and
improved per-base quality, ensuring high-confidence alignment. In total, 184
individual FastQC reports (92 raw and 92 trimmed) were generated and summarised

with MultiQC, providing comprehensive pre- and post-processing quality metrics.

The quality assessment of RNA sequencing data, as summarised from MultiQC
reports, indicated that the overall data quality was acceptable: the majority of FASTQ
files met essential quality standards based on GC content, read length consistency,
and sequence quality metrics. No samples were excluded from downstream
analyses; all files were retained, as all datasets met the minimum thresholds required

for robust alignment and differential expression analysis.

The average read length was consistent across all samples at 51 bps, with only one
exception (3016M_trim at 50 bp), and the median read length remained stable. GC
content across all FASTQ files ranged from 50% to 57%. Several samples, including
1017L_raw, exhibited the lowest GC content at 50%, while the highest value of 57%
was observed in both 1052M_trim and 1052M_raw. While sequence duplication
levels showed notable variability, ranging from 40.9% (3016M_trim) to 96.2%
(3013M_trim), these levels are expected in RNA-Seq data due to transcript
abundance and technical biases (Andrews, 2010; Conesa et al., 2016). The total
number of sequences also varied, with the lowest counts around 20.4 million (such
as 1022M_trim) and the highest reaching up to 64% of total reads (3013M_raw).
Additionally, FastQC module failure rates across samples ranged from 0% in most
files to 18% in select cases, indicating localised issues but not compromising the
overall dataset quality. Despite these differences, the data quality was deemed

robust and suitable for downstream analyses such as DEG, aligning with quality
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expectations outlined in the FastQC Documentation from the Babraham Institute

(Andrews, 2010) and compiled through MultiQC summaries (Ewels et al., 2016).

The sequence count analysis (Figure 4.16), encompassing both raw and trimmed
reads, demonstrated highly consistent results across all FASTQ files. FASTQ files
were categorised based on the proportion of single reads, with the remaining
percentage representing duplicate reads. Within the 0%-20% range, 28 FASTQ files,
including 3013M (3.9% and 3.8% unique raw and trimmed reads, respectively) and
3013L (4.5% and 4.4% unique raw and trimmed reads, respectively), exhibited the
lowest percentages of single reads. Most of the dataset, consisting of 152 FASTQ
files, fell within the 20%-40% range, again showing a high degree of comparability
between raw and trimmed reads. Finally, four samples, including 1022M and 3016M
(each with both raw and trimmed FASTQ files), fell within the 40%-60% unique read
range, with 3016M showing the highest single-read percentage (54.2% for raw,
59.1% for trimmed reads). No FASTQ files displayed single-read percentages within
the 60%-100% range. Overall, these results suggest highly variable sequence
duplication rates across FASTQ files, a common feature in RNA-seq datasets that
may reflect either technical artifacts or biological abundance (Conesa et al., 2016).
As duplication rates did not compromise overall quality metrics, all samples were

retained for downstream analysis.
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FastQC: Sequence Counts
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All 184 FASTQ files successfully passed the sequence QC assessment, with quality
scores consistently falling within the high confidence "green" zone (Figure 4.17).
Across all samples, base-wise mean quality scores were consistently high (Phred
~40), indicating excellent sequencing quality suitable for downstream analyses.

Minor deviations in a few files (such as 3016M) did not affect overall data quality.

FastQC: Mean Quality Scores

Phred Score
8

Position (bp)

Figure 4.17. Base-wise mean Phred quality scores across all FASTQ files. Line plot
showing the average Phred quality score at each base position (1-50) for 184 FASTQ
files. The x-axis represents base position along the read, and the y-axis indicates the mean
Phred score. The solid green line traces the average quality per base, with slight tapering
toward the 3’ end. Background shading reflects FastQC confidence zones: green (>30,
high quality), orange (20-30, moderate), and red (<20, low). All base positions fall within
the high-quality range.

4.2.1.1 Per Sequence Quality Scores and Per Base Sequence Content
All FASTQ files met per-sequence quality standards (Appendix Figure 15). In the Per

Base Sequence Content module, 180 FASTQ files generated warnings and four files
(sample 3013 under both treatment conditions, raw and trimmed) failed due to
known sequence bias at the 5’ end, consistent with random hexamer priming during
library preparation (Andrews, 2010). Such imbalances can increase the risk of
unmapped reads due to mismatches; however, alignment rates remained high (>95%
for all libraries), indicating that this bias did not substantially impact mapping
efficiency. Previous studies (Hansen et al., 2010; Tarazona et al., 2011) have similarly

shown that sequence-specific priming bias has minimal effect on gene-level
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quantification when standard RNA-seq normalisation is applied. Therefore, all files
were retained for downstream analysis; no explicit correction for residual quality
biases was applied, but standard trimming, alignment, and feature-level

guantification ensured consistent processing across samples.

4.2.1.1 Per Sequence GC and per base N Content

In the Per Sequence GC Content analysis (Figure 4.18), 16 FASTQ files, comprising
paired raw and trimmed versions of 8 individual samples, were flagged as failed,
while 22 FASTQ files, corresponding to 11 sample pairs, received warnings. In all
flagged cases, both raw and trimmed FASTQ files from each sample exhibited
identical patterns, with no differences observed between them, as confirmed by
MultiQC aggregation and FastQC reports. Although notable deviations from the
expected normal distribution were observed, failed files generally remained centred
near the mean GC content but displayed sharper peaks toward the right side of the
distribution, suggestive of potential contamination or technical bias during library
preparation, such as adapter dimers or abnormal base composition (Andrews, 2010).
According to FastQC criteria, warnings are triggered when over 15% of reads deviate
from the normal distribution, while failures occur beyond a 30% deviation threshold
(Andrews, 2010). Despite these observations, 146 FASTQ files passed the module,
indicating that the majority of the dataset-maintained GC content within acceptable

ranges.
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FastQC: Per Sequence GC Content

% GC

Figure 4.18. Per sequence GC content across all FASTQ files. Per-sequence GC content
distribution for 184 FASTQ files; each line represents a single file. Line colours indicate
FastQC evaluation: green (pass), orange (warning), red (fail). Warnings were flagged in 22
files (e.g., 1018M, 1052L, 1060M, 1084M, 3013M_trim, 3018L, 3032M), while 16 files
failed (e.g., 1051L, 1055M, 1056L, 1064M, 3015M), according to FastQC thresholds
(Andrews, 2010). The tall, narrow GC peak distinct from the main distribution reflects
two high-duplication samples, 3013L and 3013M.

In the Per Base N (ambiguous nucleotide) Content analysis (Appendix Figure 16),
approximately half of the FASTQ files, corresponding to the trimmed reads, showed
0% N content at base position 1. In contrast, the raw reads displayed up to 0.54% N
content at base 1, which sharply dropped to between 0.01% and 0% from base 2
onwards. This difference highlighted the effect of trimming on improving sequence

quality by removing uncertain base calling at the start of the reads.

4.2.1.1 Sequence Length Distribution and Duplication levels
For the Sequence Length Distribution module (Appendix Figure 17), 92 raw read

FASTQ files passed the assessment, as they all exhibited consistent lengths of 51
bps. However, 92 trimmed read FASTQ files received warnings due to variability in
sequence lengths, with the plot showing an abrupt upward curve at exactly 50 bp
on the x-axis. According to the FastQC documentation (Andrews, 2010), this module
can raise a warning when all sequences are not of the same length. The discrepancy

is attributed to the 3016M_trim sample being 50 bp long, while the other trimmed
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reads are 51 bp. Even within libraries that generally maintain uniform sequence
lengths, some pipelines may trim sequences to remove poor-quality base calls from
the ends, which explains the observed length variation in the trimmed FASTQ files
(Andrews, 2010).

As previously discussed on the general statistics (Section 4.2.1.1), where the 3016M
raw and trimmed FASTQ files had the lowest percentage of duplicate reads (40.9%
for 3016M_trim and 45.8% for 3016M_raw), 182 of 184 FASTQ files failed the
Sequence Duplication Levels module. Only the 3016M raw and trimmed FASTQ files
were flagged with warnings rather than failures (Appendix Figure 18). According to
the FastQC documentation, this module issues a warning if more than 20% of
sequences are non-unique, and a failure occurs if this number exceeds 50%
(Andrews, 2010).

The module assumes a diverse, unenriched library, and deviations from this can
result in duplicate sequences due to either technical issues, such as PCR artifacts, or
biological duplicates, where identical sequences are naturally present in the sample
(Fu et al., 2018; Sims et al., 2014). However, in RNA-Seq libraries, the varying levels
of transcript abundance can lead to over-sequencing of highly expressed transcripts,
causing a high level of duplication (Andrews, 2010). These duplicates were not
necessarily indicative of technical issues but could reflect the nature of RNA-seq
data, where duplicates can arise from biologically relevant regions rather than
technical errors (Andrews, 2010). Thus, while high duplication levels were flagged in
most FASTQ files, they were expected in RNA-seq libraries and were not a concern

to impact downstream alignments and DEG analysis.

4.2.1.1 Overrepresented Sequences and Adaptor content
In the Overrepresented Sequences analysis, 28 FASTQ files passed, 155 FASTQ files

received warnings, and 1 sample (3005L_raw) failed (Appendix Figure 19). This

module evaluated the total amount of overrepresented sequences in each library.
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According to the FastQC documentation (Andrews, 2010), a warning is issued if any
sequence represents more than 0.1% of the total, while a failure occurs if a sequence
exceeds 1% of the total. Overrepresented sequences may indicate biological
significance, contamination, or lack of library diversity. While this module can help
flag potential issues, some overrepresentation is expected in RNA-seq libraries,
especially in cases where highly expressed sequences dominate, such as small RNA
libraries, where sequences are not randomly fragmented (Andrews, 2010). Thus, the
deviations were likely reflective of the nature of RNA-seq data rather than true

contamination.

In the Adapter Content analysis module (Appendix Figure 20), all 184 FASTQ files
passed, indicating no significant adapter contamination. This module specifically
tracked known adapter sequences in the library, showing a cumulative percentage
of their presence at each position in the read. Unlike the K-mer Content module,
which may be dominated by overrepresented K-mers, this analysis focused solely on
adapter K-mers, helping determine if trimming was needed (Andrews, 2010). The
results showed minimal adapter content across all FASTQ files, suggesting effective

trimming or no contamination.

Trimmed reads were aligned to the human genome using HISAT2 (D. Kim et al.,
2019), and gene-level counts were then generated with featureCounts (Y. Liao et al.,

2014) for downstream differential expression analysis in DESeq2.

4.2.2 Statistical Analysis in R: DEG Analysis using DESeq2

Following data preprocessing, statistical analysis was conducted in R using the
DESeq2 package to identify DEGs across experimental conditions. This section
outlines the analytical framework used to normalise data, assess quality metrics,
estimate dispersion, and evaluate log2FCs in gene expression. Each step was tailored

to account for dataset-specific features and to ensure robust inference.
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4.2.2.1 Analytical Framework and QC for RNA-seq Differential
Expression

Size factor distributions were assessed across both datasets to confirm
normalisation effectiveness (Figure 4.19 (A) and (B); Raw and normalised counts
scatter plots for both datasets can be reviewed in Appendix Figures 4 and 5). Most
values clustered tightly around 1.0, indicating consistent sequencing depth and
library sizes. A limited number of samples exhibited deviations, including S3013L and
S3013M, which displayed low total read counts (<5 million reads). However,
normalisation brought these samples into alignment, and all passed quality

thresholds for inclusion.
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Figure 4.19. Size factor distributions. (A) Size factors estimated for the full LPS-treated
vs. media-treated monocyte dataset (dds object, n = 92 samples). (B) Size factors
estimated for the TNF-a high vs. low responder subset (dds_T object, n = 37 samples). In
both panels, size factors are plotted by sample index (x-axis) against estimated value (y-
axis). Most samples cluster near 1.0, with mild deviations in S3013L, S1052M, S3013M,
S$3032M, and §3019L in the LPS vs. media dataset, and in S3013L and S3019L among
the TNF-a responder groups.

Overall, this QC confirmed that trimmed, normalised datasets were suitable for

robust DEG and enrichment analysis.
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4.2.2.2 Dispersion Estimators of Alternative log2FC Shrinkage

Accurately estimating gene-wise dispersion is a critical step in modelling RNA-seq
count data because it directly impacts the precision and interpretability of log2FCs
(Love et al., 2014). To ensure stable and biologically meaningful results across
datasets of different sizes and complexities, this section presents the per-gene
dispersion estimates and explains how the fitted trends were evaluated and how

shrinkage approaches were compared and selected.

Dispersion plots were generated for both the LPS vs. media and the TNF-a
responder datasets, showing gene-wise dispersion as a function of mean normalised
counts (Appendix Figure 6) (Love, 2024). As expected, variance decreased with
increasing expression, matching well-established RNA-seq patterns (B.-Y. Liao and
Zhang, 2006) and supporting the filtering of low-count transcripts in pre-processing.
For the LPS vs. media dataset (n = 92), the dispersion plot (Appendix Figure 6 (A))
showed a clear decline from high dispersion (~10") at low counts to ~107* at high
counts. The final adjusted estimates (blue points) tracked closely along the fitted red
trendline, indicating a robust and stable model fit. A minority of very low-expression
genes exhibited extremely low dispersion values (~107¢), likely representing
biologically inactive or noise-driven transcripts. About 10% of genes were flagged
by Cook’s distance as influential outliers (Appendix Table 1) (Love et al., 2014), but

all retained interpretable variance estimates and were not excluded.

In the TNF-a responder dataset (n = 37), dispersion estimates likewise decreased
steadily with increasing expression and showed tighter clustering around the
trendline than in the larger dataset, reflecting the reduced sampling variance due to
the smaller cohort size (Appendix Figure 6 (B)) (D. Yu et al., 2013). Few under-
dispersed genes were observed, and no significant outliers were detected, validating

the normalisation and modelling assumptions (G. Chen et al., 2019).

To further evaluate performance, MA plots were generated for the LPS vs. media
dataset comparing log2FC shrinkage methods side-by-side: Normal, Apegim, and Ashr
(Appendix Figure 7) (Love, 2024). The Normal shrinkage plot showed excessive
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scatter for low-count genes, demonstrating unstable estimates and a tendency to
over-correct, especially for genes with sparse data (Love et al., 2014; A. Zhu et al.,
2019). Although straightforward to apply, this method introduced bias, particularly
in low-expression ranges. The Apeglm method produced a more balanced
distribution, better centring high-variance genes, but at times shrank estimates too
aggressively in sparsely covered regions and required greater computational cost (A.
Zhu et al., 2019). By comparison, the Ashr shrinkage method gave the most refined
distribution: it adaptively adjusted shrinkage based on each gene’s local variance,
resulting in fewer extreme log2FCs at low counts and improved centrality overall
(Stephens et al., 2016). This balance made Ashr particularly well suited for stabilising

effect estimates in both high-power and low-sample contexts.

Consistent visual and statistical evidence supported Ashr as the default shrinkage
method for both the global LPS comparison and the TNF-a stratification. Summary

statistics for all models are detailed in Appendix Table 1.

For the LPS vs. media dataset, 20,576 genes with nonzero read counts were
analysed. At p < 0.1, about 18% were significantly upregulated and 15%
downregulated, demonstrating a robust global transcriptional response to LPS
stimulation. No genes were excluded for low mean counts, and approximately 10%
were flagged as outliers by Cook’s distance, all of which retained interpretable
estimates. Applying Ashr shrinkage and filtering at padj < 0.01, 4,490 DEGs were
retained, with 55% upregulated and 45% downregulated, and no outliers remaining,
thus supporting Ashr’s ability to stabilise high-variance estimates and yield a robust

profile of monocyte activation after LPS challenge (Stephens et al., 2016).

In the TNF-a high vs. low responder comparison (18,195 genes), the inclusion of sex
as a covariate proved critical for revealing genuine biological signals. Without
covariates, the Wald test identified 878 upregulated (4.83%) and 1,169
downregulated (6.43%) genes, while flagging 2,066 outliers (11.36%) and excluding
3,507 (19.27%) low-count features. Adding sex to the model refined these estimates
to 1,021 upregulated (5.61%) and 1,322 downregulated (7.27%) genes, with outliers

127



dropping to just 36 (0.2%) and low-count exclusions rising moderately to 4,930
(27.09%). Ashr shrinkage applied to this sex-adjusted model produced a conservative
final set of 555 DEGs: 228 upregulated (41%) and 327 downregulated (59%), with
no flagged outliers or additional exclusions. This illustrates how sex adjustment and
empirical shrinkage together clarify biologically meaningful patterns, especially for

immune genes sensitive to sex-linked regulatory effects.

Comparatively, the LPS vs. media dataset revealed a broad, high-powered innate
immune activation, while the smaller TNF-a dataset uncovered a more focused and
regulatory immune signature, made clearer by proper covariate adjustment and
robust shrinkage. Ashr consistently outperformed the raw Wald estimates by
reducing false positives and stabilising FC magnitudes, especially for genes with low
read counts and high dispersion, aligning with its proven utility in small-sample RNA-

seq contexts (Appendix Table 1; Love et al., 2014; Stephens et al., 2016).
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4.3 Summary

This study examines the transcriptional behaviour of human monocytes in CAP,
focusing on responses to ex vivo LPS stimulation. RNA-seq data from 92 samples
were analysed to characterise shared and individual patterns of immune activation

using DEG, pathway enrichment, PPl mapping, and sex-aware modelling.

LPS induced a robust and conserved transcriptional program across patients, with
upregulation of inflammatory mediators, IFN-stimulated genes, and TNF-a/IL-
2/STATS5 pathways. Simultaneously, chromatin remodelling and mitochondrial
functions were suppressed, consistent with a shift toward inflammatory priming. Key

transcription factors like KLF6 and IFNB1 emerged as central regulators.

Stratifying by TNF-a output revealed two distinct phenotypes. High responders
showed elevated expression of antigen presentation genes and IFN-regulated
transcripts, such as CD40, PSMB9 and IRF8, indicating immune priming. Low
responders-maintained expression of ECM and metabolic regulators, suggesting a
regulatory or tolerance-like state. This divergence reflected strategic differences, not

just magnitude.

The computational pipeline, based on DESeq2 and Ashr shrinkage, ensured robust
FC estimation. Sex was included as a covariate, and QC confirmed dataset integrity.
These findings highlight how monocyte heterogeneity in CAP shapes immune

responses and may influence recovery trajectories.
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5. CONCLUSION

In conclusion, while LPS exposure of monocytes triggered a robust, shared
transcriptional response, the study further sought to resolve whether inter-
individual variation in cytokine production, specifically TNF-a, could uncover
divergent immune strategies within this cohort. Stratifying monocytes based on
TNF-a output served as a biologically grounded approach to interrogate

transcriptional immune diversity.

High TNF-a responders appear to prioritise rapid antigen presentation and
inflammatory signalling, while low responders maintain metabolic adaptability and
immune-regulatory features consistent with tolerance. These findings offer
mechanistic insight into how monocyte states might influence recovery, risk of

hyperinflammation, or immunoparalysis in the clinical course of CAP.

5.1 Limitations

Analytical and computational limitations must be acknowledged. RNA-seq captures
messenger RNA abundance, but not protein levels, post-translational modifications,
or true cellular function (S. Zhang et al., 2024). This is especially relevant to immune
tolerance, which frequently involves epigenetic imprinting, altered signalling
thresholds, or shifts in protein turnover, phenomena invisible to transcriptomic

profiling alone (Khan et al., 2019).

Although TNF-a release was quantified via Luminex, no multiplex cytokine profiling
or orthogonal functional assays were conducted to validate immune states inferred
from gene expression (Jansen et al., 2023). Consequently, conclusions about
regulatory phenotypes remain indirect. The decision to stratify samples by TNF-a
output, while biologically justified as it is a key effector of innate activation (Guillemin
et al., 2021), imposed a unidimensional lens on immune heterogeneity. TNF-a alone
does not fully represent the diversity of monocyte states, particularly those defined
by IL-10 suppression, IFN-related antiviral signatures, or reparative programmes
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(Shalek et al., 2014). As such, framing low TNF-a responders as “tolerant” is
interpretive, as their gene programmes could equally reflect delayed kinetics, cell

state heterogeneity, or alternative activation (Shalek et al., 2014).

Computationally, the use of a strict expression cutoff (baseMean < 50) and adjusted
significance threshold (padj < 0.01) improved specificity but likely excluded low-
abundance transcripts critical to immune regulation, including microRNAs, long non-
coding RNAs, and transcriptional repressors (Conant and Wagner, 2003; Diederichs
and Haber, 2007; Lorente-Sorolla et al., 2019). These elements are often central to
the establishment and maintenance of immune tolerance, representing a blind spot
in this analysis. Moreover, gene-level aggregation precluded investigation of isoform
switching, splicing variation, and RNA editing, all important mechanisms in
monocyte plasticity (Hotchkiss et al., 2013a; M. N. Lee et al., 2014).

The sample size of the TNF-a high responder group (n = 14) limited statistical power,
particularly for detecting nonlinear expression patterns or subtle transcriptional
shifts. Although shrinkage estimators and covariate adjustments were applied to
stabilise dispersion estimates and account for known confounders such as sex,
smaller group sizes inherently reduce model sensitivity by limiting statistical power
to detect subtle or nonlinear patterns of differential expression (Sureshchandra et
al., 2021). This is especially critical in immune transcriptomics, where effect sizes
may be modest and inter-individual variability high, increasing the risk of false
negatives and potentially overlooking biologically relevant transcriptional
programmes. Additionally, while all samples were processed within a single batch
and batch correction was not required, residual confounders, such as RNA integrity,
cell viability, or individual variability, may still influence expression differences
(Sureshchandra et al., 2021).

Importantly, the analysis was cross-sectional. Although drawn from a longitudinal
cohort, all transcriptomic profiling occurred at a single post-stimulation timepoint.
As immune tolerance is dynamic, often defined by blunted secondary responses or

persistence of regulatory signatures, this static view precludes temporal resolution.
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Without repeated measures or time-course designs, the classification of low

responders as "tolerised" remains inferential rather than demonstrated.

Finally, although sex was modelled as an additive covariate to reduce confounding,
this approach does not capture interaction effects between sex and cytokine
responsiveness. Given that high responders skewed female and showed enriched
type | IFN activity and X-linked gene expression, non-additive interactions may play
a mechanistic role in shaping tolerance trajectories (Klein and Flanagan, 2016;

Takahashi et al., 2020).

5.2 Future Work

This study provides a foundation for understanding how monocyte transcriptional
states can shape, reflect, or predict immune tolerance during CAP. However, the
insights it offers are not an endpoint, but a launchpad for clinically transformative

research that could improve patient outcomes and ultimately save lives.

Future work must begin with functional validation of the transcriptional states
uncovered in this analysis. While ex vivo LPS stimulation provides a controlled
snapshot of monocyte behaviour, further studies are needed to determine whether
the identified transcriptional signatures correspond to immune function in vivo, and
whether they can predict responses to diverse pathogens, disease stages, or
treatment regimens. Incorporating proteomic and cytokine profiling will be essential
to confirm whether DEG translates into altered protein output, distinguishing
immune tolerance from transcriptional silence caused by other regulatory

mechanisms.

The identification of inflammatory-primed and tolerance-oriented monocyte states
presents a powerful framework for early immune stratification. If key transcripts or
proteins such as HLA-DR, CD40, SLC1A5, or TXNRD1 can be validated as
biomarkers, they could be developed into clinical assays to classify patients early in

the disease course. Such tests could allow clinicians to identify high-risk individuals
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before clinical deterioration, enabling earlier ICU admission, timely initiation of
immune-modulatory therapy, or tailored support to prevent immune collapse. These
strategies hold promise for preventing sepsis progression and could help reduce

mortality in CAP, offering a direct, data-driven path to saving lives.

Equally important, this study demonstrates the utility and flexibility of bioinformatics
approaches in uncovering hidden layers of immune variation. The computational
pipeline developed here, from QC and DEG modelling using DESeq2, to functional
annotation and PPI network analysis, can be adapted to other infections or immune-
mediated conditions. This scalable, reproducible framework could serve as a
foundation for studying immune tolerance in settings like sepsis, COVID-19, or
chronic inflammation, positioning computational immunology as a central tool for

translational discovery.

Future studies should also move beyond single time-point analyses. Longitudinal
sampling across acute, resolving, and recovery phases would allow dynamic
modelling of immune adaptation, revealing whether tolerance is transient,
permanent, or reversible. Combining bulk transcriptomics with single-cell RNA-seq,
Assay for Transposase-Accessible Chromatin (ATAC)-seq, or other epigenetic
profiling techniques could expose the chromatin-level mechanisms that fix or rewire
monocyte programmes and help differentiate trained immunity from
immunoparalysis. This would deepen our understanding of innate immune memory

and its impact on secondary infection risk or vaccine responsiveness.

Lastly, clinical translation will require linking these immune phenotypes to real-world
outcomes. Future work must integrate transcriptional data with comorbidity profiles,
microbiological findings, disease severity scores, and patient trajectories to
determine how immune tolerance states influence recovery, reinfection, or
mortality. Only by embedding molecular data within clinical frameworks can these

findings evolve into actionable diagnostics or therapeutic strategies.
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This bioinformatics study contributes both mechanistic insights into monocyte
functional heterogeneity and a scalable analytical blueprint for future translational
research. With validation and expansion, its findings could inform early detection of
immune tolerance states, improve risk stratification in CAP, and ultimately support

more personalised approaches to infection management.
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APPENDIX

LPS vs Media: Variance Scree Plot
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Appendix Figure 1. LPS vs. Media Variance Scree Plot. Scree plot showing the proportion
of variance explained by each PC from PCA of VST-transformed gene expression data
across 92 samples. The x-axis represents the PCs, and the y-axis indicates the proportion
of total variance explained by each component. PC1 explains the largest share of
variance, followed by a sharp decline across subsequent components.
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PCA Plot LPS TNF-alpha Responses - PC1 vs PC2
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Appendix Figure 2. Preliminary PCA of rlog-transformed gene expression in LPS-
stimulated monocytes. Plot showing the first two PCs derived from rlog-transformed
RNA-seq data across monocyte samples. Samples are colour-coded by TNF-a response
classification (high vs. low responders). This exploratory analysis revealed separation
primarily along PC1 based on TNF-a response and suggested an additional trend along
PC2, potentially related to sex. These observations informed the inclusion of sex as a
covariate in subsequent multivariate models.
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Concentration of counts over total sum of counts
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Appendix Figure 3. Gene-level sparsity plot of raw RNA-seq counts. Scatter plot
illustrating count distribution per gene across all samples in the LPS vs. media-treated
monocyte dataset. The x-axis shows the total sum of counts per gene (log scale), and the
y-axis represents the ratio of the maximum count in a single sample to the total count
across all samples for that gene. Genes with high y-values and low overall counts reflect
sparsity, where expression is concentrated in a few samples.
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(A)

Total Raw Counts per Sample - LPS vs Media
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Appendix Figure 4. Total read counts per sample for LPS vs. media-treated monocytes.
(A) Bar plot showing raw total read counts per sample. The x-axis represents individual
sample IDs, grouped by treatment condition (LPS or media), and the y-axis shows the total
number of sequencing reads per sample (scale: O to ~35 million). Samples S3013L and
S$3013M display notably reduced read depth, each falling below 5 million reads. (B) Bar
plot showing total normalised counts per sample following DESeq2 size factor correction.
normalisation adjusted for sequencing depth differences with all samples brought into
alignment.
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Total Raw Counts per Sample - LPS TNF-alpha
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Appendix Figure 5. Scatter plot showing raw total read counts across samples stratified
by TNF-a response classification (high vs. low). The x-axis indicates sample IDs; the y-
axis shows total read counts per sample prior to normalisation (range: O to ~35 million).
S$3013L and S3013M appear below the 5 million threshold. (B) Bar plot showing total
normalised counts post-normalisation, with all samples exceeding the 5 million read
threshold following DESeq?2 size factor adjustment.
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(A)

Dispersion Estimates for LPS vs Media in Monocytes: Fitted Mean-Dispersion Relationship
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Dispersion Estimates for LPS TNF-alpha in Monocytes: Fitted Mean-Dispersion Relationship
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Appendix Figure 6. Dispersion Estimates for Monocyte Gene Expression. Gene-wise
dispersion estimates for monocyte gene expression data calculated using the Cox-Reid
APL method in DESeq2. Black dots represented raw dispersion estimates plotted against
mean expression levels, while blue points showed the final shrunken dispersion estimates
aligned toward the fitted red curve, which depicted the mean-dispersion trend. The
logarithmic y-axis displayed dispersion values ranging from 0.000001 to 100, and the x-
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axis represented mean expression levels from 0.1 to 100,000. Genes closely following the
red curve were interpreted as having stable dispersion estimates, while those deviating
significantly indicated greater biological variability.

(A) LPS-treated Vs. Media-treated Monocytes
Dispersion estimates for a dataset of 92 samples. Most genes followed the expected
mean-dispersion trend closely, with the red fitted line starting at higher dispersion values
around 10 on the y-axis and steadily decreasing towards 0.1, leveling off at higher mean
expression levels. A few genes with low mean expression (near 1 on the x-axis) showed
extremely low dispersion estimates, around 0.000001.

(Bl  TNF-a Response in LPS-treated Monocytes with sex covariate
Dispersion estimates for the TNF-a response in LPS-treated monocytes, based on a
dataset of 37 samples. Despite the smaller sample size, dispersion values largely followed
the fitted mean-dispersion curve, with most genes clustering tightly around the red
trendline. No apparent outliers were observed.
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Appendix Figure 7. MA plots comparing log2FC shrinkage estimators in LPS- vs. media-
treated monocytes. MA plots showing shrunken log2FC values vs. mean normalised
counts for 20,576 genes, generated using three DESeq2 shrinkage methods. The x-axis
represents the mean of normalised counts per gene (log1oscale, range: 1 to 100,000), and
the y-axis indicates log2FC (range: -3 to 3). Each point represents a gene; blue points
indicate genes with adjusted p-value < 0.01, and grey points indicate non-significant
genes. From left to right: shrinkage was applied using the normal, Ashr, and Apeglm
methods. Horizontal grey lines mark the zero log2FC baseline. Plots were generated using
the plotMA() function in DESeq2.
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LPS
LPS TNF-a High

VS. VS.

Metric Media Dataset Low Responders

(Ashr Shrinkage Dataset
with contrast) (Ashr Shrinkage
with Contrast)
Total genes with nonzero read 4,490 555
count From 20,576 (Wald) From 18,195 (Wald)

LFC > O (up) 2,463 (55%) 228 (41%)
LFC < 0 (down) 2,027 (45%) 327 (59%)

0 (0%) 0 (0%)
Outliers ("cooksCutoff") From 2,133 (10%) From 4,930 (27.1%)
(Wald) (Wald)
Low counts
0 (0%) 0 (0%)

(mean count < 0)

Appendix Table 1. Summary Statistics of DEG results for the LPS vs. Media and the LPS
TNF-a High vs. Low Responders datasets, using DESeq2 with log2FC shrinkage via the
Ashr method and specified contrasts. Metrics include the number of genes analysed (with
nonzero read counts), the number and proportion of significantly upregulated or
downregulated genes (adjusted p-value < 0.01, using Wald test results), and the number
of genes flagged as outliers (based on Cook’s distance) or excluded due to low counts
(mean count < 0). Shrinkage was applied for improved FC stability, especially for genes
with low counts or high dispersion. Values in parentheses reflect original totals from the
unshrunken Wald test, where applicable.
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MA Plot with Type ashr Shrinkage and Contrast padj <= 0.01 - LPS vs Media
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Appendix Figure 8. MA plot of DEG using Ashr shrinkage with stringent contrast filtering
(padj = 0.01). MA plot displaying log2FCs vs. mean normalised expression levels for 4,490
genes differentially expressed between LPS- and media-treated monocytes. The x-axis
shows the mean of normalised counts per gene (log,, scale), and the y-axis displays the
shrunken log2FC, limited to a range of -3 to 3 for visualisation. Each point represents a
gene with an adjusted p-value < 0.01.

231



MA Plot with Type ashr Shrinkage and Contrast With Sex Covariate (padj <= 0.1) - LPS TNF-alpha
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Appendix Figure 9. MA plot of DEGs (padj < 0.01) in LPS-treated monocytes stratified
by TNF-a response, adjusted for sex. MA plot displaying 555 genes with significant
differential expression between high and low TNF-a responders. log2FCs were shrunk
using the Ashr method to stabilise variance in low-count genes. The x-axis shows the
mean of normalised counts (log scale), while the y-axis presents shrunken logFCs, limited
to a range of -3 to +3 for visualisation. Each point represents a gene passing the adjusted
p-value threshold (padj =

0.01), highlighting transcriptional variation associated with
inflammatory responsiveness.
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Appendix Figure 10. GO enrichment bar plots for positively enriched terms in LPS-
treated vs. media-treated monocytes. (A) BP, (B) CC, and (C) MF. Each horizontal bar
represents a significantly enriched GO term associated with upregulated genes. The x-
axis displays the number of genes annotated to each term, while the y-axis lists GO terms
ordered by padj. colour gradients reflect enrichment significance, with more intense
colours (red) indicating stronger statistical support.
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Appendix Figure 11. GO enrichment bar plots for negatively enriched terms in LPS-
treated vs. media-treated monocytes. (A) BP, (B) CC, and (C) MF. Each horizontal bar
represents a significantly enriched GO term associated with downregulated genes. The x-
axis displays the number of genes annotated to each term, while the y-axis lists GO terms
ordered by padj. colour gradients reflect enrichment significance, with more intense
colours (red) indicating stronger statistical support.
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Appendix Figure 12. GSEA HALLMARK Database Snapshots.
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GSEA performed using the

Hallmark gene set collection from MSigDB to compare LPS-treated monocytes with
media-treated controls. Of the 50 Hallmark gene sets, (A) 41 were enriched in the LPS
condition, while (B) 9 showed enrichment in the media-treated group.
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Appendix Figure 13. GSEA ImmuneSigDB (C7) Database Snapshots. Analysis was
performed using the InmuneSigDB (C7) collection from MSigDB to compare LPS-treated
monocytes with media-treated controls. Of the 4,872 curated immune gene sets, (A)

2,890 were enriched in the LPS-treated condition, while (B) 1,982 showed enrichment in
the media-treated group.
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Appendix Figure 14. Sample-to-sample correlation heatmap based on rlog-transformed
gene expression. Pearson correlation heatmap of 46 RNA-Seq samples based on rlog-
transformed gene expression values. Each cell represents the correlation between a pair
of samples. Columns are labelled by sample ID and rows are annotated by TNF-a response
classification (high or low). colour scale ranges from red (high correlation, r = 1.0) to blue
(lower correlation, r = 0.88). Hierarchical clustering shows clear grouping by TNF-a
response. Heatmap generated using pheatmap (Kolde, 2019).

FastQC: Per Sequence Quality Scores
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Appendix Figure 15. Distribution of mean sequence quality scores across FASTQ files.
Line plot displaying the per-sequence mean Phred quality score distribution for all 184
FASTQ files. The x-axis shows mean Phred scores per read, and the y-axis indicates total
read count. Most sequences cluster at Phred scores 238, falling well within the high-
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quality "green" zone. Background shading reflects FastQC confidence thresholds: red
(<20, low quality), orange (20-30, moderate), and green (>30, high quality). All files
passed quality thresholds, though minor deviations were observed in the 3016 sample
files.

FastQC: Per Base N Content

Percentage N-Count

30
Position in Read (bp)

Appendix Figure 16. Per base N content across FASTQ files. Line plot showing the
percentage of N calls at each position in the read across all FASTQ files. The x-axis
represents the base position (1-50), and the y-axis shows the percentage of reads
containing an N at each position. Each line corresponds to a single FASTQ file.

FastQC: Sequence Length Distribution

Read Count

2 48
Sequence Length (bp)

Appendix Figure 17. Sequence length distribution across all FASTQ files. Line plot
showing the distribution of read lengths across 184 FASTQ files. The x-axis represents
sequence length in base pairs (bp), and the y-axis indicates read count. Each line

corresponds to a single FASTQ file. Most reads cluster at 50-51 bp, with a sharp increase
observed at 50 bp.
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FastQC: Sequence Duplication Levels
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Appendix Figure 18. Sequence duplication levels across all FASTQ files. Line plot
showing the proportion of duplicated sequences across duplication levels in 184 FASTQ
files. The x-axis represents duplication levels (1x to >10kx), and the y-axis shows the
percentage of the library. Each line represents a FASTQ file and is coloured by FastQC
evaluation status: red (fail), orange (warning), and green (pass).
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FastQC: Adapter Content

% of Sequences

20
Position (bp)

Appendix Figure 20. Adapter content across all FASTQ files. Line plot showing the
percentage of reads containing known adapter sequences at each base position (1-40 bp)
across 184 FASTQ files. Each line represents a single file. All files passed the Adapter

Content module, with minimal adapter presence detected.

249





