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ABSTRACT 
 
Transcriptomic analysis can provide valuable insight into the functional and 

dynamic elements of the genome. Traditional bulk transcriptomic 

methodologies measure an averaged expression level for each gene across a 

population of cells. In doing so, the stochastic nature of gene expression is 

ignored and vital heterogeneity within a diverse cell population is masked. The 

emergence of single-cell RNA sequencing (scRNA-seq) has addressed such 

issues by probing the transcriptomic landscape of multiple individual cells 

simultaneously. The unprecedented multi-dimensional data yielded by 

scRNA-seq analysis has helped uncover gene expression patterns to answer 

complex biological research questions.  

 

In this thesis we utilised the potential of scRNA-seq to explore a number of 

objectives concerning inflammation in human health and disease. Comparing 

the gene expression profiles of synovial fibroblasts isolated from the hip joint 

of osteoarthritis normal-weight and obese patients, we uncovered divergent 

signalling mechanisms with prominent markers of inflammation in cells 

obtained from obese patients. Also in OA pathology, we gained insight into the 

mechanisms responsible for pain mediation by comparing the expression 

profiles of synovial fibroblasts isolated from the knee joints of painful compared 

to non-painful areas. In this study we discovered specific subsets of cells from 

the painful areas, associated with high expression of pro-inflammatory 

markers, compared to non-painful areas showing neurite growth potential. 

Furthermore, we also explored changes in gene expression dynamics to 

model the transition of pain from early to end-stage OA disease; uncovering 

vital signalling mechanisms such as eicosanoid and prostanoid mechanisms 

in end-stage disease. 

 

In ankylosing spondylitis (AS) and psoriatic arthritis (PsA) we used scRNA-

seq to explore the role of individual CD45+ peripheral blood mononuclear cell 

types in propagating systemic inflammation. Significantly, this study 

highlighted the role of IFN-!-mediated signalling in PsA pathology, compared 

to AS. We also identified specific differential expression of the transcripts HLA-
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DQA2 and AL365357.1 in the PsA-isolated cells, that could potentially serve 

as biomarkers of disease. 

 

Dexamethasone (Dex) is a potent, synthetic glucocorticoid drug that is used 

as an anti-inflammatory and immunosuppressant agent, to treat a range of 

inflammatory conditions including AS, PsA and OA. Despite its wide use in the 

clinic, the exact mechanism-of-action is not fully understood. Thus, in the final 

chapter of this thesis, we used scRNA-seq to explore the mechanism of action 

of dexamethasone in lipopolysaccharide-stimulated THP-1 monocyte cells. 

From this study, we were able to uncover novel genes such as ONECUT2, 

SLIRP and IL27RA that may be involved in delivering anti-inflammatory relief 

by dexamethasone.  
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1.1 Transcriptomics 

 The central dogma of molecular biology 

Nucleic acids are a class of macromolecules, including deoxyribonucleic acid 

(DNA) and ribonucleic acid (RNA), that are involved in carrying genetic 

information. Genetic information is housed inside the cell’s nucleus in the form 

of long chains of DNA, organised into several chromosomes (23 pairs in 

humans). DNA is made up of nucleotide monomers forming two polynucleotide 

chains twisted around one another forming a double helix. The DNA 

nucleotides consist of deoxyribose sugar, a phosphate group and one of four 

nitrogenous bases (adenine [A], guanine [G], cytosine [C] or thymine [T]). 

Through complementary base-pairing, these nucleobases pair up in a specific 

manner whereby A pairs with T, and G pairs with C. The particular order in 

which these nucleotides organise makes up a gene, with the human genome 

estimated to consist of roughly 25,000 genes (Salzberg, 2018) that carry 

specific genetic information. On the other hand, although structurally similar, 

the nucleotides forming RNA contain ribose instead of deoxyribose sugar and 

the nucleobase uracil (U) in place of thymine. Also differing from DNA, RNA is 

usually in single-stranded form.  

 

First described by Francis Crick in 1958, the central dogma of molecular 

biology describes the flow of genetic information derived from genes as DNA, 

to messenger RNA (mRNA) and finally to functional proteins (Figure 1-1) 

(Cobb, 2017). This process firstly relies on transcription, where in eukaryotic 

cells the DNA is copied into pre-mRNA through complementary single-strand 

formation of the RNA molecule. The pre-mRNA molecule then undergoes 

further processing to protect the molecule from degradation and regulate its 

transport out of the nucleus, including the addition of a modified G-nucleotide 

on the 5’-end (5’-cap) and the addition of a string of A-nucleotides 

(polyadenylation) on the 3’-end. The pre-mRNA transcript also undergoes 

splicing, whereby introns (non protein-coding portions) are excised, leaving 

the exons (protein-coding regions). Following the processing of the pre-mRNA 

transcript, mature mRNA is formed. The pre-mRNA then travels out of the 

nucleus into the cytoplasm of the cell, where the protein forming machinery 
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(ribosomes) of the cell are found, translating mRNA to protein. Simply, the 

process of translation involves “decoding” the order in which amino acids are 

to be organised to synthesise proteins, which go on to initiate and control vital 

biological processes. As such, mRNA acts as the mediator between the 

genetic code and phenotypic attributes. In addition to the protein-coding 

mRNA molecules, there are a number of noncoding RNA (ncRNA) molecules 

in the cells that are not translated into protein but are functional. These include 

transfer RNA (tRNA) involved in the translation process, ribosomal RNA 

(rRNA) that form parts of the ribosome, as well as small- and long non-coding 

RNA (sncRNA and lncRNA) that have been shown to have a myriad of 

biological functions (Diamantopoulos, Tsiakanikas and Scorilas, 2018; Yao, 

Wang and Chen, 2019). RNA expression is dynamic and responds to various 

conditions and environmental factors that determine a cell’s phenotype. 

Analysing the transcriptome, which includes the entire set of RNA transcripts 

in a single cell or population of cells, is crucial for gaining insight into the 

functional and dynamic elements of the genome.  
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Figure 1-1  Illustration of the central dogma of molecular biology. A diagram illustrating the 

flow of genetic information as described by the central dogma of molecular biology. In the nucleus, DNA 

is transcribed into pre-mRNA that undergoes further processing, before forming the mature mRNA 
molecule. Mature mRNA is then transported out of the nucleus to the ribosomes in the cytoplasm, where 

it is translated into protein.  
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 Sequencing 

Sequencing technology is the process by which the order of nucleotides is 

determined in a given nucleic acid fragment. This field has been revolutionised 

by the development of high throughput next-generation sequencing (NGS). 

NGS has offered a significant improvement to the cost and speed of 

sequencing, compared to older methods such as Sanger sequencing (Sanger, 

Nicklen and Coulson, 1977). Using a nucleic acid strand as template, NGS 

utilises enzymatic reactions to synthesise a complementary nucleic acid 

strand by the addition of fluorescently tagged deoxynucleotides; as such to 

sequence RNA, this first needs to be converted to cDNA.  Each nucleotide 

base can be identified by its fluorescent probe, which is detected using high 

resolution cameras. As a result, NGS allows for massively parallel sequencing 

(high throughput), with millions of nucleotide strand (reads) being processed 

simultaneously in a single run. Importantly, with these advances in NGS, the 

cost of sequencing has seen a dramatic decline. This has made the technology 

more accessible to researchers to tackle complex biological research 

questions. In fact, the 13- year-long Human Genome Project which concluded 

in 2003, totalled several hundred million US dollars in sequencing costs 

(International Human Genome Sequencing, 2004). Currently, whole genome 

sequencing can be performed for a few hundred or thousand US dollars.  

 

 RNA-sequencing 

RNA-sequencing (RNA-seq), which is a methodology that explores cellular 

transcriptomics using NGS, has been used for more than a decade in 

biological research (Stark, Grzelak and Hadfield, 2019). RNA-seq protocols 

typically involve the isolation of cellular RNA molecules that are fragmented 

into shorter reads and reverse transcribed into double-stranded 

complementary DNA (cDNA). Following library preparation, in which the short 

reads are ligated with indexes that are recognised and bind to the sequencing 

machine, the reads are subjected to deep sequencing using NGS. During data 

processing, the reads are aligned against a reference genome to reconstruct 

and determine the genomic region from which they originated. Once this is 

complete, gene expression analysis can be conducted to determine the 
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presence and quantity of specific genes between different biological samples. 

By providing such information, RNA-seq has proved to be a vital molecular 

biology tool for exploring gene expression changes between different cell 

conditions. However, shortcomings with RNA-seq include its averaging of 

gene expression across a sample of cells, neglecting cellular heterogeneity. 

To explore cellular heterogeneity, one needs to turn to single-cell based 

technologies (Figure 1-2).  
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Figure 1-2 Illustration of bulk vs single-cell analysis. Bulk methods offer an average 
expression level across a cell population. On the other hand, single-cell analysis offers gene expression 

data for each individual cell in a heterogenous cell population. This allows for specific information to be 

determined for a sub-population of cells.   
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1.2 Single-cell analysis 

The cell is the fundamental unit of which organisms are composed. With an 

estimated 3.72 x 1013  cells in the human body that are organised into tissue 

and organs, one can begin to appreciate the complexity of cell heterogeneity 

(Bianconi et al., 2013). Conventional methods in cell biology often rely on bulk 

analysis, which take an average signal across numerous cells. Such methods 

are problematic in that they disregard any cellular heterogeneity and can even 

mask information extracted from rare cell populations (Lindström and 

Andersson-Svahn, 2012). Moreover, even in a seemingly homogenous 

population, heterogeneity can exist for instance amongst cells depending on 

stages of the cell cycle. To overcome such constraints, single-cell analysis can 

offer a more in-depth analysis of a complex multi-cellular sample, gaining a 

more detailed understanding of cellular function. 

 

Flow cytometry is one of the most widely used tools for single-cell analysis, 

subjecting individual cells to interrogation by a laser measuring cell number, 

size and granularity at relatively high throughput. Based on these parameters, 

cells can be discriminated from one another and classified into discrete 

groups. Although such information is a crucial basis on which to begin analysis 

of a cell population, the key strength of flow cytometry lies with the ability to 

fluorescently label cell markers with conjugated antibodies. This allows for 

relative quantification of a marker of interest. Moreover, the field of flow 

cytometry was revolutionised with the coupling of cell sorting, whereby cells of 

interest could be isolated for further experimental analysis. However, a major 

drawback with these approaches, lies with the reliance on pre-selected cell 

markers for analysis. This limits the potential of such studies to cell populations 

with pre-characterised markers. Additionally, for studying rare populations 

these studies can prove costly, as several conjugated antibodies might be 

required for accurate identification as well as high cell numbers. Moreover, as 

these applications are laser-based, this limits the number of fluorochromes, 

hence parameters, that can be explored in a single experiment. This is further 

limited by taking into account issues of spectral overlap, which can greatly 

impact the experimental setup. On the other hand, with more advanced 
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techniques such as mass cytometry (e.g. cytometry by time of flight, CyTOF®), 

where antibodies are labelled with heavy metal ions as opposed to 

fluorochromes, this expands on the panel of markers that can be explored in 

a single experiment up to 50 (Olsen et al., 2019). However, this technique 

does not allow for sorting and so further functional analysis is not possible. 

Additionally, the pre-selection of markers limits studies by basing information 

on a priori assumptions.    

 

For transcriptomics studies in individual cells, traditional applications include 

quantitative polymerase chain reaction (qPCR) and mRNA fluorescence in situ 

hybridisation (mRNA-FISH) (Kanter and Kalisky, 2015). Albeit useful 

techniques, they are limited in terms of the number of genes that can be 

detected. To overcome such constraints, single-cell RNA sequencing (scRNA-

seq) has revolutionised the single-cell application, by offering unbiased insight 

into transcriptomics at an unprecedented resolution.  
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 Single-cell RNA sequencing  

Voted “Technology of the Year” in 2013 (Nature, 2014), scRNA-seq has 

offered a solution to answer a range of complex biological research questions. 

Reading the transcriptome of an individual cell allows for more detailed and 

accurate exploration of a cell’s complete make-up to uncover previously 

masked heterogeneity disguised by bulk methods (Figure 1-2). For instance, 

scRNA-seq has been instrumental in revealing previously unappreciated 

heterogeneity in human immune cells such as innate lymphoid cells, dendritic 

cells and natural killer cells (Björklund et al., 2016; Villani et al., 2017; Smith, 

S.L. et al., 2020). Furthermore, such analysis can be vital when examining the 

response of a heterogenous cell population during development, disease and 

following biological perturbations. For instance, scRNA-seq analysis has 

enhanced our understanding of glucocorticoid treatment of breast cancer cells 

(Hoffman et al., 2020), the pathogenesis of rheumatoid arthritis (Zhang, F. et 

al., 2019) and more recently the immunological response evoked in COVID-

19 patients (Zhang, J.-Y. et al., 2020).  

 

Since the first scRNA-seq protocol was published in 2009 (Tang, F. et al., 

2009), several different scRNA-seq protocols have been developed. Over 

time, these methods have improved in efficiency, scalability and throughput 

(Svensson, Vento-Tormo and Teichmann, 2018) (Table 1-1). A typical scRNA-

seq workflow involves single-cell capture, followed by cell lysis to release the 

mRNA. The mRNA is then reverse transcribed into complementary DNA 

(cDNA) and amplified, before library preparation and NGS. Below, we discuss 

some of the integral steps and aspects of scRNA-seq.  

1.2.1.1 Single-cell isolation 
The isolation of individual cells is a crucial part of the scRNA-seq pipeline. The 

efficiency of the single-cell capture step determines how well the pipeline 

operates. In bulk RNA-seq, a small fraction of a bulk sample is still accurately 

representative of the overall sample. In contrast, large sample losses with 

scRNA-seq experiments are less acceptable as this would potentially mean 

the loss of gene expression information for the majority of the sample (Islam 

et al., 2012).  
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Depending on the experimental application, the ideal method of single-cell 

capture should be accurate, reliable, efficient and rapid. Classical methods 

have included manual cell picking or micromanipulation, typically used to study 

early embryos (Yan et al., 2013). Although such methods can be very effective 

and precise, they are very time-consuming, low throughput and often require 

highly experienced operators. On the other hand, methods such as FACS can 

offer a more rapid method of isolation with significantly higher throughput, 

while simultaneously offering a low doublet incidence rate (Hochgerner et al., 

2017). FACS can also ensure accurate identification of cells of interest by 

selecting cells based on morphology and/or fluorescent markers. This is more 

favourable when studying a rare subpopulation of cells (Hochgerner et al., 

2017). In fact, FACS has become a more appealing method of single-cell 

capture, with applications such as index sorting, where several phenotypic 

characteristics of a specific cell can be saved as a separate file and linked to 

a particular well location within a plate (Osborne, 2011). Currently, the most 

widely used cell sorters are capable of accommodating plates of up to 384-

wells. This is therefore a limiting factor for the number of cells that can be 

isolated using FACS-based methods. Typically, these protocols are used to 

isolate and process approximately 50 to 500 individual cells per experiment 

(Papalexi and Satija, 2018). Numerous scRNA-seq platforms that have been 

developed rely on FACS-sorting, including MARS-seq (Massively parallel 

single-cell RNA-sequencing) (Jaitin et al., 2014), SCRB-seq (Single Cell RNA 

Barcoding and Sequencing) (Soumillon et al., 2014), STRT-seq (Single-Cell 

Tagged Reverse Transcription Sequencing) (Islam et al., 2012) and Quartz-

seq (Sasagawa et al., 2013). These methods require microwells to be pre-

loaded with lysis buffer, onto which individual cells can be deposited. As such, 

they offer the advantage of pre-enriching cells of interest based on one or 

several cell surface markers.  

 

FACS-based methods rely on the use of downstream reagents at a microliter 

level. As a result, they can be relatively costly and can therefore greatly limit 

the number of cells processed. Instead, fluidics-based methods have been 

developed that permit rapid, high-throughput and efficient single-cell capture, 

but also provide a cost-effective solution by allowing for the use of reagents at 



 

 30 

nanolitre-scale. This can be achieved using microfluidics devices, also known 

as lab-on-a-chip (LOC) methods. LOC methods have transformed many 

biological assay functions, by miniaturising analytical functions with the use of 

specially designed chips (Lin, 2018). The incorporation of microfluidics in 

scRNA-seq platforms has revolutionised the field and scaled the application to 

permit for massively parallel processing. Droplet microfluidics in scRNA-seq 

protocols can be used to produce nanolitre-scale individual droplets housing 

mRNA derived from a lysed single cell, that are tagged with a unique 

barcoding-molecule. These types of protocols are discussed further in section 

1.2.2. 

1.2.1.2 Cellular barcoding 
Cellular barcoding is a method by which an individual cell is tagged with a 

short unique sequence of DNA oligonucleotides, allowing for individual cell-

tracking during an experiment (Kebschull and Zador, 2018). Consequently, 

each individual cell’s transcriptomic information can be traced in a pooled 

sample, permitting massively parallel processing and simultaneous 

sequencing of thousands to millions of cells.  During bioinformatic analysis, 

the transcriptomic information gathered is assigned to a particular cell 

according to its cellular barcode. Cellular barcodes are an essential part of 

numerous scRNA-seq protocols, including Drop-seq (Macosko et al., 2015), 

Seq-Well (Gierahn et al., 2017) and SPLiT-seq (Split Pool Ligation-based 

Transcriptome sequencing) (Rosenberg et al., 2018).  

1.2.1.3 Internal controls 
As discussed, amplification of a cell’s minute RNA content is vital, but can 

introduce amplification bias. Similarly, to the concept of cellular barcoding, 

unique molecular identifiers (UMIs) can be incorporated into scRNA-seq 

protocols to correct for this bias. UMIs are short unique DNA oligonucleotide 

tags that can be used to identify individual mRNA transcripts. Following 

amplification, transcripts sharing a UMI are assumed to have derived from the 

same transcript input. This can be corrected for during analysis by merging all 

transcript data with a matching UMI into a single UMI-count. As such, one is 

able to determine the absolute molecular count as a direct measure of gene 
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expression (Islam et al., 2014), and differentiate PCR duplicates from true 

biological data. Moreover, an alternative way of assessing technical variance 

in scRNA-seq experiments is through the use of RNA spike-in controls, such 

as External RNA Control Consortium spike-in controls, ERCCs) (External, 

2005). These are specific RNA transcripts of known sequence and quantity, 

that can be spiked into the RNA sample. During analysis, the gene-expression 

levels can be normalised against those of the controls (Neu et al., 2017).  

1.2.1.4 Reverse transcription 
Reverse transcription is an essential part of scRNA-seq platforms. The 

efficiency of this part of the process determines what transcripts will be 

available for sequencing during downstream NGS applications. Commonly 

used methods for reverse transcription in scRNA-seq protocols include ones 

that use polyT-based oligonucleotide primers that attach to the polyA tail of 

mRNA molecules. As described by Tang et al, these polyT-based primers 

have a special anchor sequence that is used to prime downstream reverse 

transcription (Tang, F. et al., 2009). At the 3’-end of the newly synthesised first 

strand of cDNA, polyA tails are added using deoxynucleotidyl transferase. 

These polyA tails are attached to another unique anchor sequence, used to 

prime second-strand cDNA synthesis (Figure 1-3A). On the other hand, other 

protocols use the switching mechanism at the 5’ end of the RNA transcript 

(SMART) method. This method is used  to construct full-length cDNA libraries 

using the intrinsic template-switching capabilities of certain reverse 

transcriptase enzymes, such as the Moloney murine leukaemia virus reverse 

transcriptase (M-MLV RT) (Zhu, Y.Y. et al., 2001). In such methods, mRNA is 

reverse transcribed using M-MLV RT and intrinsically adds three non-

templated deoxycytidines (CCC) to the 3’-end of the newly synthesised cDNA 

strand, using terminal transferase activity. The CCC is then used as an 

anchoring sequence for a template switching oligo (TSO), containing 

complementary riboguanosines (rGrGrG). Once the TSO anneals to the CCC, 

this forces MMLV RT to switch template and instead continue reverse 

transcribing the newly synthesised cDNA strand (Wulf et al., 2019) (Figure 1-

3B). 
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Figure 1-3 Reverse transcription methods. An illustration of the typical reverse transcription methods used in scRNA-seq platforms. A) In polyA tailing, a polyA tail is 

added at the  3’-end of the newly synthesised cDNA strand and a polyT based oligo is then used to prime second strand cDNA synthesis.  B) Template switching uses the 
intrinsic ability of certain reverse transcriptase enzymes that add three non-templated C-bases at the 3’-end of a newly synthesised cDNA strand.  This acts as an anchor for a 

x3-rG-based  template switching oligo, that promts the reverse trancriptase to swtich  templates and begin second-strand cDNA synthesis. 

A)  B)  
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1.2.1.5 Amplification 
The mRNA content of an individual mammalian cell is estimated to contain 

less than 0.1pg depending on the cell type and state (Huang, X.-T. et al., 

2018). Owing to this minute amount, amplification of mRNA is necessary to 

ensure that a signal is detected during deep sequencing. Commonly used 

methods to amplify cell content for scRNA-seq applications include 

polymerase chain reaction (PCR) and in vitro transcription (IVT).  PCR is a 

non-linear amplification-based system, which exponentially copies a single 

transcript of DNA to produce several copies. As a result, PCR methods are 

prone to bias where its efficiency is largely dependent on the nature and length 

of the target sequence. For instance, during PCR-based methods one might 

see preferential amplification of more highly expressed genes and transcripts 

of shorter length (Moll, Duschl and Richter, 2004). In scRNA-seq protocols 

where mRNA content is low, higher numbers of cycles for amplification may 

be required, which further increases risks of PCR amplification bias.  As such, 

it is vital to keep the number of amplification cycles as low as possible, to 

minimise the quantitative bias. In contrast, IVT is a linear amplification-based 

strategy and so represents the transcriptomic distribution accurately 

(Eberwine et al., 1992; Hashimshony et al., 2012). Methods such as CEL-seq 

(Cell Expression by Linear amplification and Sequencing) (Hashimshony et 

al., 2012) and CEL-seq2 (Hashimshony et al., 2016) use IVT for amplification. 

Compared to PCR amplification however, IVT can be more time-consuming 

as an additional reverse transcription step is required (Hwang, Lee and Bang, 

2018).  
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1.2.1.6 Transcript sequencing coverage 
It is important to consider the type of transcript sequencing method offered by 

the different established scRNA-seq protocols, as this will greatly impact the 

objectives that can be investigated in a given experiment. Transcriptome 

profiling can be achieved either through 3’-end, 5’-end or full-length 

sequencing. 3’- and 5’-end sequencing detect shorter transcript reads from 

either the 3’- or 5’-end of the RNA transcript, respectively. Although there is 

risk of introduced bias, profiling of mRNA from only 3’- or 5’-end is more cost-

effective compared to the longer reads required by full-length sequencing 

(Lafzi et al., 2018). 3’- and 5’-end profiling are effective strategies for carrying 

out gene expression analysis. However, one of the advantages of using 5’-end 

sequencing is the identification of transcription start sites which are found at 

the 5’-end of a gene (de Klerk, den Dunnen and t Hoen, 2014).  Such studies 

are often important for identifying promoter or enhancer elements that 

modulate transcription. On the other hand, full-length sequencing protocols 

can be used to study gene expression, splice variants and T- and B cell 

receptor repertoire diversity (Ramsköld et al., 2012; Shalek et al., 2013). 
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Technique Cell capture method State of tissue 
input Throughput UMI-compatible cDNA amplification Transcript 

sequence coverage 

MARS-seq  FACS 
Dissociated/ cells in 

suspension 
Low Yes IVT 3' 

10X 
Genomics 

Microfluidics 
Dissociated/ cells in 

suspension 
High Yes PCR 3'/5' 

SCRB-seq FACS 
Dissociated/ cells in 

suspension 
Low Yes PCR 3' 

Smart-seq FACS 
Dissociated/ cells in 

suspension 
Low No PCR Full length 

Smart-seq2 
Microcapillary pipette/ 

FACS 
Dissociated/ cells in 

suspension 
Low No PCR Full length 

STRT-seq FACS 
Dissociated/ cells in 

suspension 
Low Yes PCR 5' 

Quartz-seq2 FACS 
Dissociated/ cells in 

suspension 
Low Yes PCR 3' 

Seq-well Microwells 
Dissociated/ cells in 

suspension 
High Yes PCR 3' 

Drop-seq Microfluidics 
Dissociated/ cells in 

suspension 
High Yes PCR 3' 

CEL-seq FACS 
Dissociated/ cells in 

suspension 
Low No IVT 3' 

CEL-seq2 
Compatible with 

microfluidics-based 
platforms 

Dissociated/ cells in 
suspension 

High Yes IVT 3' 

InDrop Microfluidics 
Dissociated/ cells in 

suspension 
High Yes IVT 3' 

Table 1-1 Assessing different features of scRNA-seq methods. A table to summarise some of the different features offered by a few scRNA-seq methodologies 
discussed in this thesis.  
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 Droplet-based scRNA-seq platforms 

 

Droplet-based platforms represent one of the most popular methodologies for 

scRNA-seq application. This approach gained popularity following the 

publication of the Drop-seq (Macosko et al., 2015) and inDrop (Klein et al., 

2015) methods. Both protocols rely on microfluidics-based droplet generation, 

by co-flowing aqueous suspension of cells and specially designed 

microbeads, through an oil channel. The microbeads, which are equipped with 

a unique cellular barcode, rely on polyT tagging for capturing polyadenylated 

mRNA molecules released following cell lysis within the droplet. Thus, 

establishing optimal flow rates in these lab-based methodologies is crucial for 

determining appropriate settings for capturing majority ‘one cell and one bead’ 

droplets. Following reverse transcription, amplification and library preparation, 

the resulting cDNA libraries are subjected to sequencing. The main advantage 

of droplet-based platforms is their high-throughput function, with the ability to 

rapidly process several thousand cells in a single run. These methods also 

yield fewer doublets and relatively cheaper sequencing cost per cell.  

 

Drop-seq and inDrop are popular protocols as they are easy and relatively 

inexpensive to implement in labs using typical lab equipment for construction, 

including automated syringe pumps, syringes and a microscope. Although the 

“do-it-yourself” aspect of these methodologies may be appealing for its ease-

of-use, they can be subject to a number of confounding factors impacting their 

efficiency. Stephenson et al, have addressed some of these problems by 

developing an open-source 3D-printed microfluidics control instrument, with a 

setup consisting of both electronic and pneumatic systems, replacing 

cumbersome syringe pumps (Stephenson et al., 2018). Alternatively, 

commercially available platforms such as 10X Genomics offer a streamlined 

and automated protocol, yielding more efficient cell capture and higher 

sensitivity (Zheng et al., 2017; Zhang, X. et al., 2019). However, the trade-off 

for achieving such quality of data is the high cost involved in preparing 10X 

Genomics cDNA libraries.   
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 Developments in scRNA-seq applications 

The capabilities offered by scRNA-seq platforms over the years have 

continued to improve, adapting to more complex research questions. This has 

been driven by lower cost of detection and increased sensitivity and 

throughput.  The vast majority of the established scRNA-seq protocols are 

useful for studying cells in suspension. However, certain studies can benefit 

from analysing single cells in their intact tissue environment. For such 

purposes, in situ based scRNA-seq methods (also known as 3D-based 

scRNA-seq) can be used to provide further insight into the complex 

interactions between various cells with spatial context. Geo-seq achieves this 

by using laser-capture microdissection to precisely capture individual cells and 

record the topographical features of the individual cell within the tissue (Chen, 

J. et al., 2017). Following scRNA-seq of the individual cells, each cell’s 

positional information can be retrieved computationally in a “zip-code 

mapping” fashion, linking functional attributes to the respective environmental 

position. On the other hand, techniques such as STARmap (spatially-resolved 

transcript amplicon readout mapping) offer not only higher throughput, but 

allow for the study of single-cell transcriptomic analysis in intact tissue, by 

using hydrogel-tissue chemistry, targeted signal amplification and in situ 

sequencing (Wang, Xiao et al., 2018).  

 

Part of the advantage with lower cost of detection, is that scRNA-seq 

applications can be combined with other technologies (Tang, X. et al., 2019). 

CRISPR-Cas9 (clustered regularly interspaced short palindromic repeats) 

gene editing has revolutionised the genome editing field with its rapid and 

precise nature (Adli, 2018; Pickar-Oliver and Gersbach, 2019). In combination 

with scRNA-seq, CRISPR screening can be used to explore genetic 

perturbations at single-cell level. Numerous protocols have been developed to 

combine the extensive potential of both technologies, including CROP-seq 

(CRISPR droplet sequencing) (Datlinger et al., 2017), CRISP-seq (Jaitin et al., 

2016) and Perturb-seq (Dixit et al., 2016). These methods rely on delivering a 

mixture of lentiviruses carrying various single guide RNAs (sgRNA) into a 

population of cells expressing CRISPR-Cas9 (Lanning and Vakoc, 2017). The 
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sgRNAs contain a target sequence that is homologous to the region of interest 

in the genome intended for editing. Within the individual cells, genome editing 

is then carried out when the sgRNA “guides” the Cas9 enzyme to the site of 

interest, where it directs its nuclease activity. In doing so, the effect of specific 

gene perturbations can be explored at large-scale, in a single experiment.  

 
Often, complex biological research questions can benefit from multi-omics 

approaches that evaluate not only transcriptomics, but also genomic, 

epigenomic and proteomic profiling. To this effort, techniques such as SIDR-

seq (simultaneous isolation of genomic DNA and total RNA) (Han et al., 2018) 

and G&T-seq (genome and transcriptome sequencing) (Macaulay et al., 2015) 

assess not only complete transcriptomics at single-cell level, but also genomic 

DNA, allowing for the genotype-phenotype association to be explored. 

Complementing such methods, scTrio-seq further couples transcriptomic- and 

genomic profiling with DNA methylation analysis (Hou et al., 2016). As these 

integrated single-cell omics platforms continue to be developed, researchers 

will be able to gain enhanced understanding of cell development and disease 

processes (Macaulay, Ponting and Voet, 2017).  
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 Single-cell RNA sequencing data analysis 

Following processing of scRNA-seq raw data, a data expression matrix is 

typically generated. These matrix files contain information about the 

expression levels of a particular gene in a specific cell, where each row 

represents a gene and each column a cell. This expression level is presented 

in different ways depending on the technology applied. These matrix files 

undergo processing during scRNA-seq analysis to extract and interpret data. 

scRNA-seq has presented unique challenges to the field, with the production 

of comparably noisier and more variable data compared to bulk RNA-seq. 

Such effects are owed to technical variation related to very low levels of input 

RNA, inefficient mRNA capture and cDNA amplification (Ran et al., 2020). 

These factors contribute to the occurrence of the ‘dropout’ phenomenon, 

which is the biggest burdening factor in scRNA-seq analysis. This describes 

the effect whereby a particular gene is expressed at high levels in one cell but 

is not detected in another identical cell (Kharchenko, Silberstein and Scadden, 

2014). Thus, as a result of poor capture efficiency, a particular transcript might 

be missed during amplification prior to sequencing, leading to zero-inflated 

results (Liu, Z., Tao and Zhu, 2017). 

 

This has meant that computational methods traditionally applied in bulk RNA-

seq have not been appropriate for scRNA-seq analysis. As a result, the past 

four years have seen an explosion of new analytical methods. Currently, as 

estimated by the “scRNA-tools” database, there are more than 700 different 

scRNA-seq tools (https://www.scrna-tools.org/), written in various different 

programming languages (as of August 2020). Although this demonstrates the 

advancements made in the field of scRNA-seq, this itself presents problems 

with analysis standardisation. Below, we discuss the challenges presented by 

scRNA-seq data and how they are typically mitigated for by popular analysis 

tools or statistical models. 

1.2.4.1 Raw data standard sequencing quality control 
Before commencing scRNA-seq analysis, it is crucial to assess the quality of 

the raw sequencing results to assess any bias related to sequencing. This 

includes assessing the per base quality, which looks at the average quality of 
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each position in a read and assigns it a score. Consistent low-quality reads in 

a particular position may indicate a fault with the sequencing run. Other useful 

sequencing tests include per base sequence content, which looks at the 

proportion of each base in each position of the reads. This will give indications 

about any overrepresented sequences, such as primer dimers and/or 

amplification bias. Popular tools for assessing sequencing quality control tools 

include FASTQC (Andrews, 2010). 

1.2.4.2 Processed data quality control  
Given the many steps involved in preparing scRNA-seq libraries, production 

of technical artefacts is common. As such, performing quality control (QC) of 

the expression data is vital to remove any low-quality cells prior to downstream 

analysis. Failure to do so could yield misleading interpretation of results and 

incorrect cell/cluster annotation. Low-quality results include cells that are 

dead, broken or empty barcodes as well as doublets and multiplets (Ilicic et 

al., 2016). The parameters of which this is judged upon includes: the number 

of transcripts expressed by the cell, the number of unique counts (UMI) and 

the percentage of mitochondrial genes expressed (Luecken and Theis, 2019). 

For instance, cells with lower number of transcripts expressed and a low 

number of uniquely mapped reads could be indicative of dying or broken cells, 

as cytoplasmic mRNA is expected to have leaked out of the cell.  In addition, 

cells expressing a high fraction of mitochondrial genes could also suggest a 

broken cell membrane as the cytoplasmic mRNA would have been lost, 

leaving a high proportion of mitochondrially expressed genes retained (Ilicic et 

al., 2016).  

Conversely, a high number of transcripts detected and a high number of 

uniquely mapped reads could be indicative of cell doublets or multiplets. 

Individually, these parameters provide useful information about each single 

cell. However, they should be considered together so as to avoid excluding 

valuable data derived from rare cells with unique transcriptomics. For instance, 

particularly with regards to setting the threshold for mitochondrial gene 

expression this can present challenges. Within the field, the proportion of 

expressed mitochondrial genes is largely accepted as ~10%. However, this 

becomes problematic when considering varying energy demands of different 
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cell types. For instance, cardiomyocytes have a mitochondrial gene 

expression content of ~30% (Mercer et al., 2011). As such, these QC 

parameters can be highly cell-type specific and care should be taken when 

setting parameter thresholds. Good practice often entails having to repeat QC 

with different parameter thresholds to assess the quality of downstream 

analysis and having parameters be as permissive as possible. 

1.2.4.3 Normalisation 

Data normalisation is vital in scRNA-seq analysis to adjust the signal obtained 

from any technical artefacts, in order to correctly interpret biologically relevant 

data. Such artefacts might develop as a result of sequencing depth or 

methodology-related factors associated with dropout effects. Normalisation 

can be categorised into within- and between-sample methods. Within sample 

normalisation corrects for gene-specific bias, allowing for gene expression 

comparisons within a cell (Chen, G., Ning and Shi, 2019). Such approaches 

include library-sized based methods, such as RPKM/FPKM (reads/fragments 

per kilobase million) or TPM (transcripts per million) methods. However, in 

some cases these approaches are not useful for downstream applications as 

they do not account for RNA content. Thus, they can skew detection of 

differentially expressed genes (Hwang, Lee and Bang, 2018). 

 

Between-sample normalisation corrects for factors related to sample-specific 

handling, including sequencing depth. The most popular methods for between-

sample normalisation include global-scaling methodologies. These methods 

scale the data according to a common scale factor. For instance, counts per 

million (CPM), which accounts for the gene count in each cell and divides this 

by the total gene count that is then multiplied by a size factor. Popular software 

analysis programs, such as Seurat, use a size factor of 10,000 as default and 

log-transform the result (Butler et al., 2018; Stuart, T. et al., 2019). Other 

methods include DEseq2 which calculates the geometric mean for each 

individual gene across the samples. This is then used as the mean by which 

the read count for the gene in each sample is divided by (Love, Huber and 

Anders, 2014). The median of all these ratios for each gene is then used to 

determine the scaling factor for each individual sample.  
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Gene normalisation can also be performed to improve comparisons between 

genes. The Seurat package tutorials implement this form of scaling, “linear 

transformation scaling”, whereby the expression of each gene is shifted to 

have a mean expression of 0 and a variance across cells of 1 (Butler et al., 

2018; Stuart, T. et al., 2019). This ensures that all genes are weighted equally 

for downstream analysis, to avoid highly-expressed genes from skewing the 

data (Luecken and Theis, 2019).  

1.2.4.4 Data correction 
Following on from normalisation, further technical and biological variation can 

be corrected for. These factors should first be assessed on whether they 

impact the data and should be corrected for when necessary or depending on 

the application of the study. Biological variation is typically associated with cell 

cycle effect. During the cell cycle the individual cell goes through numerous 

changes, including increase in cell size, DNA replication and cell division. This 

process is asynchronous across a group of cells and can thus, present great 

variability between seemingly identical cells depending on what state they find 

themselves in. Numerous software packages have been developed to regress 

this effect out using different methodologies. For instance, the software 

packages Seurat and Scanpy use canonical cell cycle markers obtained from 

literature to calculate a cell cycle score based on cell cycle phase; this score 

is then regressed out of the data (Butler et al., 2018; Wolf, Angerer and Theis, 

2018; Stuart, T. et al., 2019). Furthermore, cell stress can cause biological 

variation between cells. For this purpose, mitochondrial gene expression can 

be considered as an indication (as explained in section 1.2.4.2). As such, 

heterogeneity associated with mitochondrial gene expression can be 

regressed out.  

On the other hand, correcting for technical variation can include regressing out 

disparity related to sequencing depth variations between cells (i.e. the number 

of molecules detected per cell) (Hafemeister and Satija, 2019). In UMI-based 

technologies one can use the number of UMIs to correct for such factors.  
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1.2.4.5 Feature selection 

Feature selection refers to the exclusion of uninformative genes in the dataset. 

Such genes include ones that do not display biological variation across the 

dataset and so are not differentially expressed amongst the cells in a sample 

(Townes et al., 2019). Alternatively, one can select a subset of genes that are 

known to be important in differentiating between various cell types in a 

heterogenous sample (Kolodziejczyk et al., 2015). As a result, feature 

selection of highly variable genes (HVGs) can help highlight true biological 

signal in a dataset during downstream dimensionality reduction analysis 

(Brennecke et al., 2013). 

1.2.4.6 Dimensionality reduction  
scRNA-seq produces vast datasets of high dimensionality. This high 

dimensionality is appreciated when one considers each cell as a data point 

and the thousands of genes expressed by a particular cell (variables).  This 

complexity presents major challenges for data interpretation. However, using 

dimensionality reduction methods, each cell’s highly dimensional gene 

expression profile can be embedded into a low-dimensional space (Townes et 

al., 2019), thus improving data interpretation. Popular methods for such 

purposes include principal component analysis (PCA), a linear dimension 

reduction method which identifies the data with the most variation and 

transforms it into principal components (PCs). These PCs are organised in 

such a way that the first PC contains the most variable data. Selecting the PCs 

of greatest significance and hence, variation, can improve downstream 

analysis by overcoming extensive technical noise in the scRNA-seq datasets 

(Lever, Krzywinski and Altman, 2017). Alone, methods such as PCA are not 

efficient enough to deal with the structure of scRNA-seq data. As such, PCA 

is commonly used as input to non-linear dimensionality reduction strategies 

such as t-Stochastic Neighbour Embedding (t-SNE) and uniform manifold 

approximation and projection (UMAP), that are commonly used to visualise 

cell populations in scRNA-seq datasets (van der Maaten and Hinton, 2008; 

McInnes  et al., 2018). Briefly, these techniques work by embedding the vast 

and complex scRNA-seq data into a low-dimensional space and organise 

datapoints in such a way that similar cells are grouped close to one another 
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(Kobak and Berens, 2019). The more recently developed UMAP, however, 

has been shown to outperform t-SNE in terms of speed (McInnes  et al., 2018). 

1.2.4.7 Clustering 
Having reduced the dimensionality of the data, graph-based clustering is 

commonly the next step in scRNA-seq data analysis. Clustering is performed 

based on similarities and differences in gene expression patterns. In doing so, 

one can attempt to categorise cells according to succinct identities (Luecken 

and Theis, 2019). Using dimensionality-reduced data, this is typically 

performed based on distance metrics to determine similarity scores, for 

instance by calculating the Euclidean distance. This scoring system can be 

used in the k-nearest neighbour (kNN) algorithm. In simple terms, kNN 

calculates the k (a defined integer) most similar cells to each individual cell, 

based on their Euclidean distance. This information can then be used to 

construct a shared-nearest neighbour (SNN) graph, which simply determines 

what cells should be grouped together based on a weighting system that 

defines proximity e.g. in Seurat this is determined using the Jaccard index 

similarity scoring system (Butler et al., 2018). Finally, clustering is typically 

performed using the Louvain algorithm, which is a modularity optimisation 

technique (Blondel et al., 2008). In simple terms, this algorithm clusters cells 

into distinct groups according to how interconnected they are to one another. 

This application also requires the user to define the resolution at which to 

conduct the analysis, which determines the number of clusters that will be 

identified. This popular method of clustering is used in the Seurat and Scanpy 

packages  (Butler et al., 2018; Wolf, Angerer and Theis, 2018).  

 

Following clustering, the aim is to explore the markers expressed in each 

cluster to perform cluster annotation. Differential expression analysis is carried 

out to compare the gene expression levels between the different clusters. In 

doing so, one can identify gene markers that help distinguish one cluster from 

the other. In some cases, clusters can be easily identified using canonical cell 

markers or according to literature. 
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1.2.4.8 Trajectory analysis 
Gene expression during a biological process is not static but is instead 

dynamic and continuous (Tanay and Regev, 2017). The timescales at which 

these changes occur vary greatly, ranging from fast-acting changes (over 

minutes to hours) to slow-progressive ones that occur over years (e.g. disease 

pathogenesis). Furthermore, the cells undergoing these transitions would be 

doing so asynchronously. To study such processes, a dynamic model for gene 

expression analysis is required- as is offered by trajectory inference analysis 

(also known as pseudotime analysis). This type of analysis takes advantage 

of the cell’s asynchronous behaviour and orders them computationally along 

a trajectory based on similarities in their expression patterns (Saelens et al., 

2019). By doing so, this effectively provides a “snapshot” of the individual cell’s 

transcriptional behaviour during the studied process. The variable used to 

order cells along these trajectories is known as pseudotime, which was first 

introduced in the Monocle software algorithm (Trapnell et al., 2014). 

Pseudotime simply measures the cell’s progression through a dynamic 

process, such as the cell cycle, cell type differentiation or activation (Van den 

Berge et al., 2020). Currently, there are numerous models and programs 

available for this type of analysis. A popular method includes Monocle2, which 

uses the machine learning technique, reverse graph embedding, to construct 

a trajectory (Qiu et al., 2017).  

 

  



 

 46 

1.3 The immune system and inflammation 

In humans, the immune system encompasses a wide variety of cells and 

molecules to recognise and eliminate a diverse set of foreign invaders. This 

protective mechanism relies on complex and dynamic interactions between 

different biological structures, triggered by the initial recognition of a foreign 

pathogen. The immune system is designed to recognise invasion by deciding 

between self- and nonself components (Nicholson, 2016). Failure to do so 

provides the foundations for autoimmunity, whereby the immune system 

erroneously attacks itself (Nicholson, 2016). Following successful 

discrimination between self and nonself, the immune system is primed to 

respond to the foreign invader and clear it from the body. Inflammation 

describes the complex, protective process triggered by the body in response 

to a number of harmful stimuli, including invading pathogens, injury, cell 

damage and irritants (Chen, L. et al., 2017). In this complex process, various 

immune cells engage in a concerted effort to return the body to homeostasis. 

Inflammation is characterised by key features such as the release of regulatory 

molecules known as cytokines (which includes chemokines) by the cells of the 

immune system (Kulkarni et al., 2016; Chen, L. et al., 2017). These proteins 

participate in regulating the development and behaviour of various immune 

cells to coordinate an immune response (Chaplin, 2010). To mediate the 

elaborate responses involved in inflammation, the immune system is largely 

divided into two networks, namely innate and adaptive immunity (Chaplin, 

2010).  

 

The innate arm of the immune system forms the first-line defence strategy 

against infection (Akira, Uematsu and Takeuchi, 2006). This form of immunity 

evokes a non-specific defence mechanism and mediates a rapid and generic 

response. The innate immune system is initiated through the recognition of a 

broad class of conserved molecules found on the invading microorganisms 

known as pathogen- or damage associated molecular patterns (PAMPs and 

DAMPs), recognised by pattern recognition receptors (PRRs) (Roh and Sohn, 

2018). This type of immunity is essential during the host’s initial encounter with 

the invading pathogen. On the other hand, the adaptive immune system is one 
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that has evolved more recently, about 500 million years ago and is a prominent 

feature of higher organisms (Cooper and Herrin, 2010). The adaptive immune 

system provides a more sophisticated pathogen recognition-and-elimination 

strategy. It does this by offering a specific, rather than generic, response to a 

particular pathogen (Chaplin, 2010). This key feature of adaptive immunity 

leads to an immunologic memory, whereby the immune system is capable of 

eliciting a heightened immune response during a second encounter with the 

particular pathogen (Smith, N.C., Rise and Christian, 2019).  Classifying the 

immune system according to innate and adaptive arms provides a simplistic 

overview of this intricate system. In reality, these two systems are highly 

interlinked and co-operate to protect the host from infection (de Visser and 

Coussens, 2005). Indeed, delicate defects in either system can have 

detrimental effects for the host, providing the basis of chronic inflammation.  

 Cells of the immune system  

Peripheral blood cells consist of erythrocytes, leukocytes and platelets, 

suspended in plasma. The leukocytes consist of a number of cells that 

participate in mediating an immune response. Haematopoiesis describes the 

process by which blood cells are formed from hematopoietic stem cells (HSC) 

(Rieger and Schroeder, 2012). HSCs are multipotent cells capable of 

differentiating along one of two pathways, to give rise to either lymphoid- or 

myeloid progenitor cells (Radtke et al., 2019). Lymphoid progenitor cells form 

lymphocytes (B cells, T cells and NK cells). On the other hand, myeloid 

progenitor cells give rise to the granulocytes (basophils, eosinophils, 

neutrophils and mast cells), monocytes and dendritic cells (DCs). This split in 

differentiation pathways largely forms the basis of either the innate of adaptive 

arms of immunity. An overview of the immune cells of the innate and adaptive 

immune system is shown in Figure 1-4. Immune cells can also be largely 

divided into both mononuclear- and polymorphonuclear cells. Mononuclear 

cells have a round nucleus (lymphocytes, monocytes and mast cells), 

compared to polymorphonuclear cells that have multi-lobed nuclei (basophils, 

eosinophils and neutrophils).   
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Figure 1-4 Overview of the innate and adaptive immune cells.  The immune system is comprised of innate- and adaptive immune cells. The cells of lymphoid-origin 
largely make up the adaptive immune system, of which B- and T cells are the key cell types.  T cells can be subcategorised into CD4+ helper- and CD8+ cytotoxic T cells.   
Likewise, B cell progenitor cells can differentiate into either memory B cells or plasma cells. On the other hand, the innate immune system is largely made up of myeloid-lineage 
cells including granulocytes and monocytes. Monocytes are key player of innate immunity and have the ability to differentiate into dendritic cells and macrophages. NK cells, 
although of lymphoid origin, are generally considered as innate immune cells due to the lack of antigen-specific markers on their surface. 
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 Stromal cells 

Stromal cells include endothelial cells, fibroblasts and macrophages. These cells 

play an integral role as connective tissue cells as part of the structure of an organ.  

As such, they are often dismissed as structural support cells for which 

haematopoietic cells grow, differentiate and mature upon. For this reason, various 

immunological studies tend to be conducted in the absence of stromal cells 

(Roozendaal and Mebius, 2011). However, various studies point to their 

involvement in regulating immune responses (Roozendaal and Mebius, 2011; 

Nowarski, Jackson and Flavell, 2017). Instead, it is argued that stromal cells 

define and participate in the structure of the tissue microenvironment, which can 

become compromised during disease. Aberrant behaviour of these cells can 

participate in promoting pathology, by orchestrating cellular filtration into tissue, 

including immune cells, to promote an inflammatory response (Haworth et al., 

2005). In fact, tissue-resident stromal cells are beginning to get recognition as an 

“extension” of the immune system, as key determinants of inflammation sites and 

crucial players in chronic inflammation (Filer et al., 2007).  

 Glucocorticoids and their role in inflammation 

Inflammation plays a central role in normal physiology. At states of active 

inflammation, the body can employ glucocorticoids (GC), a class of steroid 

hormones that are produced by the adrenal cortex, to suppress inflammation and 

maintain normal immunophysiology. With cholesterol as a precursor molecule, 

GCs are produced by the adrenal cortex of the adrenal glands, situated on top of 

both kidneys (Oakley and Cidlowski, 2013). Being lipophilic they are able to cross 

the plasma membrane of cells freely and bind cytosolic GC receptors (GR) 

(Timmermans, Souffriau and Libert, 2019). GRs are a member of the nuclear 

receptor family of transcription factors, which are a group of intracellular 

receptors. In the absence of GC stimulus, the GR remains inactive as a monomer 

in the cytosol by being bound to a multiprotein complex. This multiprotein complex 

is composed of a set of co-chaperone proteins that change depending on the 

stage of maturation of the GR complex. A GR complex that is ready to anticipate 

GC-binding consists of the GR, the immunophilin FK-506 binding protein prolyl 

isomerase 5 (FKBP51 encoded for by the FKBP5 gene) as well as chaperone 

proteins p23 and heat shock protein 90 (Hsp90) (Oakley and Cidlowski, 2013). 
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Following GC-binding of the GR-complex, FKBP51 is replaced with FKBP52 and 

a conformational change is induced leading to the dissociation of the multiprotein 

complex. The activated GC/GR complex then gets translocated through the 

nucleopores into the nucleus, where it is able to regulate a variety of genomic 

functions (Figure 1-5).  

 

Once translocated to the nucleus, the GC/GR complex is able to modulate gene 

transcription according to different mechanisms (Oakley and Cidlowski, 2013), 

both through direct DNA-binding and DNA-binding-independent methods. The 

effect enforced on the target gene is either to transcriptionally activate 

(transactivate) or transcriptionally repress (transrepress) gene expression. In one 

of the modes of action, as a homodimer, the GC/GR complex is able to directly 

bind to a GC-responsive element (GRE), which is a 15bp sequence in the DNA 

(Timmermans, Souffriau and Libert, 2019). Depending on the target gene, 

binding of conventional GREs leads to activating gene transcription, whereas 

binding to negative GREs (nGRE) leads to gene suppression (Surjit et al., 2011; 

Ratman et al., 2013). Furthermore, other mechanisms are independent of direct 

DNA binding and instead rely on the physical interaction of the GC/GR with 

another transcription factor. For instance, through tethering, the GC/GR complex 

can interact with a DNA-bound transcription factor, to modulate its activity (Hua, 

Ganti and Chambon, 2016). On the other hand, through composite-binding 

mechanism, the GC/GR complex is able to associate with a transcription factor 

and together bind a GRE to activate or supress gene transcription (Timmermans, 

Souffriau and Libert, 2019). In addition to the aforementioned genomic actions 

mediated by GCs, anti-inflammatory effect by these molecules can also be 

achieved through non-genomic mechanisms. These mechanisms tend to be 

more fast-acting as they do not require any changes in transcriptional responses 

and are thus confined to the cytosol as opposed to the nucleus (Timmermans, 

Souffriau and Libert, 2019).
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Figure 1-5 Genomic mechanisms of glucocorticoid receptor upon glucocorticoid stimulation. 1). Once the glucocorticoid (GC) binds to the cytosol-bound 
glucocorticoid receptor (GR) which is complexed with chaperone proteins FKBP51, p23 and Hsp90, 2) this multi-protein complex undergoes a conformational change and FKBP51 
gets replaced with FKBP52. 3) This results in the dissociation of the multi-protein complex, 4) leaving the activated GR free to translocate into the nucleus. In the nucleus, the 
GC/GR complex mediates either transactivating or transrepressive gene expression, according to different mechanisms, including direct-DNA binding by associating with the 
GC-responsive element (GRE) of a gene, tethering with other transcription factors (TF) or through composite-binding with a GRE and another TF.  
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1.4 Rheumatic diseases 

Rheumatic diseases include a wide range of conditions that affect the 

musculoskeletal system, including the bones, muscles, tendons, ligaments, 

cartilage, joints and other connective tissues. One of the main complications 

of rheumatic diseases includes arthritis (joint inflammation), which leads to 

swelling, pain and stiffness, leading to chronic pain and disability. The joint 

describes the junction between bones, of which there are numerous types in 

the body, including the synovial joint (also known as diarthrodial joint), as 

found in the hip and limbs (Figure 1-6). In the vast spectrum of rheumatic 

diseases, some of the underlying causes include degenerative and 

inflammatory factors.  
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Figure 1-6  Diagram of the structure of a synovial joint. The synovial joint is the most common 
type of joint in the body and allows for the most movement. It is characterised by the synovial membrane 
which encapsulates the joint cavity containing the synovial fluid. The synovial fluid is a viscous fluid, of 
which purpose is to lubricate the articular cartilage-covered bone surfaces. Articular cartilage is a 
specialised connective tissue which protects the ends of the bone. The synovial joint is also surrounded 
by soft tissue such as the tendons (which attach muscle to bone) and ligaments (which attach bone to 
bone). The enthesis describes the site of attachment of structures such as tendons and ligaments to the 
bone. 
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 Osteoarthritis 

Osteoarthritis (OA), often termed a degenerative joint disease, is the most 

prevalent form of chronic joint disease, affecting over 250 million people 

worldwide (Kohn, Sassoon and Fernando, 2016; Martel-Pelletier et al., 2016). 

Frequently described as a ‘wear and tear’ condition, OA occurrence increases 

with age, with a prevalence of 13% in women and 10% in men, in people aged 

over 60 (Zhang, Y. and Jordan, 2010). The condition is typically characterised 

by damage and erosion of the cartilage accompanied by low-grade 

inflammation in the joint, bone and synovium (also known as synovial 

membrane) (Lambova and Müller-Ladner, 2018). The erosion of the cartilage 

leads to the joint space narrowing, which means that the bones are more prone 

to friction and pressure, leading to gradual joint dysfunction. Commonly 

affected areas include the knee and hands (especially the distal and proximal 

interphalangeal joints). OA can be an extremely debilitating condition, typically 

accompanied by chronic pain and functional limitations, leading to significant 

decline to quality of life. In fact, OA is one of the leading causes for work-

related absence (Man and Mologhianu, 2014), presenting a large 

socioeconomic burden. 

1.4.1.1 Risk factors involved in OA 

The complete aetiology is poorly understood but is thought to involve complex 

interaction between systemic and local risk factors (Zhang, Y. and Jordan, 

2010). Systemic risk factors include age, likely associated with biological 

changes and stresses that occur as a result of ageing and gender; females 

being more likely to have OA, as well as in a more severe form (Zhang, Y. and 

Jordan, 2010). On the other hand, the main local risk factors for OA 

development include injury, biomechanical stress and obesity. The link 

between obesity and OA progression is well understood. In fact, it has been 

estimated that 5kg of weight gain confers a 36% increase in knee OA risk 

(Lementowski and Zelicof, 2008) and individuals with a body mass index (BMI) 

greater than 30kg/m2 are 6.8 times more likely to develop knee OA compare 

to normal-weight individuals (Coggon et al., 2001). However, obesity confers 

risk to both weight-bearing and non-weight bearing joints (King, March and 

Anandacoomarasamy, 2013; Bliddal, Leeds and Christensen, 2014). This 
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implies that the condition extends beyond increased load- and pressure-

related stresses.  

1.4.1.2 Pathophysiology of OA 

Articular cartilage, the main target of destruction in OA, is a connective tissue 

found in the joint protecting the ends of the bone. They are a prominent feature 

of diarthrodial joints, which are freely movable and adjoined by a synovial 

membrane secreting synovial fluid. Articular cartilage is a 2-4 mm thick tissue, 

composed of sparsely populated specialised cells known as chondrocytes and 

the extracellular matrix (ECM; composed mainly of collagens and 

proteoglycans) (Sophia Fox, Bedi and Rodeo, 2009; Xia et al., 2014). The 

main function of articular cartilage is to provide lubrication to minimise friction 

between the adjoining bones and reducing impact on weight-bearing joints, 

such as the knee and hip (Sophia Fox, Bedi and Rodeo, 2009). The 

chondrocytes produce and secrete the ECM components, as well as the 

proteolytic enzymes that degrade them (Akkiraju and Nohe, 2015). In normal 

circumstances, the chondrocytes maintain a homeostatic balance between 

these events. However, the deterioration observed in OA results from the 

imbalance in the anabolic and catabolic events related to ECM component 

turnover (Heijink et al., 2012).  

 

Early understanding of OA pointed to the condition being classified as a form 

of non-inflammatory form of arthritis (Sokolove and Lepus, 2013). However, 

this perception has been challenged overtime. In fact, OA is typically 

accompanied by inflammation in the synovium (known as synovitis), which has 

been shown to precede radiographic bone morphology changes (Ayral et al., 

2005; Sokolove and Lepus, 2013). The synovium is a soft connective tissue 

that lines diarthrodial joints, sealing the synovial fluid from surrounding tissue. 

It largely consists of two major cell layers, the intima (surface layer) and 

subintima. The intima layer is made up of bone marrow-derived macrophages 

and fibroblasts, whereas the subintima is composed of blood and lymphatic 

vessels as well as more sparsely located stromal cells, mainly fibroblasts 

(Tiwari, Chabra and Mehdi, 2010). The synovial fluid contains ECM 

components such as lubricin and hyaluronic acid, vital for providing lubrication 
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to avoid friction and achieving smooth articular function (Martel-Pelletier et al., 

2016). The synovial fibroblasts are responsible for the production of these 

ECM components as well as their degradation through production of matrix 

degrading enzymes (Müller-Ladner et al., 2007). As such synovial fibroblasts 

have a vital role in matrix remodelling in a healthy state. However, in conditions 

that affect the joint, abnormal activation of synovial fibroblasts has been found 

to contribute to pro-inflammatory mediation and synovitis (Robinson et al., 

2016; Dakin et al., 2018; Huang, W. et al., 2019). 

PRR signalling is believed to be a key contributor of OA pathology. Current 

evidence suggests that injury or excessive use of a particular joint may induce 

damage that leads to ECM breakdown recognised as DAMPs by the 

synoviocytes (including chondrocytes, macrophages and fibroblasts) that 

induce local inflammation (Sokolove and Lepus, 2013; Orlowsky and Kraus, 

2015). This in turn is thought to trigger a vicious cycle of self-perpetuating 

damage to cartilage. As a result, during OA synovitis, hyperplasia (i.e. 

thickening), angiogenesis (i.e. formation of new blood vessels) and fibrosis 

(excessive deposition of ECM) is common, accompanied by increased 

leukocyte infiltration (Prieto-Potin et al., 2015). This contributes to further 

destruction of the osteoarthritic joint, burdened by the release of pro-

inflammatory mediators and release of matrix-degrading enzymes. 

1.4.1.3 Treatment 

With OA being the most common form of chronic joint disease, this condition 

presents a massive socio-economic burden on society, with mounting 

healthcare costs. In fact, over one third of people aged over 45 seek treatment 

for OA with an estimated 7.5 million working days lost per year in the UK (Watt 

and Gulati, 2017). This burden is expected to increase given the current global 

trends of an ageing and increasingly obese population. It is, therefore, no 

surprise that intense research has been dedicated to developing effective 

therapeutics with aims of improving patient quality of life and providing 

effective pain relief. Despite these efforts, the research into more effective OA 

therapeutics has lagged behind other rheumatic conditions, such as 

rheumatoid arthritis (Watt and Gulati, 2017). As such, there is a pressing need 

to explore further interventions devoted to this effort.  
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Pharmacological treatment for OA includes analgesics such as topical non-

steroidal anti-inflammatory drugs (NSAIDs) and paracetamol as first-line 

drugs, with oral NSAIDs, cyclooxygenase-II (COX-II) inhibitors, 

glucocorticoids and opiates considered next (Watt and Gulati, 2017; Vincent, 

2020). Although these interventions can provide sufficient relief for some, their 

effect is further limited by concerns of toxicity and adverse effects associated 

with their continued use (Hunter, Wood and Dargan, 2011). Adding further 

complication, the heterogeneity of OA clinical manifestations between 

patients, makes it difficult to establish a “one size fits all” therapy approach 

(Felson, 2010). Other pharmacological interventions might include ones that 

target specific molecular mechanisms involved in pathology, of which there 

are several currently in trial (Grässel and Muschter, 2020).  

Apart from pharmacological therapeutic interventions, other strategies include 

lifestyle changes such as exercise and weight loss, which have proven to 

provide effective relief (Sharma, 2016; Goh et al., 2019). Moreover, patients 

can also undergo physiotherapy to relieve muscle stiffness (Sharma, 2016). 

With advanced pain and joint damage, a joint replacement surgery (also 

known as arthroplasty) may be required as a last resort. Arthroplasty involves 

the removal of parts of the dysfunctional joint that are replaced with artificial 

implants, thereby providing improved mobility and pain relief. However, 

arthroplasties are considered as major surgeries, with mounting cost and 

burden placed on healthcare systems (Ackerman et al., 2019). 

1.4.1.4 Pain sensing in OA 

Chronic pain is the most common symptom of OA and is the driving force for 

patients seeking medical treatment (Neogi, 2013a). Patients that suffer from 

hip and knee OA describe the pain as either an intermittent but severe pain, 

or a persistent background ache (Hawker et al., 2008). Pain in the early stages 

of OA is generally first activity-related and gradually progresses to become 

more constant with episodes of intense pain (Neogi, 2013a). As such, pain 

contributes significantly to limitations in mobility and function, thereby leading 

to significant reduction in quality of life (Bartley, Palit and Staud, 2017). In fact, 



 

 58 

the failure to control pain in OA patients is the biggest reason for opting for a 

total joint replacement (Miller, Rachel E. et al., 2015). 

 

 Pain in OA as a result of tissue injury, is sensed by nociceptors, which are 

specialised peripheral sensory neurons that detect noxious stimulus 

(McDougall, 2006; Dubin, A.E. and Patapoutian, 2010). Nociceptors, which 

have their cell bodies in the dorsal root ganglion (DRG), are found throughout 

the joint and mediate pain signals from the peripheral tissue to the central 

nervous system (McDougall, 2006; Miller, R. E., Miller and Malfait, 2014).  With 

inflammation in the joint, as is seen in OA, there is an increased infiltration of 

immune cells which participate in releasing pro-inflammatory cytokines and 

chemokines, causing activation and sensitisation of DRG neurons (Miller, 

Rachel E. et al., 2015; Cao, Fan and Yin, 2020). This in turn can lead to a 

decrease in the excitation threshold, thereby rendering the nociceptors more 

responsive (Neogi, 2013b), and contributing to hyperalgesia (enhanced 

sensitivity to pain) (Miller, R. E., Miller and Malfait, 2014). In fact, correlation 

between joint pain and synovitis has been shown (Miller, R. E., Miller and 

Malfait, 2014), indicating a crucial role for inflammation in mediating pain.  
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 Spondyloarthritis 

Spondyloarthritis (SpA) is an umbrella term used to describe a group of chronic 

immune-mediated conditions that affect the joints, both axial and peripheral, 

accompanied by complications affecting different structures in the body. SpAs 

are usually described as seronegative spondyloarthritis, as they are typically 

accompanied by the lack of rheumatoid (Rh) factor antibody (Ehrenfeld, 2012), 

distinguishing them from rheumatoid arthritis. The SpA family of conditions are 

thought to share common genetic pre-dispositions, particularly implications 

seen with HLA-B*27 (McMichael and Bowness, 2002). This group includes 

psoriatic arthritis (PsA), ankylosing spondylitis (AS), reactive arthritis, 

inflammatory bowel disease-associated arthritis, acute anterior uveitis, 

undifferentiated spondyloarthritis and juvenile spondyloarthritis. For the 

purpose of this thesis, we will mainly explore PsA and AS.  

1.4.2.1 Psoriatic arthritis  

PsA is a debilitating condition that causes significant impact on quality of life, 

with painful swelling and stiffness in the joints. Any joint can be affected in PsA 

patients, including those of the distal interphalangeal (Coates and Helliwell, 

2017). Radiographically, PsA patients typically present with the simultaneous 

occurrence of bone resorption and proliferation (Gottlieb et al., 2008). As a 

result of severe bone resorption, shortening of the bones can be observed, 

most notably in the digits (Gladman et al., 2005). Another typical hallmark of 

PsA is the inflammation of the entheses as well as the accompaniment of nail 

lesions (Coates and Helliwell, 2017). Moreover, PsA is typically linked with 

another autoimmune disorder, psoriasis- a chronic skin inflammatory condition 

causing red, scaly patches typically on the elbows, knees and scalp. Psoriasis 

is primarily characterised by epidermal hyperproliferation, mediated by an 

underlying dysregulated immunological response (Hugh and Weinberg, 2018). 

The prevalence of psoriasis in the general population is 2-4%, with 30-40% of 

this group developing PsA (Choy, 2007; De Vlam, Gottlieb and Mease, 2014). 

The diagnosis of PsA is complicated by heterogenous presentation in patients. 

This includes patients presenting exclusively with distal joint complications and 

others that experience disease affecting mainly the axial skeleton (spine and 

sacroiliac joints) (Ritchlin, Colbert and Gladman, 2017). This is further 
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complicated by an average onset period of 10 years between initial skin 

manifestations and arthritic symptoms (Lee, S., Mendelsohn and Sarnes, 

2010). Joint disease can also become apparent after cutaneous symptoms, 

which could lead to erroneous diagnosis of other rheumatic conditions (Hamdy 

et al., 2015). 

1.4.2.2 Ankylosing spondylitis 

The global prevalence of AS is estimated at approximately 0.1 - 1.4% and is 

the most common form of SpA (Braun, Jürgen and Sieper, 2007; Colbert et 

al., 2010). Overall, the clinical presentation in AS is similar to that in PsA, 

including enthesitis and inflammation of the peripheral joints. However, unlike 

PsA, the mainly affected part in AS patients is the axial skeleton (Braun, J. and 

Baraliakos, 2011). AS patients typically present with structural damage to the 

spine and sacroiliac joints, leading to chronic pain and stiffness (Sieper and 

Poddubnyy, 2017). As observed with PsA, AS patients also typically show 

signs of simultaneous bone resorption and proliferation. This excessive bone 

formation, often leads to the fusion of the lumbar vertebrae (known as 

ankylosis), leading to complete loss of spinal mobility (Haroon, 2015). 

However, although less commonly than in PsA, some AS patients also present 

with psoriasis (Belasco and Wei, 2019).  

1.4.2.3 Risk factors involved in AS and PsA 

The strong genetic element related to psoriasis and PsA pathology is evident 

from their high degree of heritability. This ranges from 50-90% in psoriasis 

compared to 100% in PsA (Feld et al., 2018). Specifically, as is common with 

SpA conditions, PsA shows a relatively high association with MHC class I 

molecule HLA-B27, with 20-35% of patients carrying the allele (Queiro et al., 

2016). This association does not appear to be related to psoriasis pathology, 

instead the allele HLA-C*06:02 appears to confer the greatest genetic risk in 

this condition (Winchester et al., 2012; Dand et al., 2019). Conversely, the 

association with the HLA-B*27 allele is much stronger with AS pathology, 

where 90-95% of patients are carriers (Zhu, W. et al., 2019).  However, this 

alone does not seem to be the determining factor, as only approximately 8% 

of HLA-B*27 carriers in the general population go on to develop AS (Uddin et 
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al., 2015). In fact, twin studies suggest that HLA-B*27 is only accountable for 

20-30% of the genetic susceptibility in AS pathology (Brown, M. A. et al., 1997; 

Braun, Jürgen and Sieper, 2007).  

 

Moreover, several other MHC class I alleles have shown strong association 

with either condition. These include HLA-B*08, HLA-B*38 and HLA-B*39 in 

PsA (FitzGerald et al., 2015) and HLA-B*13, HLA-B*40, HLA-B*47 and HLA-

B*51 in AS (Cortes et al., 2015; Skalska et al., 2015; Brown, Matthew A., 

Kenna and Wordsworth, 2016). Apart from MHC class I genes, genome wide 

association studies (GWAS) have also identified a number of other genetic 

risk factors, including ones pertaining to cell signalling factors. In both PsA and 

AS, genes related to the interleukin-23/interleukin-17 (IL-23/IL-17) signalling 

axis have been shown to confer susceptibility, including IL23R, IL12A and 

IL12B in PsA (Stuart, P.E. et al., 2015) and IL23R, CARD9, IL12B, PTGR4, 

TYK2 and STAT3 in AS (Parkes et al., 2013; Taurog, Chhabra and Colbert, 

2016). Other genes that have shown association with PsA, include NFKBIA 

and TNFAIP3, as well as IFNLR1 and IFIH1, which have roles in nuclear factor 

κB (NF-κB) and interferon-signalling, respectively (Stuart, P.E. et al., 2015; 

Coto-Segura et al., 2019). Overall, this points to the involvement of aberrant 

immune cell activation and signalling involved in AS and PsA pathology.  

 

Apart from genetic risk factors, several aspects have been identified as 

potential risk elements in genetically predisposed individuals. For instance, 

gender is a risk factor in AS, where it occurs at a ratio of 2:1 in men compared 

to women (Braun, Jürgen and Sieper, 2007). In both conditions, age can also 

be a notable factor. The typical age of onset in AS is in early adulthood, with 

a mean age of 24 (Ledford, 2017) and less common reporting of onset over 

50 years (Toussirot and Wendling, 2005). In PsA, earlier onset of psoriasis 

has been suggested to be a potential factor in PsA development, whereby the 

persistence of the inflammatory burden might be playing a role (Soltani-

Arabshahi et al., 2010; Ogdie and Gelfand, 2015). Moreover, the Koebner 

phenomenon has also been described in PsA, where trauma or injury could 

lead to skin lesions or joint inflammation in previously unaffected skin (Ji and 

Liu, 2019). Furthermore, obesity and infections have also been suggested to 
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confer risk in both AS and PsA pathology (Ogdie and Gelfand, 2015; Zhu, W. 

et al., 2019; Chen, C.-H. et al., 2020). 

1.4.2.4 Pathophysiology of PsA and AS 

As is common with autoimmune/autoinflammatory conditions, the aetiology of 

AS and PsA is thought to involve a complex interaction between genetic and 

environmental factors. There is much speculation surrounding the exact 

pathophysiology of PsA and AS although considerable evidence points to T 

cells being key drivers of disease. For instance, the skin and joints of PsA 

sufferers have shown an increased infiltrate of activated CD4+ - and CD8+ T 

cells (Lowes et al., 2008). With regards to CD8+ T cells, this is often attributed 

to the strong association with MHC class I alleles (CD8+ T cells recognise 

peptide presented by MHC class I molecules). Further highlighting the 

potential importance of CD8+ T cells, is the development of PsA in human 

immunodeficiency virus (HIV) infected patients, where CD4+ T cell depletion 

occurs inherently (FitzGerald and Winchester, 2014). Moreover, the 

predisposition of disease associated with HLA-B*27 marks a further important 

association with MHC class I genes. This allele has been shown to have a 

more extensive association with AS pathology but is thought to confer axial 

complications in PsA (Queiro et al., 2016). Although it is not fully understood 

how it predisposes individuals to SpA pathology, numerous theories have 

been put forward, including the HLA-B27 misfolding hypothesis which 

accounts for the tendency of the HLA-B27 protein heavy chain to incorrectly 

fold in the endoplasmic reticulum (Colbert et al., 2009). As a result, it is thought 

that this leads to an intracellular stress reaction related to unfolded protein 

response (UPR), leading to pro-inflammatory signalling (Smith, J.A., 2014).  

 

Moreover, a variety of effector T cell sub-populations are believed to mediate 

inflammation through the release of signature cytokines. The IL-23/Th17 axis 

has been studied extensively for its general role in autoinflammation and 

autoimmunity. Th17 cells are a subset of effector CD4+ T helper cells that 

release a range of cytokines, including IL-17F, IL-21, IL-22 and tumour 

necrosis factor-⍺ (TNF-⍺), but most notably IL-17A, a strong pro-inflammatory 

cytokine (Korn et al., 2009). Differentiation of Th17 cells from naïve CD4+ T 
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cells has been shown to require stimulation by transforming growth factor beta 

1 (TGF-β1) and a pro-inflammatory cytokine such as IL-6 or IL-1β, inducing 

the expression of IL-23 receptor (IL-23R) (Veldhoen et al., 2006; Smith, J.A., 

2014). Despite the induction of IL-23R, Veldhoen and colleagues critically 

showed that the Th17 phenotype could be acquired in the absence of IL-23 

signalling, which at the time was thought to be essential for its differentiation 

(Veldhoen et al., 2006). Instead, IL-23 stimulation was shown to be a promoter 

of pathogenic Th17 cell expansion (Aggarwal et al., 2003). In fact, in vitro 

studies conducted in mice suggest that in the presence of IL-23 stimulation, 

Th17 cells are more pathogenic than those exposed to IL-6 and TGF-β1 alone 

(McGeachy et al., 2007). On this basis, Th17 cells are capable of adopting a 

non-pathogenic or pathogenic phenotype, depending on the cytokine milieu. 

Several genes related to the IL-23/IL-17 axis have been found to confer risk of 

AS and PsA pathology, as previously mentioned. IL-17A in particular has been 

shown to have a strong relation with autoimmunity (Kuwabara et al., 2017), 

with the ability to activate a wide-range of immune cells triggering a pro-

inflammatory signalling cascade (Talotta et al., 2019). Indeed, in both AS and 

PsA an increase in both IL-17A and Th17 cell infiltration has been reported at 

the joint and synovium of patients (Menon et al., 2014; Al-Mossawi, M.H. et 

al., 2017). Similar reporting has also been noted in the blood (Shen, Goodall 

and Hill Gaston, 2009; Menon et al., 2014; Al-Mossawi, M.H. et al., 2017). 

Intense research has been dedicated to investigating the role of the 

microbiome (entire microbial organism community that inhabits the host) in 

human health. The microbiome is made up of a wide range of commensal 

microorganisms establishing a symbiotic relationship with its host. In fact, it is 

estimated that the human host genome is outnumbered 100-fold by the 

microbial genome (Hooper and Gordon, 2001). In normal health, there is a 

balance between tolerant commensals and pathogenic species (Talotta et al., 

2019). However, in disease, dysbiosis (i.e. an imbalance in the microbiota) is 

observed, which is speculated to contribute to a range of disorders such as 

inflammation. As part of maintaining gut homeostasis, Th17 cells have a 

crucial role in contributing to host defence against a wide range of foreign 

pathogens. They prime this effect by inducing an antimicrobial response 
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mediated by the epithelial cells of the intestinal lumen (Aujla, Dubin and Kolls, 

2007; Dubin, P.J. and Kolls, 2008). However, a dysbiosis in the gut 

microbiome promotes increased infiltration of and aberrant signalling by the 

immune system, particularly Th17 cells. In fact, 50% of SpA patients present 

with subclinical gut inflammation, supporting the dysbiosis theory (Mielants et 

al., 1995; Scher, 2018). Moreover, animal model work shows that mice raised 

in a germ-free environment lack Th17 cells in the lamina propria of the small 

intestine (Ivanov et al., 2008). However, following colonisation with microbiota 

obtained from mice raised in conventional conditions, an upregulation of Th17 

cells was noted.  Follow-up studies further show that colonisation with a 

specific bacterial species alone, is enough to induce Th17 cells in the lamina 

propria of the mice (Ivanov et al., 2009). PsA gut microbiome characterisation 

studies have revealed reduced microbial diversity compared to healthy control, 

with notably lower abundance of Akkermansia, Ruminococcus and 

Pseudobutyrivibrio bacterial genera (Scher et al., 2015). On the other hand, in 

AS a significant enrichment of Ruminococcus gnavus was identified, 

compared to healthy control and rheumatoid arthritis subjects (Breban et al., 

2017). The implications of the relative differences of these bacterial 

populations in these conditions is not completely understood.  

AS and PsA pathology is not however, only reliant on aberrant adaptive 

immune cell signalling. It has been speculated that abnormal or hyperactive 

TLR-activation of innate immune cells may result from PAMP or DAMP 

recognition, resulting from excessive mechanical stress or dysbiosis (Davila 

and Kolls, 2010; Talotta et al., 2019). Furthermore, excessive IL-17 signalling 

has been shown to not only be limited to adaptive immune cells. Instead, 

several reports of increased infiltration of innate immune cells have been noted 

at sites of inflammation in SpA patients, that contribute to the production and 

release of IL-17A (McGonagle et al., 2019).  These include, type 3 innate 

lymphoid cells in the blood, synovium and entheses (Leijten et al., 2015; 

Cuthbert et al., 2017) and gamma delta T cells (γδ T cells) and invariant NK T 

(iNKT) cells in the blood (Kenna et al., 2012; Guggino et al., 2016; Venken et 

al., 2019). With the detection of pro-inflammatory cells and cytokines in the 

peripheral blood of PsA and AS patients, it is clear that systemic inflammation 
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has a prominent role in these conditions. This is further highlighted by the 

numerous co-morbidities of inflammatory nature that occur in these patients, 

most prominently cardiovascular disease (CVD) (Gherghe et al., 2015). 

Indeed, apart from IL-17A and IL-23, increased levels of pro-inflammatory 

cytokines such as IL-6, IL-8 and TNF-⍺ have been reported in the circulation 

of SpA patients (Bal et al., 2007; Ogata, Kumanogoh and Tanaka, 2012; Madej 

et al., 2015; Rabelo et al., 2018). Furthermore, upregulation of interferon-" is 

commonly reported in PsA and psoriasis patients, with levels correlating to 

disease severity (Kurtovic and Halilovic, 2018; Merola, Espinoza and 

Fleischmann, 2018).  

1.4.2.5 Treatment 

Pharmacological treatment for spondylarthritis includes NSAIDs as first-line 

drugs, to help reduce pain and inflammation (Gossec et al., 2020; Wang, R., 

Bathon and Ward, 2020). These can be accompanied by local glucocorticoid 

injections to help alleviate inflammation in the joint (Gossec et al., 2020). 

Glucocorticoids can also be administered systemically but show limited 

efficacy (Braun, Juergen and Sieper, 2002). As next-line drugs, disease-

modifying antirheumatic drugs (DMARDs) can be prescribed. This is a class 

of drugs that are commonly used to treat a range of conditions, including AS 

and PsA. DMARDs are used to control and slow the progression of the disease 

course, by interfering with specific molecular pathways part of the 

inflammatory cascade. DMARDs are typically classified as either conventional 

(cDMARDs) or biological (bDMARDs), with common practice being to 

prescribe bDMARDs in the failure of cDMARDs (Gossec et al., 2020).  In the 

management of AS and PsA, the cDMARDs commonly used include 

methotrexate, sulfasalazine and leflunomide with bDMARDs targeting TNF, 

IL-12/IL-23 or IL-17 pathways as recommended phase 3 drugs (including 

adalimumab, ustekinumab and secukinumab, respectively) (van der Heijde et 

al., 2017; Gossec et al., 2020). The response to therapeutics varies greatly 

amongst patients and is highly dependent on the organ system affected 

(Cuchacovich et al., 2012).  
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As of late, inhibitors of Janus kinase (JAK) and signal transducer and activator 

of transcription (STAT) have emerged as strong contenders for treating SpAs. 

The JAK/STAT pathway has a crucial role in immune regulation, including 

controlling the IL-23/IL-17 pathway, which plays a central role in SpA 

pathogenesis (Taams et al., 2018; Hammitzsch, Lorenz and Moog, 2020). 

Currently, tofacitinib is the only approved JAKi for treating PsA and has shown 

satisfactory efficacy in patients not responding to TNF inhibitors (Gossec et 

al., 2020). 
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1.5 Aims & objectives 

In this thesis we aimed to use scRNA-seq analysis to explore a number of 

questions concerning inflammation in human health and pathology. We 

hypothesise that “single-cell RNA sequencing can be used to examine the 

transcriptomics of individual cells”. 

 

Below, we outline the specific aims and objectives for each chapter. 

 

Chapter 3 (Compiled manuscript; chapter 3. To be submitted for review) 

- Aim: Examine the differences in the hip synovial fibroblasts isolated 

from obese OA patients compared to normal-weight OA patients. 

 

Chapter 4 (Compiled manuscript; chapter 4. To be submitted for review) 

- Aim 1: Examine the differences in the OA knee synovial fibroblasts 

isolated from painful areas in comparison to non-painful areas. 

 

- Aim 2: Examine the differences in the OA knee synovial fibroblasts 

isolated from early-stage disease in comparison to end-stage disease. 

 

Chapter 5 (Compiled manuscript; chapter 5. To be submitted for review) 

- Aim: Explore the transcriptomic differences of peripheral blood 

mononuclear cell populations isolated from AS and PsA patients 

 

Chapter 6  

- Aim1: Explore the heterogeneity of THP-1 monocyte cells. 

 

- Aim 2: Gain insight into the mechanism-of-action of dexamethasone in 

lipopolysaccharide-treated THP-1 monocytes.  
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Chapter 2 Material and Methods 
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2.1 Osteoarthritis fibroblast sequencing upon the 10X 

Genomics 3’ platform (Chapters 3 and 4) 

2.1.1 Fibroblast isolation and treatment  

The fibroblast cells were prepared as described in the respective chapter 

manuscripts (Chapters 3 and 4) by the Dr Simon Jones lab (Institute of 

Inflammation and Ageing, University of Birmingham). 

2.1.2 10X Genomics Chromium single cell 3’-end sequencing 

The scRNA-seq data gathered in Chapters 3 and 4 were performed on 

commercial 10X Genomics single cell 3’ platform. The library preparation and 

sequencing were carried out at the Genomics Facility, University of 

Birmingham.  

 

The 10X platform is a droplet microfluidics platform similar to Drop-seq 

(discussed in further detail in section 2.5). Briefly, 10X libraries are constructed 

using a 10X Chromium Controller which encapsulates individual cells with 

specialised barcoded gel beads in a microfluidics chip, to produce “Gel Beads 

in Emulsion” (GEMs), in droplets. These are suspended in lysis buffer and 

reverse transcription reagents. The cells lyse following GEM formation and 

release mRNAs that hybridise to the primers on the specialised beads. The 

mRNAs are then reverse transcribed into cDNA before the GEMs are broken 

and the cDNAs are pooled. Following PCR amplification, dual indexed libraries 

are constructed ready for sequencing.  
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2.2 OA fibroblast 10X Genomics data analysis (Chapters 3 

and 4) 

2.2.1 Raw data processing 

Raw data from the Genomics Facility (University of Birmingham) was supplied 

as raw binary base call (BCL) files and was processed on Balena- the 

University of Bath’s high performance computing (HPC) system. The 

advantage of using HPC is the ability to run resource intensive applications in 

parallel.  

 

For carrying out 10X Genomics bioinformatics analysis, the cellranger (10X 

Genomics) workflow was carried out, using cellranger version 3.0.1 (10X 

Genomics). Firstly, the data was demultiplexed (i.e. each individual dataset 

sequence reads were assigned to their sample of origin based on their 

molecular barcode), using cellranger mkfastq (www.10xgenomics.com) and 

bcl2fastq2 version 2.20 (Illumina). The cellranger mkfastq is a wrapper around 

the bcl2fastq2 software. This requires a samplesheet (a csv delimited file) to 

be generated containing information about each sample, including sequencing 

lane, sample name and index information The samplesheet was produced 

using the samplesheet generator application on the 10X Genomics website 

(www.10xgenomics.com). The following command was executed for each 

sample: 

 
cellranger mkfastq --id=(name of data folder to be generated) \ 

--run=(file path to BCL raw data folder) \ 

--csv=(file path to experiment samplesheet) \ 

--qc(option to generate quality control metrics) \ 

 

Using the output from the cellranger mkfastq run, the data was aligned, filtered 

and processed to produce gene-barcode matrix files, using cellranger count. 

The GRCh38 human reference genome dataset onto which the data was 

aligned against was downloaded from the 10X Genomics website 

(www.10xgenomics.com) using the ‘curl’ command. The following command 

was executed to run cellranger count for each individual sample:  
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cellranger count --id=(unique sample ID assigned to each sample) / 

--fastqs=(file path to directory containing FASTQ files generated by cellranger 

mkfastq) \ 

--sample=(name of sample analysed- needs to be the same as inputted into 

mkfastq)\ 

--transcriptome=(file path to directory containing reference genome) 

 

On Balena HPC, Slurm Workload Manager was used to schedule and run 

these jobs.  

 

2.2.2 Further analysis of OA fibroblast 10X Chromium data 

The datasets in Chapters 3 and 4 were further analysed on Seurat R library 

version 2.3.4 (Butler et al., 2018) and Monocle R library version 2.9.0 (Qiu et 

al., 2017).   
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2.2.2.1 Fibroblasts isolated from hip joint synovial fluid in OA 

patients 

In chapter 3 we compared the expression of all cells in the hip synovial fluid-

isolated OA fibroblasts in normal-weight vs. obese patients. For this purpose, 

we merged the two datasets using Seurat’s ‘MergeSeurat’ function. The 

analysis strategy is summarised in figure 2-1. R script is included in Appendix 

I. 

  
Figure 2-1 Summary of analysis strategy for OA hip-isolated fibroblast samples. A flow-

chart outlining the analysis strategy adopted for analysing data in Chapter 3. 
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2.2.2.2 Fibroblasts isolated from knee joint synovial fluid in OA 

patients  

 

In chapter 4 we compared the expression of all cells in the knee synovial fluid-

isolated OA fibroblasts from 1) late OA, painful areas, 2) early OA, painful 

areas and 3) early OA, non-painful areas. For this purpose, we merged the 

three datasets using Seurat’s ‘MergeSeurat’ function. The analysis strategy is 

summarised in figure 2-2. R script is included in Appendix II.  

 
Figure 2-2 Summary of analysis strategy for OA knee-isolated fibroblast samples. A flow-
chart outlining the analysis strategy adopted for analysing data in Chapter 4.  



 

 74 

2.3 PBMC isolation from AS, PsA and HC cohorts (Chapter 5) 

2.3.1 Cohort recruitment 

Ankylosing spondylitis (AS), psoriatic arthritis (PsA) and healthy control (HC) 

cohorts were recruited by the Royal National Hospital for Rheumatic Diseases 

(RNHRD) in Bath. AS patients were classified according to the modified New 

York diagnostic criteria for AS (van der Linden, Valkenburg and Cats, 1984; 

Taylor et al., 2006). PsA patients were classified according to the Classification 

for Psoriatic Arthritis (CASPAR) (Tillett et al., 2012) criteria. Appropriate informed 

consent was obtained from each participant. For the study discussed in chapter 5, 

three patients were recruited per cohort. Cohort participant information is 

summarised as part of supplemental data of the manuscript in Chapter 5.  

2.3.2 Whole blood sample collection 

Approximately 50ml of venous blood sample was collected from each 

participant in 5 x 10ml BD Vacutainer™ K2EDTA tubes. These blood collection 

tubes contain the anticoagulant agent ethylenediaminetetraacetic acid 

(EDTA), spray-coated onto the walls of the tubes. The concentration of EDTA 

in the tubes is 1.8mg of EDTA per ml of whole blood (when filled to 10ml). 

These samples were collected in person from the RNHRD in appropriate 

containers and transported to the University of Bath for processing. Blood 

samples were processed within 8 hours of venepuncture.  

2.3.3 Peripheral blood mononuclear cell isolation from whole blood 

Whole blood was diluted at 1:1 ratio with 1X PBS. 35ml of diluted blood was 

then carefully layered onto 15ml Ficoll® Paque solution in a 50ml collection 

tube. The layered blood was then centrifuged at 850 x g for 30 mins at 20ºC, 

with centrifuge soft acceleration and deceleration switched on; to avoid 

disrupting the formed layers. Following centrifugation, distinct layers form, with 

higher-density granulocytes and red blood cells settling at the bottom, followed 

by the Ficoll layer, the lower-density peripheral blood mononuclear cells 

(PBMCs) and the plasma layer. The PBMC layer was carefully aspirated using 

a Pasteur pipette and transferred to a new 50ml collection tube. Cells were 
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washed twice with cold PBS at 550 x g for 10 mins, at 4ºC. The supernatant 

was then aspirated and discarded, before resuspending the cell pellet in 20ml 

cold PBS.  

2.3.4 Assessing cell viability using Trypan Blue staining assay 

Cell viability was assessed using 0.4% Trypan Blue dye (Sigma Aldrich). Cells 

were carefully and thoroughly mixed, before taking a 10µl sample and diluting 

in 90µl Trypan Blue (1:10). The cell dilution was then pipetted several times to 

ensure thorough mixing, before transferring 20µl into a haemocytometer. Cells 

were visualised and counted under a microscope. Trypan Blue dye is cell-

membrane impermeable and is therefore, only able to enter and stain dead 

cells. Consequently, dead cell would appear dark in colour owing to their 

porous membranes, whereas live cells would appear bright and reflective.  

2.3.5 Enrichment of CD45+ cells using magnetic cell isolation 

PBMCs were enriched for CD45+ (expressed by leukocytes) cells, to exclude 

any contaminant red blood cells and platelets, using the CD45 MicroBeads kit 

(Miltenyi Biotec) on the MACS® LS column. This was carried out as per 

manufacturer instructions. Briefly, following PBMC isolation and cell counting, 

cells were centrifuged at 300 x g for 10 mins at 4ºC. The supernatant was then 

aspirated and discarded. The cell pellet was re-suspended in MACS buffer (1X 

PBS, 0.5% w/v BSA and 2mM EDTA) at a total volume of 80µl per 107 cells 

and magnetically labelled with the CD45 MicroBeads using 20µl per 107 cells. 

The suspension was mixed by pipetting and incubated for 15 mins in the fridge 

(2-8ºC). The cells were then washed in 1.5ml of MACS buffer per 107 cells and 

centrifuged at 300 x g for 10 mins at 4ºC. After aspirating and discarding the 

supernatant, the cell pellet was re-suspended in 500µl of MACS buffer. Next, 

the MACS magnetic column was placed in the magnetic separator VarioMACS 

and primed by rinsing with 3ml of MACS buffer. The magnetically labelled cell 

suspension was then added to the column and the effluent containing the 

unlabelled cells was collected and discarded. The column was then rinsed 

three times with MACS buffer, discarding the effluent. The magnetic column 

containing the retained CD45 labelled cells was then removed from the 

magnetic separator and placed over a 15ml centrifuge tube. 5ml of MACS 
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buffer was added onto the column and flushed out using the plunger to elute 

the CD45 labelled cells. The labelled cells were then centrifuged at 300 x g for 

10 mins at 4ºC and the supernatant was aspirated and discarded. The cells 

were re-suspended in 1ml of PBS and counted using the Trypan Blue staining 

assay described in section 2.3.4. Cells were then prepared as per section 

2.5.3.1 for conducting a Drop-seq experiment. 
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2.4 THP-1 cell preparation and analysis (Chapter 6) 

2.4.1 Recovery of THP-1 cell line from liquid nitrogen storage 

Stocks of THP-1 monocytic cell line stored in liquid nitrogen were removed 

and thawed immediately, by placing the cryovial in a pre-warmed 37ºC water 

bath. Next, cells were transferred onto a tube of pre-warmed 10ml complete 

growth media, before being centrifuged at 200 x g for 5 mins. Growth media 

was composed of RPMI 1640 media, supplemented with 10% (v/v) FBS, 2mM 

L-glutamine, 1% (v/v) penicillin-streptomycin and 0.1% (v/v) β-

mercaptoethanol (Invitrogen Gibco). The supernatant was aspirated carefully 

and discarded, leaving the cell pellet to be resuspended in 5ml complete 

growth medium. THP-1 cells were then transferred into a 25 cm2 tissue culture 

flask (Fisher Scientific) and cultured as per section 2.4.2. 

2.4.2 Cell culture of THP-1 cell line 

THP-1 cells were routinely cultured at 37ºC, 5% (v/v) CO2, in a humidified 

incubator. Cells were cultured and maintained in 75 cm2 tissue culture flasks 

(Fisher Scientific). Passaging was performed twice a week at a sub-culturing 

ratio of 1:4, by adding fresh growth medium.  

2.4.3 Treatment of THP-1 cells 

Cells were inverted to mix before counting as per Trypan Blue staining assay 

described in section 2.3.4. THP-1 cells were serum-starved overnight (cultured 

in growth medium without FBS), after which they were either left untreated, 

stimulated with 1μg/ml LPS (Escherichia coli 055:B5, Sigma Aldrich), 

stimulated with 1µM dexamethasone (Sigma-Aldrich) or stimulated with both 

LPS and Dex (1 μg/ml LPS and 1µM Dex). Each treatment was carried out for 

4 hours with cells incubated at 37°C, 5% CO2 (v/v). Whole-cell lysate was then 

prepared for qRT-PCR analysis as outlined in section 2.4.4 and single-cells 

were prepared as per section 2.5.2 for conducting a Drop-seq scRNA-seq 

experiment.  
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2.4.4 THP-1 whole cell lysate qRT-PCR analysis 

2.4.4.1 THP-1 samples whole cell lysate RNA isolation  

Following treatment of THP-1 cells as described in section 2.4.3, cells were 

harvested in separate 2ml tubes and washed with 1ml of complete culture 

media (200 x g, 5 mins). The supernatant was carefully aspirated and 

discarded, leaving the cell pellet to be disrupted by adding 350µl of buffer RLT 

lysis buffer as part of the QIAGEN RNeasy mini kit supplemented with 10µl/ml 

β-mercaptoethanol (Invitrogen Gibco). The cell suspension was vortexed to 

mix for efficient cell lysis. RNA from the whole cell lysate was then extracted 

using the RNeasy mini kit (Qiagen), as per manufacturer’s instructions. Briefly, 

the cell lysate was passed through a QIAshredder column to homogenise the 

sample by centrifuging at full speed (19,700 x g) for 2 mins, followed by the 

addition of equal volume 70% (v/v) ethanol. The homogenised lysate was then 

transferred through a RNeasy column and centrifuged at 10,000 x g for 15 

seconds, discarding the flow-through (containing RNA transcripts < 200 

nucleotides in length as well as cell debris). To eliminate any genomic DNA 

contamination, the spin column was treated with DNAase (10µl DNase diluted 

in 70µl RDD buffer) for 15mins at room temperature. Next, the RNeasy column 

was washed with 700µl RW1 buffer and centrifuged at 10,000 x g for 15 

seconds. The column was then further washed twice with 500µl RPE buffer at 

10,000 x g for 15 seconds, before completing a final centrifugation at 10,000 

x g for 2 mins into an empty collection tube to dry the membranes and remove 

any potential contaminants. Finally, the RNA was eluted in 30µl nuclease-free 

water (ThermoFisher Scientific) by centrifuging at 10,000 x g for 1 min.  

2.4.4.2 THP-1 whole cell lysate RNA quantification 

The concentrations of the RNA isolated from the THP-1 whole cell lysates 

were measured on the QubitⓇ 2.0 fluorometer (ThermoFisher Scientific) using 

the Qubit RNA Broad Range (RNA BR) assay kit (ThermoFisher Scientific). 

Qubit working solution was prepared by mixing RNA BR reagent at 1:200 in 

RNA BR buffer. The standards provided with the kit (20 and 1,000 ng) were 

diluted to a working solution of 1:20 in a total volume of 200µl and assayed on 



 

 79 

the Qubit to construct a standard curve. The RNA samples were diluted at 

1:200 in a total volume of 200µl and measured on the Qubit. 

2.4.4.3 THP-1 whole cell lysate cDNA synthesis 

The whole cell lysate RNA isolated from the THP-1 samples was reverse 

transcribed into cDNA using the High Capacity cDNA Reverse Transcription 

kit (Applied Biosystems). Reactions were prepared in 20µl volumes, using 2µl 

10X RT buffer, 2µl 10X RT random primers, 0.8µl 25X dNTP mix (100mM),1µl 

Multiscribe™ Reverse Trancriptase (50U/µl), 0.2µl RNase inhibitor (Applied 

Biosystems) and 14µl of RNA sample (1µg) suspended in nuclease-free water 

(ThermoFisher Scientific).   

Thermocycler was operated as per settings recommended by manufacturer 

(25ºC, 10mins; 37ºC, 120mins; 85ºC, 5mins and 4ºC hold). Upon completion, 

the cDNA product was diluted in 480µl of nuclease-free water (ThermoFisher 

Scientific) and stored at -20ºC for long-term storage. 

2.4.4.4 THP-1 whole cell lysate qRT-PCR analysis 

qRT-PCR was performed on the Applied Biosystems™ StepOnePlus™ Real-

Time PCR system. 18S ribosomal RNA (rRNA) was used as an endogenous 

control. qRT-PCR was used to measure the gene expression of interleukin 1 

beta (IL-1β) and C-X-C Motif Chemokine Ligand 8 (CXCL8; also known as IL-

8) in each of the THP-1 samples. Reactions were prepared in 20µl volumes, 

using 10µl of SYBRⓇ Green (Applied Biosystems), 0.4µl forward primer, 0.4µl 

reverse primer and 9.2µl of the diluted cDNA sample. qRT-PCR was 

performed at program 40 x 2 step (95ºC for 15 sec and 72ºC for 60 seconds) 

cycles. For analysis, the 2-(ΔΔCt) method was used to measure relative 

expression of genes of interest normalised against 18S rRNA. qRT-PCR 

primers were designed as follow: 18S- AAACGGCTACCACATCCAAG 

(forward), CCTCCAATGGATCCTCGTTA (reverse); IL-1β- 

ATGATGGCTTATTACAGTGGCAA (forward), 

GTCGGAGATTCGTAGCTGGA (reverse); and IL8-

ACTGAGAGTGATTGAGAGTGGAC (forward), 

ACCCTCTGCACCCAGTTTTC (reverse). 
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2.5 Drop-seq (Chapters 5 and 6) 

Drop-seq is a droplet microfluidics-based approach, that is designed to 

capture and analyse mRNA transcripts from individual cells, at high-

throughput. We largely followed the methodology outlined by the McCaroll Lab 

in version 3.1 of the lab protocol and  computational analysis protocol version 

1.2 (Macosko et al., 2015).   

2.5.1 Overview of Drop-seq method 

Drop-seq setup requires three syringe pumps that will inject oil, cells and 

barcoded beads into a microfluidics device (Figure 2-3A). The microfluidics 

chip is placed under an inverted microscope connected to a monitor, so as to 

ensure correct flow of fluids through the chip. The Drop-seq system relies on 

the co-flow of two aqueous solutions- the cell and bead- suspensions, through 

a stream of oil (Figures 2-3A and 2-3B). This results in the encapsulation of 

cells and beads into a droplet (roughly 1nL in size). The beads are suspended 

in a cell lysis solution, which means that the cells lyse inside the droplet when 

they come in contact with the bead suspension. The formation of droplets 

greatly outnumbers the number of beads or cells passed through the 

microfluidics chip; increasing the likelihood of a single droplet containing zero 

or one cell and zero or one bead (Macosko et al., 2015).  

 

The Drop-seq beads are specially designed microparticles that have 

oligonucleotide sequences directly synthesised onto their surfaces (Macosko 

et al., 2015). The oligonucleotides on each bead consist of four distinct 

domains, each with a specific role: the PCR handle, the cell barcode, the 

unique molecular identifier (UMI) and the oligo dT (Figure 2-4).  The PCR 

handle sequence is identical on all the nucleotides on all beads and initiates 

PCR reaction further down the process. The cell barcode is a sequence that 

is unique to a particular bead, i.e. each bead will have a distinctive barcode on 

all of its primers. The cell barcode is used to ‘track’ the individual cell from 

which each mRNA originates. The UMI sequence is unique to each individual 

primer and is used to identify any PCR duplicates during analysis. PCR 

duplicates are a common occurrence during genomic amplification and the 
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use of tools such as UMIs are vital for removing any bias (Marx, 2017). Finally, 

the oligo dT is a repeat sequence of deoxythymidine (dT) nucleotides. The 

oligo dT sequence hybridises to the polyA tail found on the 3’-end of mRNA. 

This sequence is also used to initiate downstream reverse transcription.  

 

Once a cell and a bead are co-encapsulated inside a single droplet, the cell 

will lyse and release its mRNA, which hybridise to the oligo dT sequence on 

the Drop-seq beads. Once the droplets are broken, reverse transcription is 

primed to produce cDNA, with template switching. This produces STAMPs 

(single-cell transcriptome attached to microparticles), which are then amplified 

via PCR, ready for DNA library preparation and NGS. Using computational 

analysis, the cell barcode can be used to determine the cell each transcript 

originated from. 
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Figure 2-3 Overview of Drop-seq setup in the laboratory. A) Image of Drop-seq setup in the lab. Syringe pumps are used to co-flow bead- and cell aqueous suspensions 

through an oil channel in a microfluidics chip that can be viewed under an inverted microscope. A monitor was connected to the inverted microscope for easier assessment of 
Drop-seq run. B) Diagram of Drop-seq microfluidics chip designed by FlowJEM Polymer Microfluidic Technology source: http://webscientific.co.uk/genomics/drop-sequencing. 

The red square shows the interface where all three fluids intersect in the microfluidics chip, which is illustrated in diagram C) The bead and cell suspensions are co-flowed through 

an oil channel to form droplets encapsulating a single cell and bead.  

A)  B)  

C)  
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Figure 2-4 Illustration of Drop-seq bead structure. The Drop-seq beads consist of 

microparticles with nucleotides directly synthesis onto their surfaces. The nucleotides are made up of 

distinct domains namely the polymerase chain reaction (PCR) handle, cell barcode, unique molecular 

identifier (UMI) and oligo dT stretch.  

  



 

 84 

2.5.1.1 Drop-seq biochemistry overview 
The biochemistry of the Drop-seq procedure relies on the initial capture of the 

3’-end mRNA polyA-tail by the oligo dT sequence on the 5’-end of the Drop-

seq bead (Figure 2-5). Following droplet breakage, reverse transcription of the 

STAMPs is carried out, whereby the oligo dT sequence primes first strand 

synthesis. The terminal transferase activity of the MMLV reverse transcriptase 

enzyme adds three deoxycytidine bases on the 3’-end of the newly 

synthesised cDNA strand. Exonuclease I treatment then follows to degrade 

any of the bead oligonucleotides that did not capture any mRNA molecules. 

This is a vital step in preventing synthesis of PCR by-products. PCR 

amplification is then carried out with a template-switching oligo (TSO) with 

three riboguanosine (rG) bases at its 3’-end. The three C bases on the newly 

synthesised strand act as an anchoring site for the TSO primer, by binding to 

the rG bases. This results in template switching, whereby the reverse 

transcriptase begins reverse transcribing the second strand of cDNA. The 

resulting cDNA molecules are then amplified during PCR.  
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Figure 2-5 Schematic diagram illustrating the Drop-seq biochemistry. Polyadenylated 

mRNA is captured by a 30 nucleotide-long oligo dT stretch (T30) (1), priming first-strand synthesis- 

reverse transcription (2). At the end of the 3’-end of the newly synthesised cDNA strand, the reverse 

transcriptase adds three C bases (3), which act as an anchoring site for the TSO (template switching 

oligo) primer by binding to the three rG bases. This causes the reverse transcriptase to switch templates 

and begin reverse transcribing the new cDNA template. During PCR amplification, the strands are 

amplified from either end via the PCR handles (4). ‘C.B’ denotes cellular barcode.  
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2.5.2 Drop-seq wet-lab experimental methodology 

2.5.2.1 Preparing cell suspension 
Cells were washed twice with PBS-BSA buffer (0.01% w/v BSA Sigma-Aldrich 

dissolved in 1X Dulbecco’s PBS) at 300 x g and re-suspended in 1 ml of 1X 

PBS. The cell suspension was then passed through a 40µm filter (VWR) to 

remove any contaminants or cell aggregates. The cell suspension was 

thoroughly mixed and cell viability was assessed using the Trypan Blue assay 

as described in section 2.3.4. Three separate counts were performed to obtain 

a more accurate average cell concentration. Cells were diluted in PBS-BSA 

buffer at 0.22 x 10
-6 

cells/ml, in a total volume of 6ml (allowing for excess). The 

final cell concentration was verified twice by manual cell counting using the 

Trypan Blue assay. 

2.5.2.2 Preparing bead suspension 
The Macosko(V+) beads (ChemGenes Corporation) are supplied as a dry 

resin by the manufacturer. As per instructions by the McCaroll Lab, the dry 

resin was washed once in 30ml ethanol and twice in 30ml Tris-EDTA/Tween 

(TE-TW) buffer (10mM Tris pH 8.0, 1mM EDTA and 0.01% Tween-20), at 1000 

x g for 1 min (brake on). The beads are then re-suspended in 20ml TE-TW 

buffer and filtered using a 100µm strainer (VWR), before being manually 

counted on a Fuchs-Rosenthal haemocytometer (Labtech). The beads were 

then aliquoted in 300,000 beads/tube aliquots and stored at 4°C.   

For an experiment, an aliquot of the Macosko(V+) beads is removed from 4°C 

and gently agitated, to stir the beads in suspension. The bead suspension was 

then transferred to a 2ml tube and centrifuged at 1000 x g (brake on). After 

carefully removing the supernatant, the beads were re-suspended in Drop-seq 

cell lysis buffer (recipe per ml: 550µl nuclease-free water [ThermoFisher 

Scientific], 300µl 20% PM-400 [Sigma-Aldrich], 10µl 20% Sarkosyl [Sigma-

Aldrich], 40µl 0.5M EDTA [Life Technologies], 100µl 2M Tris pH 7.5 [Sigma-

Aldrich])  supplemented with 1M dithiothreitol (DTT) (50µl per ml; Sigma-

Aldrich), at a final concentration of 0.15 x 10
-6 

beads/ml.  
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2.5.2.3 Loading the oil and setting up the droplet outlet flow 
For the oil, a 10ml syringe (FisherScientfic) was used to load 10ml of QX-200 

EvaGreen oil (Bio-Rad). Holding the syringe vertically, any residual air was 

pushed out before affixing a 26G needle (FisherScientific) onto the syringe. 

Next, the oil syringe was fastened onto the syringe pump. The oil tubing was 

then primed by running the flow rate on a high setting (30,000 µl/hr) to expel 

any air out of the tubing. The pump was stopped once oil was seen dripping 

out of the tubing. The end of the oil tubing was then inserted onto the oil 

channel inlet on the microfluidics chip and placed on the stage of an inverted 

microscope. 

 

A separate piece of tubing was then cut and inserted onto the droplet outflow 

channel on the microfluidics chip. The free end of this piece of tubing was 

placed over a 50ml tube for droplet collection.  

2.5.2.4 Loading the bead and cell suspensions 
Two 3ml Luer-Lok syringes (FisherScientific) were prepared by removing the 

plungers and inserting a magnetic flea onto the syringes. The plungers were 

then re-inserted and pushed to release as much air as possible from the 

syringes. The bead and cell suspensions were then loaded onto each of the 

3ml Luer-Lok syringes and whilst in an upright position the plungers were 

gently pushed to release any excess air and bubbles.  

The magnetic stirrers were then switched on to ensure that the bead and cell 

suspension would be adequately mixed as soon as they were attached to the 

syringe pumps. 26G needles were then affixed onto each of the syringes, 

before attaching the syringes onto their respective syringe pump (with the 

bead syringe pump being placed vertically facing down). Tubing was then 

attached to each of the needles, and each tube was flushed to remove any air 

by running the pump on a high flow rate (30,000 µl/hr). The pumps were 

stopped once a small volume was seen dripping from the tubing. Next, the 

ends of each of the tubings were inserted onto their respective inlet channels 

on the microfluidics chip. 
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2.5.2.5 Settings for Drop-seq run 
The oil pump was set to run at a flow rate of 8,000 µl/hr while the bead- and 

cell pumps were run at 1,600 µl/hr. The order of starting the run was performed 

as follows: cells à beads à oil. The order of stopping the Drop-seq run was 

as follows: beads à cells à oil. This is to prevent any flowback from the bead 

channel into the cell channel, which would cause the cells to lyse before they 

were to reach the droplet-forming junction.  

2.5.2.6 Assessing droplet quality 
Before proceeding with downstream processing, we assess the quality of the 

droplets formed from each Drop-seq run. This was assessed by adding 17µl 

of QX-200 EvaGreen oil (Bio-Rad) into a Fuchs-Rosenthal haemocytometer, 

together with 3µl of bead suspension. The haemocytometer was then gently 

rocked to ensure even distribution of droplets across the chamber, before 

being observed under a microscope. Firstly, the uniformity of the droplets 

formed are assessed to determine whether any flow-rate-related issues have 

arisen during the course of the run. A run that has encountered any problems 

related to the flow of any of the inlets would produce droplets of varying sizes. 

Secondly, we count the number of droplets with single-bead occupancy 

(“singlets”) in comparison to multiple-bead occupancy (“doublets” or 

“multiplets”).  This is to ensure the consistency of the run and that the 

parameter settings are optimal for capturing majority singlets. As per Drop-seq 

protocol we rejected any samples that had a doublet rate of more than 5%.  

2.5.2.7 Droplet breakage 
After Drop-seq run completion, the droplets form in a layer above the oil at the 

bottom of the 50ml collection tube. The vast majority of the oil layer was 

carefully aspirated, leaving mostly droplets only. 30ml of 6X saline-sodium 

citrate (SSC) buffer (Sigma-Aldrich) was added to the droplets, followed by 

1ml perfluorooctanol (Sigma-Aldrich). The tube was then vigorously shaken 

by hand, in six forceful vertical motions, before being centrifuged at 1000 x g 

(brake on). After centrifugation, the beads settle in an interface between the 

remaining oil and the SSC buffer. The tube was placed on ice and a serological 

pipette was used to discard all but 2-3ml of the supernatant above the bead 
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interface. A further 30ml of 6X SSC buffer was added to the tube, to kick up 

the beads in suspension. The bead suspension was then transferred to a new 

50ml tube and spun down at 1000 x g (brake on). The supernatant was then 

aspirated and discarded, leaving roughly 1ml behind. The beads were then 

gently mixed into suspension and transferred to 1.5ml tube, before being 

centrifuged at 1000 x g (brake on) and discarding the supernatant. The beads 

were washed twice with 1ml 6X SSC buffer and once with 200µl Maxima 5X 

Reverse Transcriptase buffer (Thermo Scientific). The supernatant was 

carefully aspirated and discarded.  

2.5.2.8 Reverse transcription 
A 200µl reverse transcription (RT) mix was made using 75µl nuclease-free 

water (ThermoFisher Scientific), 40µl Maxima 5X RT buffer (ThermoFisher 

Scientific), 40µl 20% Ficoll PM-400 (Sigma-Aldrich), 20µl 10mM dNTPs 

(Clontech), 5µl RNase inhibitor (Cambridge Bioscience), 10µl 50µM TSO 

primer (Integrated DNA Technologies; 

AAGCAGTGGTATCAACGCAGAGTGAATrGrGrG) and 10µl Maxima H-

RTase (ThermoFisher Scientific). The RT mix was added to the beads and 

incubated at room temperature for 30 mins with rotation using a tube rotator, 

before being transferred to 42°C for 90 mins incubation (with rotation). The 

beads were then washed once with 1ml TE-SDS (10mM Tris pH 8.0, 1mM 

EDTA and 0.5% SDS), twice with 1ml TE-TW followed by once with 1ml 10mM 

Tris pH 8.0.  

2.5.2.9 Exonuclease I treatment 
A 200µl exonuclease I mix was prepared, containing 20µl 10X Exo I buffer 

(ThermoFisher Scientific), 170µl nuclease-free water (ThermoFisher 

Scientific) and Exo I (ThermoFisher Scientific). The exonuclease I mix was 

added to the beads and incubated for 45 mins at 37°C, with rotation. Beads 

were then washed once with 1ml TE-SDS, twice with 1ml TE-TW and once 

with 1ml nuclease-free water (ThermoFisher Scientific). The supernatant was 

carefully aspirated and discarded, before resuspending the beads in 1ml of 

nuclease-free water. 
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2.5.2.10 Bead counting 
The beads were gently and thoroughly mixed with a pipette to get an even 

suspension of beads. 20µl of bead suspension was then added to a Fuchs-

Rosenthal haemocytometer chamber.  Beads were counted under a 

microscope to calculate the concentration of beads. 

2.5.2.11 PCR amplification 
As was predicted in the original Drop-seq publication (Macosko et al., 2015), 

we assumed that ~5% of the droplets formed would contain STAMPs (i.e. one 

bead and one cell). Based on this assumption, we required a total of 80,000 

beads to achieve roughly 4,000 STAMPs for each Drop-seq run. The beads 

were apportioned into individual PCR tubes at 4,000 beads (i.e. ~200 

STAMPs) per tube.  

 

PCR tubes were spun down to pellet the beads and PCR mix was added to 

each individual tube. The PCR mix contained 24.6µl nuclease-free water 

(ThermoFisher Scientific), 0.4µl 100µM TSO PCR primer (Sigma-Aldrich; 

AAGCAGTGGTATCAACGCAGAGT) and 25µl Kapa HiFi Hotstart readymix 

(Roche). Tubes were thoroughly mixed by pipetting before proceeding to PCR 

amplification. PCR programme: 95ºC 3mins; 4 cycles (98ºC 20sec; 65ºC 45 

sec; 72ºC 3mins); 15 cycles (98ºC 20sec, 67ºC 20sec, 72ºC 3mins); 72ºC 

5mins and 4ºC hold.    

2.5.2.12 cDNA library purification 
Agencourt AMPure XP (Beckman Coulter) beads were used to perform PCR 

clean-up to remove any short contaminant cDNA fragments. AMPure XP 

beads are paramagnetic beads that bind to PCR amplicons ≥ 100bp.  

Each individual tube of PCR product was purified with 30µl AMPure XP beads 

(0.6X ratio) and thoroughly mixed. Samples were incubated for 5 mins at room 

temperature, before being placed on a tube magnetic separation rack for 2 

mins. 75µl of the clear supernatant containing contaminant cDNA fragments 

was aspirated and discarded, leaving the magnetic beads undisturbed. With 

the reaction tubes remaining on the magnetic separation rack, the PCR 

product bound to the magnetic beads were washed twice with 200µl of 70% 
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ethanol (v/v) and incubated at room temperature for 30 seconds. After each 

wash, the ethanol was carefully aspirated and discarded, removing any further 

contaminant cDNA fragments. The reaction tubes were then removed from the 

magnetic separation rack and 20µl of nuclease-free water (ThermoFisher 

Scientific) was added to each reaction tube, thoroughly mixed by pipetting at 

least 10 times and incubating for 2 mins at room temperature. The reaction 

tubes were then placed on the magnetic separation rack for 1 min to separate 

the beads from the solution. The eluate from each reaction tube was then 

transferred to a new tube. The purification process was repeated once more 

by adding 12µl of AMPure XP beads to achieve a 0.6X ratio and carried out 

as described above. The final PCR product was eluted in 10µl.  

2.5.2.13 cDNA library size analysis 
The sizes of the individual cDNA libraries were assessed on the Agilent 

Tapestation 4200 (Agilent Technologies), to ensure that the libraries were not 

fragmented. The cDNA libraries were expected to have an average size of 

800-1800bp.  

The cDNA library sizes were measured using the D5000 High Sensitivity kit 

and ScreenTape (Agilent Technologies). 2µl of the purified cDNA sample was 

used as input and mixed with 2µl of the D5000 sample buffer. A DNA ladder 

was also prepared by mixing 2µl of High Sensitivity D5000 ladder with 2µl of 

the sample buffer. All samples were vortexed to mix and analysed on the 

Agilent Tapestation 4200. 

2.5.2.14 cDNA concentration measurement 

cDNA library concentrations were measured on the QubitⓇ 2.0 fluorometer 

(ThermoFisher Scientific) using the Qubit double-stranded DNA High 

Sensitivity (dsDNA HS) assay kit (ThermoFisher Scientific). Qubit working 

solution was prepared by mixing dsDNA HS reagent at 1:200 in Qubit dsDNA 

HS buffer. The standards provided with the kit (0.2 and 100ng) were diluted to 

a working solution of 1:20 in a total volume of 200µl and assayed on the Qubit 

to construct a standard curve. The purified cDNA samples were diluted at 

1:200 in a total volume of 200µl and measured on the Qubit. 
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2.5.2.15 cDNA library tagmentation 
The Nextera XT DNA library preparation kit (Illumina) was used to prepare 

tagmented cDNA libraries. For each sample a total of 1ng of purified cDNA 

was combined from the individual PCR amplifications, in a total volume of 5µl 

nuclease-free water (ThermoFisher Scientific). 10µl of Nextera Tagmentation 

DNA buffer and 5µl of Nextera Amplicon Tagment enzyme was added to the 

purified cDNA sample and thoroughly mixed by pipetting. The mixture was 

then spun down to collect the solution from the sides of the tube and incubated 

for 5 mins at 55°C. Following incubation, 5µl of Nextera Neutralisation Buffer 

was added, mixed by pipetting and spun down. The solution was then left to 

incubate for 5 mins at room temperature. A PCR mix was prepared containing 

15µl Nextera PCR mix, 8µl nuclease-free water (ThermoFisher Scientific), 1µl 

of P5 SMART PCR hybrid primer (Sigma-Aldrich; 

AATGATACGGCGACCACCGAGATCTACACGCCTGTCCGCGGAAGCAGT

GGTATCAACGCAGAGT*A*C) and 1µl of the Nextera N70X oligo primer (as 

part of Nextera XT index kit, Illumina). The PCR mix was added to the cDNA 

mix and thoroughly mixed by pipetting and spun down, before proceeding to 

PCR. PCR programme: 95ºC 30sec; 12 cycles (95ºC 10sec; 55ºC 30sec; 72ºC 

30sec); 72ºC 5mins and 4ºC hold. 

 

Following tagmentation, the libraries would have been dual indexed with a 

standard P7 Nextera oligo and the Drop-seq custom P5 primer. Each 

individual sample was labelled with a unique standard P7 Nextera primer, so 

as to be able to distinguish between samples during NGS and demultiplexing.  
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2.5.2.16 Purification of tagmented cDNA library and library size 
analysis 

The tagmented cDNA libraries were then double purified with 0.6X Agencourt 

AMPure XP beads (Beckman Coulter) as previously outlined in section 

2.5.2.12. Final purified tagmented cDNA libraries were eluted in 10µl of 

nuclease-free water (ThermoFisher Scientific). The size of the purified 

tagmented cDNA libraries were analysed on the Agilent Tapestation 4200 

(Agilent Technologies) as outlined in section 2.5.2.13. The average cDNA 

library sizes were expected to be 450-680bp. The concentration of the purified 

tagmented cDNA libraries were then measured on the QubitⓇ 2.0 fluorometer 

(ThermoFisher Scientific) as per section 2.5.2.14.  

2.5.2.17 Estimating molarity of purified cDNA library 
The molarity of the purified cDNA libraries were estimated based on the 

average library sizes obtained from the Tapestation analysis and the 

concentration (in ng/µl) obtained from the Qubit analysis. This was calculated 

according to equation as follows: 
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10
6 
is the conversion factor 

660 gmol
-1 

is the molecular weight of a DNA base pair 

 

This gave a rough estimation of the molarity of the cDNA library sample before 

sending the samples for NGS. 

2.5.2.18 Sequencing 
We sequenced our samples with Novogene Co., Ltd (HongKong). The 

samples were sequenced on the Illumina HiSeq X platform at 150bp, paired-

end. Custom read 1 primer (Sigma-Aldrich; 

GCCTGTCCGCGGAAGCAGTGGTATCAACGCAGAGTAC) was supplied to 

Novogene. Raw data was provided from Novogene in FASTQ format.  
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2.6 Drop-seq data bioinformatics analysis (Chapters 5 and 6) 

The strategy for processing the Drop-seq raw data is summarised in Figure 2-

6.  

2.6.1 Pre-processing of raw sequencing data 

The quality of the sequencing data was assessed using FastQC (Andrews, 

2010). To solely retain the cell barcode and UMI information in the read 1 fastq 

files (i.e. the first 20bp), we used Trimmomatic (Bolger, Lohse and Usadel, 

2014) to trim the files. Any low-quality sequences were also trimmed using the 

Trimmomatic tool. Next, fastq files (read 1 and read 2) for each individual 

sample were converted to unaligned BAM file format using Picard 

FastqToSam (Broad Institute) version 1.122.  

2.6.2 Processing of Drop-seq sequencing data 

Following conversion of data to unaligned BAM files, next we processed these 

files on the Drop-seq tools pipeline software version 2.0.0 (28/09/2018) 

available on https://github.com/broadinstitute/Drop-seq/tags, conducted as 

outlined in the Drop-seq core computational protocol (version 2.0.0). The 

Drop-seq computational analysis software consists of a pipeline of programs 

designed to process Drop-seq data into digital expression (DGE) matrix files. 

DGE matrix files are constructed based on the number of unique UMIs per 

gene within each cell. To operate the Drop-seq software pipeline, we used 

Balena- the University of Bath’s high performance computing (HPC) system.  

 

For ease-of-use, Drop-seq tools provides a shell script that systematically 

invokes the individual programs in the pipeline. We executed this shell script 

for each individual sample to process the Drop-seq data. Briefly, the Drop-seq 

tools pipeline first runs ‘TagBamWithReadSequenceExtended’ to tag the BAM 

file with ‘XC’ to mark the cell barcode and ‘XM’ to mark the UMI. 

Simultaneously, the program also marks any bases of low quality (a score of 

< 10) with an ‘XQ’ tag. Using ‘FilterBam’ these low-quality bases are removed. 

Next, the clean-up programs ‘TrimStartingSequence’ (which removes any 5’ 

SMART adapter sequence from the reads) and ‘PolyATrimmer’ (which 
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removes any trailing polyA tails from the reads) are run. Having extracted the 

cellular/molecular barcodes from the reads and performed clean-up, the 

Picard program ‘SamToFastq’ (Broad Institute) is invoked to convert the BAM 

file back to FASTQ format, ready for alignment. Spliced Transcripts Alignment 

to a Reference (STAR) software (Dobin et al., 2013) was used to align the 

reads to the reference genome (GRCh38.93). Following alignment, the Picard 

program ‘SortSam’ (Broad Institute) was used to sort the alignment output 

(SAM file) according to “queryname” option and output a BAM file. The 

‘MergeBamAlignment’ program was then used to merge the aligned BAM file 

with the unaligned BAM file (that was previously tagged with the cell and 

molecular barcode tags). This is performed to retrieve any lost BAM file tags 

during alignment. The ‘TagReadWithGeneFunction’ program adds three tags 

for each read; ‘gn’ for gene name, ‘gs’ for gene strand and ‘gf’ for gene 

function. This information is derived from a GTF (gene transfer format) file that 

holds information about the gene structure. Finally, the Drop-seq pipeline 

executes the ‘DetectBeadSubstitutionErrors’ and 

‘DetectBeadSynthesisErrors’, to detect and correct for errors that may occur 

related to the synthesis of the Drop-seq beads. At the end of this Drop-seq 

pipeline, we end up with single-end reads that have had cell/molecular 

barcodes extracted, cleaned up and aligned, ready for DGE extraction.  

 

It is not efficient to run DGE for every cell barcode in a dataset as there will be 

a number of “empty” barcodes that would have been exposed to ambient RNA 

as opposed to real STAMPs having been formed. As such, the Drop-seq 

program ‘BamTagHistogram’ was run to extract the number of reads per cell 

barcode, by retrieving the ‘XC’ tag (i.e. the cell barcode tag). On the dropbead 

R library (Alles et al., 2017), the cumulative distribution of reads was plotted to 

estimate the number of STAMPs in the dataset. Based on the predicted 

number of STAMPs, this was inputted as an option to the Drop-seq program 

‘DigitalExpression’ program, to specify the number of cell barcodes to extract. 

‘DigitalExpression’ was run with the following options: 

 

--NUM_CORE_BARCODES (number of STAMPs predicted by dropbead) --

STRAND_STRATEGY  BOTH 
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Specifying the strand strategy as ‘both’, ensured that reads from both the 

sense and antisense reads were included in the analysis.  

 

 

Figure 2-6 Drop-seq computational analysis strategy. A flowchart summarising the 

computational strategy followed to process Drop-seq sequencing data.  Programs used to pre-process 

data encircled in red, before aligning data on Drop-seq tools programs encircled in green. Finally, post-

alignment (programs encircled in blue) DGE matrix constructed from aligned data.
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2.6.3 Drop-seq data analysis on Seurat 

Seurat R library version 3.1.5 was used to analyse Drop-seq data (Butler et 

al., 2018). 

2.6.3.1 Seurat analysis of THP-1 control sample 
A summary of the Seurat analysis strategy for the THP-1 control sample is 

summarised in figure 2-7. R script included in Appendix IV.

 

Figure 2-7 Summary of Seurat analysis strategy for THP-1 control sample. A flowchart 

summarising the analysis strategy adopted on Seurat to analyse the THP-1 control sample. 
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2.6.3.2 Seurat analysis of aligned and integrated THP-1 samples 
dataset 

The sequencing data for the THP-1 control, Dex-, LPS-, and Dex/LPS-

stimulated samples, were aligned and integrated on Seurat to carry out 

comparative analysis (Stuart, T. et al., 2019). A summary of the Seurat 

analysis strategy for the aligned and integrated dataset is summarised in figure 

2-8. R script included in Appendix V. 

 

Figure 2-8 Summary of Seurat analysis strategy for integrated/aligned THP-1 datasets. A 

flowchart summarising the analysis strategy adopted on Seurat to align and integrated THP-1 datasets 

for comparative analysis.  
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2.6.3.3 Seurat analysis of aligned and integrated ankylosing 
spondylitis, psoriatic arthritis and healthy control samples 

The sequencing data for the AS, PsA and HC samples were also aligned and 

integrated on Seurat to carry out comparative analysis. A summary for this 

analysis strategy is summarised in figure 2-9. R script included in Appendix III.  

 

Figure 2-9 Summary of Seurat analysis strategy for integrated/aligned ankylosing 

spondylitis, psoriatic arthritis and healthy control PBMC samples. A flowchart summarising the 

analysis strategy adopted on Seurat to align and integrate AS, PsA and HC PBMC samples for 

comparative analysis.  
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3.1 Abstract  

Objective: Inflammation of synovial tissue (synovitis) is a hallmark of 

osteoarthritis (OA) pathogenesis and is pronounced in obese individuals. The 

aim of this study was therefore to perform single-cell RNA-sequencing 

(scRNA-seq) analysis of synovial fibroblast isolated from the hip of OA patients 

who were either obese or normal-weight to identify specific fibroblast subsets 

that exhibit disease-associated inflammatory functions. 

 

Method:  Synovial joint tissue was obtained from n=4 obese hip OA patients 

(BMI >30) and n=4 normal-weight hip OA patients (BMI 18.5-24.9) who were 

undergoing elective joint replacement surgery.  scRNA-seq was performed 

using Chromium 10X and analysed using Seurat and Monocle.  

 

Results:  scRNA-seq identified eight OA synovial fibroblast clusters, with 

distinct differences between obese and normal-weight patients.  Fibroblast 

clusters in obese OA patients highly expressed gene signatures related to 

immune cell regulation, fibrosis and inflammatory signalling, including 

Chitinase3-like 1 (CHI3L1), CXCL12, osteonectin (SPARC), SMOC2 and 

Galectin-1 (LGALS1). Pseudotemporal expression dynamics demonstrated a 

transition in the expression of the transcriptional regulator MYC and Inhibin A 

in normal-weight clusters, and the expression of FOS and CHI3L1 in obese 

fibroblast clusters. Analysis of fibroblast conditioned media showed that obese 

OA fibroblasts secreted significantly greater amounts of CHI3L1, whilst 

normal-weight fibroblasts secreted greater amounts of Inhibin.   

 

Conclusion: This study is the first to identify differences in synovial fibroblast 

populations between obese and normal-weight patients with hip OA using 

scRNA-seq.  Obese OA specific subsets may mediate increased joint 

inflammation in these patients and could provide a rationale for the therapeutic 

targeting of these subsets in this patient population. 
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3.2 Introduction 

Osteoarthritis (OA) has historically been considered a non-inflammatory joint 

disorder unlike rheumatoid arthritis (RA), where inflammation of the synovial 

joint lining (synovitis) is accepted as a driver of disease pathology (1). 

However, now there is increasing evidence that synovitis is a significant driver 

of OA joint pathology by promoting matrix metalloprotease (MMP) and 

aggrecanase induced cartilage damage and increasing joint pain (2-5). OA 

synovitis is evidenced at every stage of OA pathogenesis and has been shown 

histologically and by MRI, with hyperplasia of the synovial lining (6, 7), 

increased cellular infiltration of activated B-cells and T-lymphocytes (8, 9) and 

the expression of pro-inflammatory cytokines (10, 11).  The presence of 

synovitis at the early stages of OA in patients with minimal radiographic signs 

of cartilage loss (12), suggests that targeting synovitis may represent an 

opportunity for early therapeutic intervention.  Despite this evidence, clinical 

trials in OA patients with anti-inflammatory drugs have disappointed.  This may 

in part be due to the wrong biological targets and pathways being 

therapeutically targeted.  However, synovitis in OA patients is highly 

heterogeneous (11) and patients for such clinical studies are not selected on 

the basis of having overt synovitis (2).  Therefore, the failure may also be due 

to the lack of careful patient stratification.   

 

Studies in RA patients have established that the inflammatory status of the 

synovial joint lining tissue is reflected in the imprinted phenotype of the 

synovial fibroblasts, which maintain a stable phenotype in culture (13) and 

epigenetic modifications such as DNA methylation (14). The heterogeneity of 

inflammatory synovial tissue being reflected in synovial fibroblasts as a stable 

trait has led to much focus on the role of synovial fibroblasts in mediating joint 

inflammation. Inflammation is also associated with obesity which is a well-

established risk factor of OA and has more recently been correlated with 

incidence of hip OA (15, 16).  A 5-year study analysed the effects of BMI on 

the incidence of hip OA diagnosis to find 93% of 8,141 obese individuals were 

routinely diagnosed with hip OA irrespective of age (16). Additionally, we 

recently found that synovial fluid from hip OA patients who are obese contains 
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greater amounts of pro-inflammatory cytokines, including IL6, CXCL8 and 

TNFα, than synovial fluid from patients considered normal weight with hip OA 

patients (10), and that this increased inflammation was attributed to the 

inflammatory transcriptome of the obese OA synovial fibroblasts (4). 

Determining the nature of this inflammatory obese OA synovial fibroblast 

phenotype may help to better stratify OA patients for clinical trials and identify 

targets for the development of new therapeutics. Importantly, recent findings 

have now demonstrated that there are functionally distinct populations of 

synovial fibroblasts present in RA patients (17), which differentially contribute 

to the severity of arthritis (18). RA enriched fibroblast subsets include those 

that proliferate and secrete proinflammatory cytokines and those that are 

chemokine secreting immune-inflammatory regulators (17, 18). Identification 

of such subsets in OA may be pivotal in patient stratification with respect to 

synovitis and the development of targeted therapies. Therefore, the aim of this 

study was to perform single-cell RNA-sequencing (scRNA-seq) analysis of 

synovial fibroblasts from hip OA patients who are either obese or of normal-

weight in order to identify specific fibroblast subsets that may exhibit 

pathological inflammatory functions.   
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3.3 Methods 

Patient characteristics 

Patient recruitment and sample collection was approved by the UK National 

Research Ethics Committee (NRES 16/SS/0172).  Hip OA patients who were 

either obese (BMI > 30; n=4) or of normal-weight (BMI 18.5-24.9; n=4) and 

were scheduled for elective joint replacement surgery at the Royal 

Orthopaedic Hospital, Birmingham (United Kingdom) were recruited to the 

study.  Synovial joint tissue was collected peri-operatively and used to isolate 

primary synovial fibroblasts. Patient characteristics are summarised in Table 

3-1. 

 

Primary synovial fibroblast isolation and culture 

Synovium tissue was prepared as previously described (4, 13, 14). Briefly, 

synovial fibroblasts were cultured from diced synovial tissue in RPMI 1640 

supplemented with 10% FCS, 5% non-essential amino acids, 5% L-glutamine, 

5% sodium pyruvate and 1% penicillin/ streptomycin (Sigma Aldrich). 

Passaged fibroblasts from P2 to P4 where harvested for single-cell RNA 

sequencing at 70-80% confluence.  

 

3’-end single-cell RNA sequencing and raw data processing  

scRNAseq analysis (Chromium 10X, Genomics Facility, University of 

Birmingham) was performed on a total of ~2666 synovial fibroblasts from n=4 

obese and n=4 normal-weight OA patients, representing ~333 cells/patient.  In 

brief, individual cells were partitioned into nanolitre-scale Gel Bead-In-

Emulsions (GEMs) such that reverse transcription produced specific bar-

coded cDNA for each cell.  Following cDNA amplification, single cell 3’ cDNA 

libraries were constructed and sequenced using the Nextseq 500 (Illumina) 

platform. Libraries were pooled together and sequenced across four lanes, at 

an average read depth of 60,000 reads/cell. CellRanger version 3.0.1 was 

used to demultiplex the raw data and map to the hg38 reference genome 

(GRCh38.93). 

 

 



 

 107 

Data processing and analysis 

Sequencing data was quality controlled and analysed using Seurat version 

2.3.4 software (https://satijalab.org/seurat/). Datasets were merged, and low 

quality cells or doublets were filtered out by excluding cells that expressed > 

6,100 genes/ cell and > 20% mitochondrial gene expression (vast majority of 

cells showed <10% mitochondrial gene expression, but a higher cut-off was 

used to avoid overly stringent criteria). Technical noise was accounted for by 

scaling data based on nUMI and percentage of mitochondrial genes. 2,443 

cells remained post QC filtration. Lineage marker analysis as detailed by 

Mizoguchi et al., 2018 was used to confirm that cells were strictly a 

homogenous fibroblast population (17). Data was subjected to global-scale 

normalisation and was log-transformed. Highly variable genes were identified 

and used to perform principal component analysis (PCA). Using the top 15 

PCs, t-distributed stochastic neighbour embedding (t-SNE) analysis was 

performed to cluster the cells, with a resolution of 0.6.  

 

Pseudotime analysis 

Monocle version 2.9.0 was used to analyse pseudotime trajectories 

(http://monocle-bio.sourceforge.net/). Briefly, data normalisation and variance 

estimation was carried out. Genes used for pseudotime ordering were 

selected based on differentially expressed genes that are expressed by at 

least 10 cells and with a q-value of < 0.01. Using the DDRTree method, the 

dimensionality of the data was reduced and cells were ordered in pseudotime. 

 

Pathway Analysis 

Differentially expressed genes from each synovial fibroblast cluster (>1.5 fold 

change, p<0.05, adjusted p value) were analysed using Ingenuity Pathway 

Analysis (www.ingenuity.com) software. In brief, a core functional analysis 

was performed to identify canonical pathways, predicted upstream regulators 

and gene networks most significantly associated with the differentially 

expressed genes within each cluster subset. The significance of the 

association of a given canonical pathway with the genes within a given subset 

was measured in two ways. Firstly, by the ratio of the number of differentially 

expressed genes in the dataset that mapped to the canonical pathway divided 
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by the total number of genes that map to the canonical pathway. Secondly, 

Fisher's exact test was used to calculate a p-value of the association between 

the genes and the network/canonical pathway. The pathways were ranked 

according to z-score.  

 

Quantification of CHI3L1 and INHBA by Multiplex bead assay 

The concentrations of CHI3L1 and Total Inhibin in cell supernatants were 

determined using multiplex technology (Luminex® Screening Assay, R&D 

Systems). Multi-plex analysis was performed according to the manufacturer’s 

instructions and concentrations analysed using a Luminex® 200™ instrument 

(Luminex® Corporation, Austin, Texas, USA). 

 

Statistical Analysis 

Statistical analysis was performed using Graph Pad Prism version 5.03. The 

Mann-Whitney U test was used to compare the Luminex data for CHI3L1 and 

Total Inhibin between obese and normal weight fibroblast conditioned media.  

Data is presented as median from n=4 patients per group, with statistical 

significance determined to be p<0.05. The 95% confidence intervals (CI) were 

calculated based on the Hodges-Lehmann method.  
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3.4 Results 

scRNAseq identifies specific fibroblast subsets oaip in obese hip OA 

synovial fibroblasts 

To determine whether previously reported differences in inflammatory 

phenotype between fibroblasts from hip OA patients who were obese and 

normal-weight (4, 10) was driven by a specific cellular phenotype, 10X 

chromium scRNA-seq was performed on synovial fibroblasts. Synovial tissue 

was collected peri-operatively from hip OA patients undergoing total hip 

arthroplasty at The Royal Orthopaedic Hospital, Birmingham (UK). BMI was 

determined using height and weight measurements for individuals who were 

obese (BMI > 30; n=4) or of normal-weight (BMI 18.5-24.9; n=4). Samples 

were age and sex matched where possible with all study participants having a 

mean age of 64 years (Table 1). A total of 2,666 human OA synovial fibroblasts 

from 8 hip OA patients who were either obese or normal-weight were pooled 

and sequenced to a read depth of 60,000 reads/cell. Following quality control 

and normalisation of the raw data 2,443 cells remained. Principal component 

analysis (PCA) was carried out based on the 625 highly variable genes 

identified in the dataset. The most significant principal components (top 15 

PCs) were used for downstream t-Distributed Stochastic Neighbour 

Embedding (t-SNE) analysis. This revealed eight fibroblast subsets defined by 

specific transcriptomic profiles (Figure 1A, 1B), with clusters 0, 4, 5, 6 and 7 

present in the hip of obese OA patients, and clusters 1, 2 and 3 found in 

normal-weight OA patients. The fibroblast compositions of these clusters 

included 510 cells in cluster 0 ( 98.6% OB), 369 cells in cluster 1 (100% NW), 

357 cells in cluster 2 (96.1% NW), 307 cells in cluster 3 (99.3% NW), 306 cells 

in cluster 4 (95.4% OB), 211 cells in cluster 5 (99.1% OB), 195 cells in cluster 

6 (99.5% OB) and 188 cells in cluster 7 (87.2% OB), The cells in each cluster 

show distinct gene expression patterns which define each population, as seen 

in the expression heatmap of the top 10 genes in each cluster (Figure 1C) and 

detailed in Supplementary Table 1 [Appendix XIV].  
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Normal Weight 
(BMI 18.5- 24.9) 

Obese 
(BMI> 30) 

 Number of patients 4 4 

Anthropometric 
data 

Age (years) 64.3 ± 5.3 64 ± 4.5 

Sex (female) 2 3 

BMI (kg/m2) 23.7 ± 0.4 33 ± 1.5 

Waist Circumference 
(cm) 

84.6 ± 4.9 111.8 ± 2.5 

Hip Circumference (cm) 88.6 ± 5.7 114.8 ± 3.1 

WHR 0.97 ± 0.10 0.98 ± 0.14 

Passage 
2x P3 

2x P4 

3x P2 

1x P4 

Osteoarthritis 
Severity 

Joint Space (mm) 0.2 ± 0.17 0.5 ± 0.29 

KL Grade (median) 3.5 (IQR 3-4) 3.5 (IQR 3-4) 

I 0 0 

II 0 0 

III 2 2 

IV 2 2 

 

Table 3-1.                Patient characteristics. Anthropometric and osteoarthritis scores from obese OA 

(n=4), normal-weight OA (n=4).  Data are mean ± SD unless otherwise stated.  WHR=waist:hip 

circumference ratio.  KL= kellgren-Lawrence grade and is shown both as median with 25th and 75th 

percentile interquartile range (IQR) and as the % of patients with KL grade I-IV.   



 

 111 

 
Figure 1  Single cell RNA-sequencing identifies distinct synovial fibroblasts subsets in obese and normal-weight OA patients. (A) t-SNE plot of synovial 
fibroblast scRNAseq data showing 8 fibroblast subsets.  (B) t-SNE plot showing the separation between fibroblasts from normal-weight OA patients and fibroblasts from obese 
OA patients. (C) Heatmap showing the z-score average gene signature expression of the top 10 most differentially expressed genes within each of the 8 synovial fibroblast 
cluster. 
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Obese hip OA fibroblasts are associated with specific inflammatory 
fibroblast subsets 
To functionally characterise each cluster, we next examined the most 

differentially expressed gene profiles within each cluster (>1.5 fold change, 

p<0.05) using Ingenuity Pathway Analysis software. Core functional analyses 

was performed to identify canonical pathways associated with differentially 

expressed genes defining the unique transcriptomic profile of each cluster. 

Thus, the clusters were functionally assigned into four groups, namely 

“activated fibroblasts”, “stressed/arresting fibroblasts”, “proliferating 

fibroblasts” and “immune cell recruiters” based on the canonical pathways 

identified. Notably, “activated fibroblasts” (clusters 4 and 6) and “immune cell 

recruiters” (clusters 5 and 7) described transcriptome profiles predominate in 

obese OA clusters only.  In contrast, the “stressed/arresting” fibroblast profiles 

(cluster 1 and 3) were only present in normal-weight fibroblasts. “Proliferating” 

fibroblasts were present in fibroblasts from both obese and normal-weight OA 

patients although these were defined by different differentially expressed gene 

profiles (Figure 2A, 2B).    
 

t-SNE and violin plots featuring gene expression (Figure 2C) showed that 

“activated fibroblasts” had gene expression signatures associated with the 

production, maintenance and rearrangement of the extracellular matrix 

including collagens (COL1A1, COL1A2), the collagen-binding matrix protein 

osteonectin (SPARC), tumour necrosis factor-inducible gene 6 protein 

(TNFAIP6) and osteonectin related protein (SMOC2) (Figure 2C and 

Supplementary Figures 5 & 7 [Appendix X and Appendix XII]). The “immune 

cell recruiters” subset consisted of genes associated with the activation and 

recruitment of leukocytes, neutrophils and monocytes, with high expression of 

genes that mediate inflammation and innate immune responses including 

Chemerin (RAES2), Chitinase3-like 1 (CHI3L1), SFRP1, Thy1 (CD90), SFRP4 

and Galectin-1 (LGALS1) (Figure 2C and Supplementary Figures 6 & 8 

[Appendix XI and Appendix XIII]). Normal-weight fibroblasts were largely 

represented by gene signatures involved in apoptosis and cellular stress 

response, with high expression of SERPINF1, CLU, DNAJB1 and 

HSPA1A/HSPA1B (Figure 2C and Supplementary Figures 2 & 4 [Appendix VII 
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and Appendix IX]). Fibroblasts that were functionally defined as “proliferating” 

were present in both normal weight (cluster 2; LUM, INHBA and ELN 

expressing) and obese (cluster 0; BGN, CTGF and CXCL12 expressing) 

patients, defined by different transcriptomic profiles (Figure 2C and 

Supplementary Figures 1 & 3 [Appendix VI and Appendix VIII]).
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Figure 2  Functional 
analysis of OA synovial 
fibroblast cellular subsets. 
(A) Significant biological 
processes for each cluster. 
Differentially expressed genes 
were analysed using Ingenuity 
Pathway Analysis software. 
The significance of the 
association of a given disease 
function with the genes within a 
given subset was measured in 
two ways. Firstly, by the ratio of 
the number of differentially 
expressed genes in the dataset 
that mapped to the 
diseases/function divided by 
the total number of genes 
associated with that function. 
Secondly, Fisher's exact test 
was used to calculate a P-value 
of the association between the 
genes and the disease function. 
(B) Clusters were assigned 
functional phenotypes based 
on the functional pathways 
identified in the IPA analysis.  
(C) FeaturePlots displaying 
expression of cluster specific 
markers on the t-SNE map 
along with violin plots showing 
the expression levels (y-axis) of 
these markers for each cluster 
(x-axis). Additional enriched 
genes are detailed in 
Supplementary Figures 1-8.  
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Switch in transcriptional regulators and inflammatory mediators in 
fibroblasts transitioning from normal weight to obese OA patients 
Next, we computationally ordered the cells along pseudotime trajectories 

using Monocle to investigate the transitional path from the phenotypic 

transcriptome profile of normal-weight clusters to obese fibroblast clusters 

(Figure 3A). We performed pseudotemporal expression dynamics on specific 

differentially expressed genes between normal-weight and obese fibroblasts 

to visualise their expression during transition in pseudotime. Amongst these 

genes, we observed a striking transition in the expression of the transcriptional 

regulators MYC and FOS (Figure 3B). The pro- AP-1 heterodimer, FOS, was 

predominately expressed in obese clusters (Figure 3C).  Similarly, 

pseudotemporal expression dynamics was performed to visualise the 

transition in the expression of INHBA, found in normal-weight clusters, and the 

expression of CHI3L1, present in the obese clusters (Figure 3B, 3C). Since 

the gene products of INHBA (Inhibin) and CHI3L1 (Chitase3-like 1) are 

secreted proteins detected in joint synovial fluid we examined whether their 

differential expression in normal-weight and obese fibroblasts was reflected in 

the concentration of their secreted proteins in synovial fibroblast conditioned 

media. In line with the mRNA expression, synovial fibroblasts from four obese 

patients secreted significantly greater amounts of Chitinase3-Like-1 (229,534 

pg/ml, 95% CI = 123735-335335 vs 49497 pg/ml, 95% CI = -15385-114352, 

p<0.05) and significantly lower amounts of Inhibin (20.61 pg/ml, 95% CI = 

20.16-21.22 vs 63.79 pg/ml, 95% CI = 18.82-108.7, p<0.05), compared to 

synovial fibroblasts from four normal-weight patients (Figure 3D).
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Figure 3  Expression dynamics 
of OA synovial fibroblasts in 
pseudotime transitioning from normal 
weight to obese patients.  (A) Monocle 

pseudotime trajectory of OA synovial 
fibroblasts modelling the transition from 

normal weight to obese phenotype (left 

panel). The trajectory is overlaid with 
cluster (middle panel) and sample 

distribution (right panel). Cells are 

ordered in pseudotime based on 
differentially expressed genes (q-value < 

0.01). (B) Expression of transcriptional 

regulators MYC and FOS, and secretory 
factors INHBA and CHI3L1 along the 

pseudotime axis overlaid with 

representation of clusters (left) and 

sample distribution (right) (C) 
FeaturePlots displaying cluster specific 

expression of MYC, FOS, INHBA and 

CHI3L1 on the t-SNE map along with 
violin plots showing the expression levels 

(y-axis) of these markers for each cluster 

(x-axis). (D) Median concentrations of 
INHBA and CHI3L1 in 24-hour 

conditioned media from normal-weight 

and obese OA synovial fibroblasts by 
Luminex. Bars represent median 

concentration in pg/ml from n=4 patients 

per cohort. 
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3.5 Discussion 

There is increasing evidence that synovitis is a significant driver of OA joint 

pathology by promoting cartilage damage and increasing joint pain. Despite 

efforts, the heterogeneous nature of OA has proven to be a challenge for 

clinical trials and the discovery of successful therapeutic treatments (2, 11). 

Importantly, some OA patients exhibit highly inflammatory synovial fluid 

profiles, not dissimilar to that found in RA patients (11).  We have previously 

reported that the joint lining synovial fibroblasts exhibit a more inflammatory 

phenotype in obese hip OA patients, compared to normal-weight patients, 

suggesting that obesity is a critical factor in the heterogeneity of OA joint 

inflammation. This study is the first to utilise single-cell RNA-sequencing to 

address this heterogeneity by identifying differences in synovial fibroblast 

subsets between obese and normal-weight patients with OA of the hip. Our 

analysis has identified the existence of eight synovial fibroblast transcriptomic 

profiles, which can be characterised into four different functional groups.  

Furthermore, we find that the presence and predominance of these subsets is 

distinctly different in obese hip OA patients compared to normal-weight 

patients. 

 

Obesity is a known risk factor for the development of OA in both weight bearing 

and non-weight bearing joints (19, 20), suggesting that its effects on OA are 

not solely due to increased load on the joint. Evidence suggests that 

dysregulation of hormones and cytokines in obese individuals is a significant 

driver of obesity-related OA pathogenesis (21). For example, we have 

reported that the obesity-associated adipokine leptin enhances IL-6 release 

from OA synovial fibroblasts (10). Notably, the present study has revealed that 

synovial fibroblasts from obese hip OA patients exhibit unique transcriptome 

profile associated with innate immune cell activation, which are not present in 

the normal-weight hip OA patients.  These fibroblasts exhibited high 

expression of several innate immune regulator genes including Chemerin 

(RARRES2), Galectin-1 (LGALS1), THY1, Chitinase3-like-1 (CHI3L1) and 

CYTL1. High expression of CHI3L1 is particularly noteworthy as it has been 

associated with several inflammation-related illnesses including type II 
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diabetes (22), inflammatory bowel disease (23) and RA (24, 25). CHI3L1 is a 

known autoantigen in RA (26) and is reported to promote inflammation (24) as 

well as mediate cartilage degradation and remodelling (25, 27). Moreover, 

secretion of CHI3L1 is known to modulate macrophage recruitment as well as 

the recruitment and differentiation of T cells (24, 27), supporting the immune 

regulatory phenotype of obese OA synovial fibroblast clusters. Importantly, we 

report here that our obese OA synovial fibroblasts secrete significantly greater 

amounts of CHI3L1 compared to normal-weight fibroblasts, suggesting that 

this pro-inflammatory mediator could play an important role in contributing to 

greater joint inflammation in obese OA patients. Interestingly, CHI3L1 has 

been established as a biomarker of RA disease activity (28), taken with our 

findings here, this glycoprotein could also serve as a patient stratification aid 

to identify those obese OA patients with overt synovitis for more targeted and 

aggressive therapies. 

 

Our finding that obese OA fibroblasts exhibit distinct transcriptomic profiles 

associated with inflammatory and innate immune cell signalling pathways 

provides some similarity to subsets of fibroblasts reported in patients with RA. 

Chronically activated fibroblast subsets in RA contribute to matrix degradation 

and cartilage destruction (17, 18). In the present study we have associated 

these same functions to fibroblast subsets that are specific to obese OA 

patients (clusters 4 and 6). Our ‘activated fibroblast’ subset is defined by 

increased expression of fibrotic response genes osteonectin (SPARC) and 

SMOC2, consistent with chronic inflammatory diseases (29, 30). During 

fibrosis, increased expression of osteonectin is accompanied by collagen 

deposition. In line with this, the ‘activated fibroblast’ subsets express several 

collagens at high levels including COL1A1, COL1A2 and COL15A1.  

Additionally, the obese OA specific clusters 5 and 7, which express several 

genes involved in the activation and recruitment of immune cells, are 

reminiscent of ‘immune-effector fibroblasts’ reported in RA which produce 

cytokines and chemokines to regulate and recruit immune cells (18).  Indeed, 

we have previously reported that obese OA synovial fibroblasts are more 

inflammatory by nature as compared to normal-weight OA fibroblasts (4). The 

results of this present study go further to establish the presence of heterogenic 



 

 119 

fibroblast populations with exclusive expression profiles in obese OA 

synovium which may be responsible for the inflammatory phenotypes 

previously described. These findings not only establish a population of 

inflammatory fibroblasts which exacerbate synovitis in obese OA patients but 

together may suggest that obese OA exhibits some similarities to RA joint 

inflammation. More work is required to fully establish the abundance of these 

subsets and their localisation within the synovium tissue. Especially as there 

is exciting potential for the stratification of OA patients for clinical studies as 

well as the possibility of repurposing therapeutics for OA. 

 

Interestingly, normal-weight synovial fibroblast populations were 

characterised as being largely involved in mediating apoptosis and necrosis 

processes. This is in keeping with our previous reports where we found 

normal-weight OA synovial fibroblasts to have a lower proliferative capacity 

than obese OA synovial fibroblasts (4). Necrotic cells are known to trigger 

rapid inflammatory responses due to their loss of membrane integrity upon 

swelling and the leaking of their cellular contents (31, 32). Indeed, in RA it has 

previously been hypothesised that necrotic cells within the synovial fluid can 

activate synovial fibroblasts through Toll-like-receptor signalling leading to the 

up-regulated expression of pro-inflammatory cytokines and chemokines (33, 

34). Taken together these results suggest that synovial fibroblasts from 

normal-weight OA patients may utilise alternative pathways to mediate 

inflammation in the joint. Indeed, further work is required to establish the 

significance of the presence and function of these subsets in normal-weight 

OA patients.  

 

By performing pseudotime trajectory analysis, we could study the gene 

expression dynamics between the normal-weight and obese phenotypes. This 

revealed a striking switch in the expression of the transcriptional regulators 

between MYC in normal-weight synovial fibroblast clusters to FOS in obese 

clusters. MYC is reported to regulate RA synovial fibroblast proliferation and 

invasiveness (35), and is known to regulate apoptosis in rodent fibroblasts (36) 

which is in keeping with the apoptosis pathways established in our normal-

weight OA synovial fibroblasts.  Additionally, many pro-inflammatory cytokines 
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and MMPs are transcriptionally regulated by FOS/AP-1, influencing joint 

destruction in RA (37), which also further supports the phenotypes we have 

identified here in the ‘activated’ and ‘immune-cell recruiter’ fibroblast subsets 

in obese OA. Furthermore, a diet-induced weight-loss study has demonstrated 

an interesting regulatory switch from NFKB1, an upstream regulator of FOS, 

to MYC/MAX following weight loss (38). These findings may indicate that there 

is an adiposity related regulatory switch involving these two transcription 

factors which occurs in OA synovial fibroblasts upon weight gain and may 

regulate the inflammatory phenotypes seen in these patients. 

The key strength of single-cell RNA sequencing approaches lies in the ability 

to identify differences at an individual cellular level that can be masked at the 

population level through bulk approaches. This approach also enables a 

hypothesis-free approach to determine similarities and differences between 

cells based not on any one pre-defined biomarker but on their individual 

transcriptome profiles. The fibroblast subsets described in this study are thus 

defined by transcriptome profiles where groups of genes are expressed to a 

similar degree within that subset population compared to all the other cells. 

Critically, they are not differentiated by one individual gene that could then be 

validated at a protein level. Here in lies one of the challenges of this study as 

it has proven difficult to perform validation techniques such as 

immunohistochemistry, RNAscope and FISH which are limited by the number 

of probes that could be detected simultaneously. In this study, the 

transcriptome profiles described consists of several genes behaving in a 

similar manner. These genes are by no means exclusive to each population 

but are differentially expressed as a group of genes which constitutes the 

transcriptional profile of that population against all other cells. As such there is 

a pressing need for validation techniques to meet the demands of high-

throughput approaches. 

 

In summary, these findings demonstrate for the first time the existence of 

multiple heterogeneous synovial fibroblast subsets, with distinct differences 

between OA patients who are normal-weight and those who are obese.  The 

high expression of CHI3L1 in specific obese OA synovial fibroblast subsets 

may provide a means to identify and stratify patients with overt synovitis for 
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clinical trials. Interrogation of obese specific synovial fibroblast subsets and 

the transitional switch between MYC and FOS may lead to the identification of 

novel targets for the development of therapeutics. Additionally, these obese 

specific subsets may mediate increased joint inflammation in obese OA 

patients, and could provide a rationale for the therapeutic targeting of specific 

fibroblast pathotypes in this patient population. 
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4.1 Abstract  

Background Synovial inflammation is associated with pain severity in patients 

with knee OA. The aim was to determine in a population with knee OA, 

whether synovial tissue from areas associated with pain exhibited different 

synovial fibroblast subsets, compared to synovial tissue from sites not 

associated with pain. A further aim was to compare differences between early 

and end-stage disease synovial fibroblast subsets.  

 

Methods Patients with early knee OA (n=4) and end-stage knee OA (n=4) 

were recruited, scheduled for arthroplasty. Patient-reported pain was recorded 

by questionnaires and an anatomical knee pain map. T1-weighted MRI axial 

and sagittal sequences were analysed and scored for synovitis. Synovial 

tissue was obtained from the medial and lateral of infrapatellar and 

suprapatellar sites. Fibroblast single-cell RNA sequencing was performed 

using Chromium 10X and analysed using Seurat. Transcriptomes were 

functionally characterised using Ingenuity Pathway Analysis. The presence of 

synovial fluid cytokines were determined by proteome profiler.  

 

Findings Parapatellar synovitis was significantly associated with increased 

OA pain perception. scRNA-seq identified 7 transcriptionally distinct 

parapatellar synovial fibroblast subsets, with distinct differences in the 

predominance of clusters between OA disease stage and the presence of pain 

in early OA. Functional pathway analysis revealed that fibroblast subsets from 

early OA painful sites include subsets that mediate immune cells recruitment 

and promote the formation and development of neurites. The secretome of 

fibroblasts from early OA painful sites induced neurite outgrowth in dorsal root 

ganglion neurons. 
 

Interpretation OA disease progression and the presence of pain in early OA 

is associated with different synovial fibroblast pathotypes. Further 

interrogation of these pathotypes will increase our understanding of the role of 

synovitis in OA joint pain and provide a rationale for the therapeutic targeting 

of fibroblast subsets to alleviate pain in patients.  
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4.2 Introduction 

Joint pain in osteoarthritis (OA) is a leading cause of disability and shortening 

of adult-working life 1. Despite the significant impact on quality of life, the 

effective alleviation of joint pain remains elusive since generic analgesics 

provide minimal relief and are associated with significant side effects when 

taken chronically 2. Understanding the molecular basis for OA joint pain is 

important in seeking to develop targeted and more efficacious analgesic 

therapies. 

Inflammation of the synovial membrane, termed synovitis, is strongly 

associated with pain severity in patients with knee OA 3. Synovitis presents 

early in the disease course, when radiographic signs of cartilage damage is 

minimal, and is typified by hyperplasia of synovial fibroblasts and increased 

infiltration of activated immune cells 4, 5. OA pain is generated via nociceptive 

peripheral input from the tissues of the OA joint, including the synovium. These 

afferent nerve fibres and nociceptors can be activated and sensitised by pro-

inflammatory cytokines present in the OA joint including TNF-α, IL-1β, CCL2 

(MCP1) and IL-6 6.  Indeed, the concentration of several inflammatory 

cytokines in the synovial fluid correlates with patient-reported pain 7. 

Importantly, we have identified the synovial fibroblast as the source of the 

increased pro-inflammatory cytokines present within the OA synovial joint 8, 9. 

Furthermore, it was recently reported that pain in knee OA patients was 

associated with distinct patterns of synovitis, particularly in regions around the 

patellar 10.  Therefore, determining the phenotype of synovial fibroblasts from 

sites of synovitis associated with OA pain may identify novel cellular 

mechanisms that mediate pain perception and aid in the identification of 

candidate targets for the development of new analgesics. 

With the recent advent of single-cell RNA sequencing (scRNA-seq) the 

existence of different subset populations of synovial fibroblasts from the 

synovial tissue have been identified in patients with rheumatoid arthritis (RA) 
11. Moreover, these subsets were shown to differentially contribute to the 

severity of arthritis 12. Given these reports, the aim of this study was to 

determine in a population with knee OA, whether synovial tissue from areas 

associated with OA pain exhibited different synovial fibroblast subsets, 
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compared to synovial tissue from sites not associated with pain. A further aim 

was to compare differences between early and end-stage disease synovial 

fibroblast subsets. By generating patient reported knee pain maps to identify 

synovial sites associated with and without pain, scRNA-seq has demonstrated 

for the first time that sites of joint pain in early knee OA are associated with 

distinct subsets of synovial fibroblasts.  Furthermore, we have also identified 

differences in fibroblast subsets between early OA and end-stage disease.  
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4.3 Materials and Methods 

Patient recruitment, pain scoring and tissue collection 
Following ethical approval (NRES 14/ES/1044), early knee OA (n=4) or end-

stage knee OA (n=4) patients were recruited who were scheduled for elective 

arthroplasty (Table 4-1). Prior to surgery, patients completed EQ-5D and 

Oxford Knee Score (OKS) questionnaires and a patient-reported knee pain 

map 10, to record anatomical sites of most and least pain. Peri-operatively, 

synovial fluid was aspirated and synovial tissue collected from four anatomical 

sites, namely the inferior and superior patellar sites from both lateral and 

medial sides of the joint.  

 
Synovitis scoring using MRIs 
Pre-surgical T1-weighted MRI images were scored for synovitis at 11 different 

sites, namely the medial parapatellar recess, lateral parapatellar recess, 

suprapatellar, infrapatellar, intercondylar, adjacent to PCL (posterior cruciate 

ligament), adjacent to ACL (anterior cruciate ligament), medial perimeniscal, 

lateral perimeniscal, adjacent to loose bodies and within Baker’s cyst, 

according to the protocol of Guermazi et al 13.  

 

Analysis of synovial fluid cytokines 
Synovial fluid was hyaluronidase-treated (10 units/ml) and 105 pro-

inflammatory cytokines profiled using a human XL cytokine proteome array 

(Bio-techne, UK) as per the manufacturer’s instructions. Blots were developed 

using ECL (GE Healthcare, UK) and quantified using ImageJ software.   

  
Single-cell RNA seq analysis 
Synovial tissue was diced and cultured in growth media (RPMI 1640 

containing 10% FCS, 1% penicillin/streptomycin, 5% L-glutamine, 5% sodium 

pyruvate and 5% non-essential amino acids (Sigma Aldrich, Dorset, UK)) for 

primary synovial fibroblasts outgrowth. scRNA-seq (Chromium 10X, 

Genomics Facility, University of Birmingham) was performed on a total of 

~4247 cells (representing ~353 cells per patient).  In brief, individual cells were 

partitioned into nanolitre-scale Gel Bead-In-Emulsions (GEMs) such that 
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reverse transcription produced specific bar-coded cDNA for each cell. 

Following cDNA amplification, single cell 3’ cDNA libraries were constructed, 

pooled and sequenced using the Nextseq 500 (Illumina) platform. Sequencing 

data was analysed using Seurat v2.3.4 (https://satijalab.org/seurat/). 

Individual datasets were merged and low quality cells or doublets were filtered 

by excluding cells that expressed >7,100 genes/cell and >15% mitochondrial 

gene expression. 4180 cells remained post quality control (QC). Data was 

subjected to global-scale normalisation and log-transformed. Technical noise 

was accounted for by scaling data based on nUMI and % mitochondrial genes. 

Highly variable genes were identified and used to perform principal component 

analysis (PCA). Using the top 15 PCs, t-distributed stochastic neighbour 

embedding (t-SNE) analysis was performed to cluster the cells, with a 

resolution of 0.6.  

Monocle v2.9.0 was used to analyse pseudotime trajectories (http://monocle-

bio.sourceforge.net/). Genes were selected based on differentially expressed 

genes that were expressed by at least 10 cells and with q<0.01. Using the 

DDRTree method, the dimensionality of the data was reduced and cells were 

ordered in pseudotime.  

 
Pathway analysis  
Differentially expressed genes from each cluster (>1.5 fold change, p<0.05) 

were analysed using Ingenuity Pathway Analysis (IPA; Qiagen, UK) to 

determine the association with a particular pathway/function. Fisher's exact 

test was used to calculate a p-value of the association between the genes and 

the pathway or function. 

 
Isolation of rat DRGNs  
Primary dorsal root ganglion neurons (DRGNs) from 6-8 week old Sprague-

Dawley rats (Charles River, UK) were dissociated and cultured in neurobasal-

A supplemented media (NBA) in 8-well chamber slides, as we have previously 

described 14. After 24 h, the media was replaced with fresh NBA media 

containing either synovial fibroblast conditioned media, or control medium 

(diluted 1:4) and cultured for a further 24 h. Neurites were stained with an anti-
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βIII tubulin antibody (Sigma-Aldrich), imaged (Axiovision Software , Carl Zeiss) 

and outgrowth pixel density quantified (ImageJ).  



 

 136 

4.4 Results 

Characterisation of patient reported pain and synovitis in patients with 
early and end-stage knee OA 
Based on pre-operative OKS, end-stage OA patients were characterised as 

having severe arthritis (OKS=22.3), whilst those with early OA displayed 

moderate to severe arthritis (OKS=18.5) (Table 1). MRI analysis revealed no 

Bakers cysts or loose bodies with synovitis, nor synovitis in intercondylar sites 

in any of the patients with either early or end-stage knee OA (Table 4-2). 

Summing synovitis scores across all 11 anatomical locations, 50% of patients 

were designated as having mild synovitis and 50% were designated as having 

moderate synovitis regardless of disease stage. Furthermore, there was no 

significant difference between early OA and end-stage OA synovitis scores at 

any of the 11 anatomical locations or total synovitis scores. On average, 

patients with end-stage OA had greater synovitis adjacent to the ACL, 

compared to early OA patients but this was not statistically significant (Table 
4-2).     

In both early and end-stage OA, synovitis was predominantly in parapatellar 

regions, with significantly (p<0.001) greater synovitis in parapatellar sites, 

compared to either paraligamentous or parameniscal sites (Table 4-2). 

Examining the relationship with patient-reported outcomes, we found 

significant correlations between parapatellar synovitis score and OKS, and 

between parapatellar synovitis score and EQ5D (Table 4-3), supportive of 

previous findings that patellar synovitis is associated with increased OA pain 

perception. 

Assessment of patient-reported knee pain maps showed that patients with 

end-stage were characterised by diffused patter of pain across both lateral and 

medial compartments of the joint (Supplementary Figure 1 [Appendix XV]). 

In contrast, patients with early OA reported pain that was mainly localised to 

the medial side of the joint (Supplementary Figure 2 [Appendix XVI]). 

Evaluating the relationship between the perceived pain on the painful side and 

MRI pathology of these patients revealed that the painful patellar location 

showed greater synovial thickening, with the non-painful sites showing greater 

effusion (Supplementary Figure 2 [Appendix XVI]).   
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Of the 105 cytokines profiled, 74 were detected in the synovial fluid of both 

early and end stage OA patients, indicating the presence of significant levels 

of pro-inflammatory cytokines throughout the disease course. In particular, we 

detected high levels of Chitinase 3 like1, CRP, IGFBP2, IL-18BPA, 

Osteopontin, RBP-4 and Serpine E1. On average, end-stage OA synovial fluid 

exhibited higher levels of Kallikrein 3, G-CSF, MMP9, PF4, RANTES and 

Serpine E1, compared to early OA synovial fluid. However, these did not reach 

statistical significance (Supplementary Figure 3 [Appendix XVII]).  
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Table 4-1.   Anthropometric data and patient reported outcome measures. Values 

represent mean + SEM for n=4 patients with early OA and n=4 patients with end-stage OA. 

 

  

 All Patients Early OA  Late OA  p-value 
Age 60 ± 3.8 55 ± 5.6 65 ± 4.4 0.21 

Height (cm) 171 ± 3 175 ± 3 168 ± 5.6 0.37 

Weight (kg) 91 ± 6 99 ± 5.4 84 ± 5.3 0.09 

BMI  31.1 ± 1.6 32.7± 3 29.6 ± 1.3 0.37 

Waist circumference (cm) 104 ± 1.7 106 ± 2.2 102 ± 2.5 0.24 

Hip circumference (cm) 113 ± 2.9 117 ± 4.9 108 ± 1.75 0.15 

W:H 0.93 ± 0.02 0.91 ± 0.02 0.94 ± 0.02 0.39 

Oxford Knee Score 20.4 ± 2.6 22.3 ± 5.4 18.5 ± 1.2 0.69 

EQ5D summative 8.8 ± 0.4 9.0 ± 0.7 8.5 ± 0.3 0.87 

Health State 6.3 ± 0.6 6.4 ± 0.6 6.3 ± 1.2 0.77 
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Table 4-2.  MRI synovitis scores in early and end-stage knee OA patients.  
‡=p<0.001, *=p<0.05, significantly different from paraligamentous total.  
ψ=p<0.001, #=p<0.05, significantly different from parameniscal total. 

  

 All patients Early OA Late OA 

Supra parapatellar 1.25 ± 0.25 1.0 ± 0.41 1.50 ± 0.29 

Infra parapatellar 0.50 ± 0.27 0.50 ± 0.5 0.50 ± 0.29 

Intercondylar 0 ± 0 0 ± 0 0 ± 0 

Medial parapatellar 1.75 ± 0.16 1.75 ± 0.25 1.75 ± 0.25 

Lateral parapatellar 1.00 ± 0.38 1.25 ± 0.48 0.50 ± 0.50 

Adjacent to ACL 0.75 ± 0.25 0.25 ± 0.25 1.25 ± 0.25 

Adjacent to PCL 1.63 ± 0.26 1.50 ± 0.5 1.75 ± 0.25 

Lateral parameniscal 1.13 ± 0.30 1.25 ± 0.48 1.0 ± 0.41 

Medial parameniscal 1.00 ± 0.27 1.25 ± 0.25 0.75 ± 0.48 

Bakers cysts 0 ± 0 0 ± 0 0 ± 0 

Loose bodies 0 ± 0 0 ± 0 0 ± 0 

Parapatellar total 4.38 ± 0.26 ‡ψ 4.50 ± 0.29 ‡* 4.25 ± 0.48 # 

Paraligamentous total 2.38 ± 0.32 1.75 ± 0.25 3.0 ± 0.41 

Parameniscal total 2.13 ± 0.48 2.50 ± 0.65 1.75 ± 0.75 

Total 8.88 ± 0.55 8.75 ± 0.48 9.0 ± 1.1 

% Normal (0-4) - - - 

% Mild (5-8) 50% (8, 8, 7, 8) 50% (8, 8) 50% (7, 8) 

% Moderate (9-11) 50% (9, 10, 9, 12) 50% (9, 10) 50% (9, 12) 

% Severe (>13) - - - 
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Assessment r P-value 

EQ5D 0.91 0.002‡ 

EQ5D pain 0.74 0.046* 

Oxford Knee Score -0.81 0.022* 

VAS -0.71 0.058 

 

Table 4-3.  Correlations between parapatellar synovitis score and patients reported pain 
outcome measures. Correlation was assessed using Spearman test. ‡=p<0.001, *=p<0.05 

significance. 
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Single-cell RNA sequencing identifies differences in synovial fibroblast 
subsets between early and end-stage knee OA and between painful and 
non-painful synovial sites 
Having found that patellar synovitis was significantly associated with OA 

patient pain perception we next isolated fibroblasts from patellar synovial 

tissue of patients with early OA from both painful and non-painful sites and 

from patients with end-stage OA and subjected the cells to scRNA-seq (Figure 
1A).  

PCA and t-SNE analysis revealed seven distinct subsets of synovial 

fibroblasts (clusters 0-6) with clear differences between early OA and end-

stage disease, as well as between painful and non-painful sites in early OA 

disease (Figure 1B-E). Specifically, synovial fibroblasts isolated from end-

stage OA patients were predominantly observed in cluster 0. In contrast, in 

early OA, fibroblasts from non-painful regions were predominantly observed 

in cluster 1 and cluster 6, whereas those fibroblasts isolated from painful 

regions were predominant in cluster 2-5 (Figure 1C). The cells in each cluster 

showed distinct gene expression patterns, as visualised by the expression 

heatmap (Figure 1D). 

t-SNE and violin plots featuring gene expression were then used to visualise 

gene expression signatures across clusters and patient cohorts. Gene 

expression signatures of fibroblasts obtained from non-painful synovium of 

early OA patients were characterised by high expression of CXCL14, 

RARRES1, DKK1, LXN, PLTP, GPX3 and GSN (Figure 2A). In comparison, 

cells isolated from painful synovium of the same patients exhibited high gene 

expression of NFKBIA, CXCL2, GEM, VCAM1, LIF, IL-6 and INHBA (Figure 
2B). Finally, gene expression signature of fibroblasts isolated from end-stage 

OA pain samples were characterised by high expression of HSPA1A, 

DNAJB1, SLC39A8, HTRA3, ATF3, PTGIS and BNIP3 (Figure 2C).
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Figure 1  Single cell 
RNA-sequencing identifies 
distinct synovial fibroblasts 
subsets in the synovium from 
panful and non-painful sites 
in early OA and in end stage 
OA patients. (A) Workflow. 
Patients underwent pre-surgical 
MRI scans. Their patient 
reported knee pain maps were 
used to identify painful and non-
painful regions from which 
synovial biopsies were 
obtained. Fibroblasts were 
isolated from biopsies of four 
patients with early OA, at both 
painful and painful sites, and 
from painful sites of four 
patients with end-stage OA 
(n=4). scRNA-seq was 
performed. (B) t-SNE analysis 
of synovial fibroblast scRNAseq 
data showing 7 fibroblast 
subsets (n=4 per sample 
group). (C) t-SNE plot showing 
the separation between 
fibroblasts from painful and non-
painful synovial sites in early 
OA patients, and between early 
and end-stage OA painful sites. 
(D) Heatmap showing the z-
score average gene signature 
expression of the top 10 most 
differentially expressed genes 
within each clusters. E) Bar 
graph showing percentage 
identity in each cluster.   
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Figure 2  Gene expression 
signatures of OA synovial fibroblasts 
obtained from non-painful and 
painful synovial sites of early OA 
patients and painful synovial sites of 
end stage OA patients. FeaturePlots 
displaying expression of sample specific 
markers on the t-SNE map with violin 
plots below showing the expression 
levels of these markers (y-axis) across 
the different sample cohorts (x-axis). (A) 
Markers for fibroblasts from early OA 
non-painful synovial sites. (B) Markers 
for fibroblasts from early OA painful 
synovial sites. (C) Markers for 
fibroblasts from end-stage OA painful 
sites.  

 

 



 

 144 

Functional characterisation of synovial fibroblast clusters  
To investigate the functional characteristics of these newly identified fibroblast 

populations we performed pathway analysis of the differentially expressed 

gene signatures for each fibroblast cluster (>1.5 fold change, p<0.05) to 

identify significantly associated cellular functions and canonical pathways.  

The gene expression profile of fibroblasts in cluster 0 (predominantly 

representing end-stage OA) was most associated with the cellular functions of 

“migration of cells” and “cell viability”, indicative of an activated fibroblast 

phenotype in these patients (Figure 3A and Supplementary Figure 4 
[Appendix XVIII]). Furthermore, canonical pathway analysis, revealed the 

most significant pathways associated with cluster 1 fibroblasts were 

eicosanoid signalling and prostanoid biosynthesis, both of which are purported 

to be contributors of OA pain (Figure 3B).  

The cellular functions most significantly associated with the gene expression 

profile of cluster 1 (predominantly representing early OA non-painful 

synovium) included “growth failure”, “apoptosis”, “cell death of fibroblasts” and 

“damage to CNS”. Moreover, the most significant canonical pathways were 

“MIF-mediated glucocorticoid regulation”, “MIF-mediated regulation of innate 

immunity”, as well as “granulocyte adhesion and diapedesis”, indicating the 

potential role of this cluster in mediating joint inflammation and cell death 

(Figure 3A and B and Supplementary Figure 5 [Appendix XIX). Similarly, 

pathway analysis of cluster 6 (also predominantly representing early OA non-

painful synovium), revealed these cells to be associated with inflammatory and 

proliferative cellular functions including “proliferation of fibroblasts”, 

“inflammation of the joint”, “rheumatic disease” and “proliferation of connective 

tissues”, with significant canonical pathways including “acute phase response 

signalling”, “INOS signalling”, “CXCR4 signalling, “IL-8 signalling” and 

“complement system” (Figure 3 and Supplementary Figure 10 [Appendix 

XXIV]). 

Of the remaining clusters (clusters 2-5), which predominantly represented 

cells from early OA painful synovial sites, cluster 2 was characterised by the 

cellular functions “quantity of cells” and “accumulation of cells”, and was most 

associated with the canonical signalling pathways “IGF-1 signalling”, “MIF-

regulation of immunity” and “eicosanoid signalling” (Figure 3 and 
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Supplementary Figure 6 [Appendix XX]). Cells in cluster 3 were associated 

with mediating immune cell recruitment, including the functions “recruitment of 

granulocytes”, “cellular infiltration of myeloid cells”, “cellular infiltration of 

leukocytes and ”recruitment of phagocytes” (Figure 3 and Supplementary 
Figure 7 [Appendix XXI]). Cells present in cluster 4 were associated with the 

canonical signalling pathways of “hepatic fibrosis” and “GP6 signalling 

pathway, which plays role in the collagen-induced activation and aggregation 

of platelets (Figure 3 and Supplementary Figure 8 [Appendix XXII]). Finally, 

cluster 5 was significantly associated with cellular functions involved in the 

development of neurons, including “neuritogenesis”, “sprouting”, “quantity of 

neurones” and “development of neurones”. Further, the most significantly 

associated canonical pathway was “inhibition of matrix metalloproteases”, a 

pathway that is known to mediate neural plasticity via the modification of the 

extracellular matrix (Figure 3 and Supplementary Figure 9 [Appendix XXIII]).  

Given that a subset of fibroblasts from the painful synovial site of early OA 

patients exhibited a gene signature of mediating neurite outgrowth we 

performed a cellular cross-talk assay utilising primary rodent DRGNs. To this 

end, we subjected DRGNs to conditioned medium obtained from cultures of 

fibroblasts isolated from early OA painful synovial sites. Incubation of DRGNs 

with the fibroblast conditioned media for 24 h resulted in a significant (p<0.05) 

induction of neurite outgrowth, compared to the DRGNs incubated in control 

medium (Figure 4). 
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Figure 3  Functional 
characteristics of OA 
synovial fibroblasts 
clusters. (A) Cellular functions 
with activation z-score as a 
measure of statistical quantity 
for each of the 7 fibroblast 
clusters, as determined by 
analysis of the differentially 
expressed genes using IPA 
software. (B) The significance 
of the association between the 
differentially expressed genes 
of each cluster and canonical 
signalling pathways, as 
determined using IPA 
software.  Fisher's exact test 
was used to calculate a p-
value of the association 
between the genes and the 
canonical pathway. 
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Figure 4  The secretome of fibroblasts from early OA painful synovial sites promotes 
neurite outgrowth.   (A) Immunofluorescent images of rat DRGNs stained with anti-βIII tubulin antibody 

(Sigma Aldrich) after 24 h treatment with either fibroblast culture media diluted 1:4 in NBA-supplemented 

media (Control) or with synovial fibroblast conditioned media diluted 1:4 in NBA-supplemented media 

(SFCM). Stained DRGNs (n=4 per treatment group) were imaged using Axiovision Software (Carl Zeiss). 

(B) Quantification of neurite outgrowth in control and SFCM treated DRGNs after 24 h treatment. Neurite 

outgrowth pixel density was quantified using ImageJ software. *=p<0.05, significantly different between 

control and SFCM mean pixel count. 

Figure 4
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Transcriptional switch in fibroblast phenotype associated with OA 
progression and development of early OA pain 
Having identified differences in fibroblast subsets between early OA pain and 

end-stage OA pain, we next constructed pseudotime trajectories (using 

Monocle) to investigate transcriptional changes in fibroblasts associated with 

OA disease progression. By analysing pseudotemporal expression dynamics, 

we observed a number of genes that were upregulated upon progression 

towards end-stage OA, namely CXCL14, DNAJB1, HSPA1A, HTRA3, MFAP5, 

NDUFA4L2 and PTGIS. We also observed a number of genes that were 

downregulated during OA progression, namely CEBPB, DDIT4, IGFBP7, 

INHBA, LIF, LINC01423 and VCAM1 (Figure 5). Finally, we computationally 

ordered fibroblasts from early OA non-painful sites and early OA painful sites 

along pseudotime trajectories to investigate transcriptional changes during the 

transition from non-pain-associated towards pain-associated fibroblasts in 

early OA. Pseudotemporal expression dynamics revealed a number of genes 

that were upregulated genes with the transition towards pain-associated 

fibroblasts (ANGPTL4, BHLHE40, CXCL1, CXCL2, IL6, INHBA, KCNMA1 and 

LIF) and several genes that were down-regulated (ACKR4, CSTA, GSN, 

HSPB6, DKK1, FBLN1, GPX3 and PLTP) (Figure 6). 
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Figure 5  Transcriptional 
switch in fibroblast phenotype 
associated with OA disease 
progression.  (A) t-SNE analysis of 
synovial fibroblast scRNAseq data 
showing the differential between 
fibroblasts from early OA painful 
sites and end-stage OA painful 
synovial sites. (B) Monocle 
pseudotime trajectory of the 
transition from early OA painful to 
end-stage OA painful synovial 
fibroblast transcriptome phenotype 
(left panel). The trajectory is overlaid 
with sample distribution (right panel). 
Cells are ordered in pseudotime 
based on differentially expressed 
genes (q-value < 0.01). Expression 
dynamics of upregulated genes (C) 
and downregulated genes (D) upon 
progression of synovial fibroblast 
phenotype towards end-stage OA 
overlaid with sample distribution. t-
SNE map together with violin plots 
and featureplots showing the 
expression levels (y-axis) of the 
upregulated/downregulated genes 
for each sample (x-axis).   
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Figure 6  Transcriptional switch in fibroblast phenotype associated with development of 
pain in early OA. (A) t-SNE analysis of synovial fibroblast scRNAseq data showing the differential 

between fibroblasts from early OA non-painful sites and painful synovial samples. (B) Monocle 

pseudotime trajectory of the transition from early OA non-painful to early OA painful synovial fibroblast 

transcriptome phenotype (left panel). The trajectory is overlaid with sample distribution (right panel). 

Cells are ordered in pseudotime based on differentially expressed genes (q-value < 0.01). Expression 

dynamics of upregulated genes (C) and downregulated genes (D) upon progression of synovial fibroblast 

phenotype towards early OA pain overlaid with sample distribution.  
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4.5 Discussion 

This is the first study to identify differences in synovial fibroblast subsets 

between early and end-stage knee OA, and between painful and non-painful 

synovial sites. Our analysis determined the existence of 7 transcriptionally 

distinct synovial fibroblast subsets, with differences in their predominance 

between disease stage and presence of pain. As expected, patients with end-

stage OA has more severe arthritis than patients with early stage disease. 

However, the overall degree of synovitis across all knee joint compartments 

did not differ according to the stage of OA. Notably, parapatellar localisation 

of synovitis was significantly associated with increased OA pain perception 

and, in agreement with the findings of de Lange-Brokaar et al 10, suggests that 

pain perception in OA is a localized response. 

Changes in the synovium occur early in the disease course, often preceding 

cartilage damage 5. Therefore, our observation of the existence of different 

populations of synovial fibroblasts in early OA and end-stage OA has 

implications for understanding the role of the synovial membrane in OA 

progression. Synovial fibroblasts from non-painful synovial sites of patients 

with early OA were mainly observed in a single cluster (cluster 1) and formed 

majority of the cells within the smallest cluster (cluster 6). In contrast, 

fibroblasts from the painful sites of these early OA patients were more diverse, 

being distributed into four distinct clusters (clusters 2-5). However, in end-

stage OA the majority of fibroblasts were present in one large cluster (cluster 

0), suggesting a shift with disease progression towards a more succinct OA-

diseased fibroblast pathotype. Notably, the gene signatures of these end-

stage OA fibroblasts were associated with eicosanoid and prostanoid 

signalling pathways, which are known mediators of inflammatory pain 

providing the rationale for NSAID analgesia 2. End-stage OA fibroblasts were 

also characterised by high expression of the stress-response genes ATF3, 

HSPA1A and DNAJB1. Interestingly, serum and synovial fluid concentrations 

of HSP70 (encoded by HSPA1A), correlate with knee OA severity 15 and are 

increased in synovial fibroblasts from RA-diseased joints 16. End-stage OA 

fibroblasts also exhibited high expression of HTRA3, a serine proteinase 
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implicated in the degradation of extracellular matrix 17, which could indicate 

that these cells also mediate cartilage destruction as disease progresses.  

Our finding that painful synovial tissue sites in early OA contain fibroblast 

subsets with high expression of pro-inflammatory mediators including CXCL1, 

CXCL2, IL-6 and LIF provides further evidence for the role of synovial 

inflammation in the development of early OA pain. CXCL1 enhances 

inflammatory pain via ERK activation, synaptic transmission and COX-2 

expression in dorsal horn neurons 18, LIF alters neuropeptide content following 

axonal injury 19, and intrathecal administration of CXCL2 mediated 

hypersensitivity to thermal and mechanical stimuli in naïve mice 20.  Similarly, 

IL-6 is implicated in mediating inflammatory pain in the rodent antigen-induced 

arthritis model 21. These data are further supported by our finding of increased 

KCNMA1 and decreased ACKR4 expression in fibroblast subsets from painful 

synovial sites in early OA patients. KCNMA1, a calcium-sensitive potassium 

ion channel, is involved in the regulation of pro-inflammatory and pro-invasive 

properties of synovial fibroblasts and its targeting has been suggested in the 

treatment of RA 22. ACKR4, an atypical chemokine receptor, functions to 

scavenge chemokines and regulate leukocyte migration 23.   

We also observed a reduction in GPX3 expression associated with both pain 

and OA disease progression. GPX3 protects against oxidative damage and 

decreased levels have been reported in OA cartilage 24. Conceivably, the 

down-regulation of fibroblast GPX3 expression in the latter stages of OA we 

observe here could increase reactive oxygen species, which is a known driver 

of cartilage aggrecan proteoglycan degradation 25. Our “non-painful” early OA 

synovial fibroblasts were also characterised by higher expression of GSN, 

coding for gelsolin, an actin binding protein. Experimental removal of GSN in 

synovial fibroblasts has been shown to cause synovial hyperplasia 26. Based 

on our pseudotemporal expression dynamics it appears that fibroblast 

protective mechanisms against inflammation and oxidative damage are 

gradually lost during OA progression, whilst there is a simultaneous increase 

in expression of pro-inflammatory mediators. 

One of the most notable findings from this study was the finding that painful 

synovial sites in early OA patients exhibit a distinct subset of synovial 

fibroblasts with a gene signature supporting the formation and development of 
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neurites. This specific fibroblast subset exhibited high expression of neuritin 1 

and sulfatase 1, which are known promoters of neuronal survival, development 

and outgrowth 27, 28. Indeed, we demonstrated that the secretome of these 

cells promoted neurite outgrowth in adult rodent DRGNs. This is the first time 

that the human OA synovial fibroblast secretome has been reported to induce 

neurite outgrowth. As yet, the molecular mechanism for this effect is unclear. 

However, the synovial fluids of our early OA patients exhibited high levels of 

several fibroblast-secreting proteins that are capable of promoting neurite 

outgrowth, including osteopontin and IGFBP2. Osteopontin has been reported 

to stimulate neurite sprouting in experimental traumatic brain injury in rats 29, 

whilst IGFBP2 has also been reported to synergistically increase neurite 

outgrowth in a human neuroblastoma cell line 30. 

In summary, we report that synovial tissue from the site of patient-reported 

pain in early OA is associated with specific synovial fibroblasts subsets, 

distinct from those found in sites absent of pain and from end-stage patients. 

Notably, a subset of fibroblasts from painful sites of early OA patients exhibited 

gene signatures that mediate neuronal signalling pathways and the secretome 

from these cells promoted neurite outgrowth. Further understanding of the 

precise cellular functions of these fibroblast subsets will help to identify new 

candidate targets may provide a rationale for the therapeutic targeting of 

specific fibroblast pathotypes to alleviate pain in OA. 
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5.1 Abstract 

Peripheral immune cells are thought to be central to inflammatory responses 

associated with ankylosing spondylitis (AS) and psoriatic arthritis (PsA). In this 

study, we employed single-cell RNA sequencing (scRNA-seq) to compare the 

profile of PBMCs in AS and PsA patients, with those in healthy controls. This 

approach identified clusters of cells with gene profiles associated with CD4+ T 

cells, CD8+ T cells, B cells, NK cells, monocytes (classical, intermediate and 

non-classical), cDCs, mature DCs and pDCs. We observed no significant 

difference in the absolute numbers of these cell types in AS and PsA patients. 

Pathway analysis showed an activated phenotype in the CD8+ T cells, B cells 

and NK cells in both AS and PsA individuals and an increased interferon 

response in the CD4+ T cells, B cells, NK cells, intermediate monocytes and 

mature DCs of PsA patients. Both AS and PsA patients showed up-regulation 

of pathways related to antigen processing and presentation and cellular events 

related to non-apoptotic programmed cell death. Interestingly, the 

pseudogenes AL365357.1 and HLA-DQA2 were identified as specific markers 

for PsA. This report is the first to employ scRNA-seq to examine the 

differences in the PBMC populations obtained from AS and PsA patients.  
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5.2 Introduction 

Spondyloarthritis is an umbrella term used to describe a group of related 

chronic inflammatory rheumatic conditions, that are typically accompanied by 

the lack of rheumatoid factor1. This group includes the 

autoimmune/autoinflammatory conditions ankylosing spondylitis (AS) and 

psoriatic arthritis (PsA). PsA is typically linked with a chronic skin inflammatory 

condition psoriasis, with approximately 30% of psoriasis sufferers being 

affected by PsA2. In AS however, psoriasis is associated with only 10% of AS 

patients3. Other clinical manifestations that show high commonality between 

AS and PsA include enthesitis, peripheral/extra-articular arthritis and axial 

disease4, with axial disease more prominent in AS. In both conditions, 

dysregulated bone remodelling is a common hallmark, with patients displaying 

simultaneous bone proliferation and resorption - a process mediated by 

osteoblasts and osteoclasts, respectively5. Despite the overlap in clinical 

manifestation, apart from HLA-B27, genome-wide association studies 

(GWAS) show little overlap between the two conditions6. GWAS studies in AS 

show strong association with genes encoding for aminopeptidases such as 

ERAP1, ERAP2, NPEPPS and genes related to interleukin-23 (IL-23) and IL-

17 signalling3,7,8. On the other hand, genes associated with PsA include ones 

involved in interferon- and NF-!B signalling, such as TNIP1, TRAF3IP2, REL, 

NFKBIA, IFIH1, IFNLR1
9-12. 

 

AS and PsA aetiology involves complex interactions between genetic and 

environmental factors, with dysregulation of peripheral immune cells likely to 

play a key role in propagating and maintaining systemic inflammation. This 

complexity is evident by aberrations such as elevated levels of IL-17 secreting 

T helper cells (Th17)13,14 and dysregulated Toll-like receptor (TLR) signalling 

in innate immune cells15,16. This chronic systemic inflammation is thought to 

increase the risk of extraarticular co-morbidities associated with both AS and 

PsA, including cardiovascular disease, inflammatory bowel disease and 

uveitis. As such, understanding how this inflammation is mediated together 

with early prevention prior to joint complications could be vital. To conduct 

research of such generic complexity presents great challenges. However, with 
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the recent advent of single-cell RNA sequencing (scRNA-seq), it is now 

possible to interrogate the transcriptomics of individual cells at unprecedented 

resolution. Indeed scRNA-seq has been instrumental in uncovering novel 

insight in various rheumatic conditions, including rheumatoid arthritis (RA)17 

and osteoarthritis (OA)18. Therefore, we sought to investigate how the gene 

expression profiles of peripheral blood mononuclear cells (PBMCs) differ 

between AS and PsA in comparison to healthy control (HC), using scRNA-

seq.  
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5.3 Materials and Method 

Ethics 

 

The AS and PsA patients in this study were classified in accordance with 

modified New York diagnostic criteria for AS and CASPAR (ClASsification for 

Psoriatic ARthritis) diagnostic criteria, respectively19,20. Appropriate informed 

consent was obtained from each participant. The study had full ethical 

approval as part of the Microbiome in Psoriatic Arthritis (Mi-PART) study 

17/EM/0175 IRAS project ID 217745.  

Peripheral blood mononuclear cells (PBMCs) isolation and CD45+ 

enrichment  

We obtained venous blood samples from AS, PsA and HC patients (n = 3 for 

each cohort). See patient information in Supplementary Table S1 [Appendix 

XXV]. Blood was collected into BD Vacutainer® K2EDTA tubes. Briefly, 

PBMCs were isolated using standard Ficoll® Paque (GE Healthcare) density-

centrifugation and washed in 1X PBS (ThermoFisher). Enriched CD45+ 

(PTPRC) cells were magnetically isolated using CD45 MicroBeads (Miltenyi 

Biotec), as per manufacturer’s instructions. 

Single-cell RNA isolation and library preparation 

mRNA from individual cells was obtained as per Drop-seq protocol v. 3.121. In 

brief, cells were re-suspended in 0.01% w/v BSA (Sigma-Aldrich) at a 

concentration of 0.22 x 10-6 cells/ml. Drop-seq barcoded beads (Chemgenes 

Corporation, Macosko-2011-10(V+)) were re-suspended in cell lysis buffer at 

0.15 x 10-6 beads/ml. The bead and cell suspension inlets were subjected to a 

flow rate of 1,600 µl/hr and the oil (Bio-Rad) to 8,000 µl/hr. Beads and cell 

suspension were kept under constant gentle agitation using a magnetic stirrer 

and flea magnet. Suspensions were flowed into a Drop-seq microfluidic device 

(FlowJem). Droplets were collected and subjected to breakage, reverse 

transcription, exonuclease I treatment and cDNA amplification (4 + 15 cycles) 

as per protocol. Roughly 4,000 cells were processed for each sample. PCR 
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product was double purified using 0.6X AmPure XP beads (Beckman Coulter) 

following manufacturer’s instructions. cDNA library size was measured on the 

Tapestation (Agilent Technologies) using the High Sensitivity D5000 kit 

reagents (Agilent Technologies) and concentration was measured on the 

Qubit 3 Fluorometer (ThermoFisher) using the dsDNA HS kit (ThermoFisher). 

cDNA for each individual sample was pooled to a total of 1000pg per sample. 

Individual cDNA libraries were tagmented using the Nextera XT library 

preparation kit (Illumina) to achieve sample library sizes of an average of 480-

650 bp. Individual cDNA libraries were tagmented with a Nextera N70X oligo 

and the bespoke Drop-seq P5-SMART PCR hybrid oligo.  

Sequencing and raw data processing 

Samples were sequenced on the Illumina HiSeq X platform (Novogene, Hong 

Kong); 150bp, paired-end sequencing. The quality of sequencing was 

assessed on FastQC v. 0.11.7 (Babraham Institute). Read 1 FASTQ files were 

trimmed to 20 bp using the Trimmomatic tool v. 1.0.2 from www.usegalaxy.org, 

to retain the barcode and unique molecular identifier (UMI) information only. 

The Drop-seq core computational protocol v. 2.0.0 was followed to generate 

digital matrix files from the sequencing data, where reads were aligned against 

the GRCh38. Dropbead R software package v. 0.3.122 was used to determine 

the number of cells to extract from each BAM file.  

Further data processing and analysis 

Basic quality control (QC) filtering and further analysis was carried out on 

Seurat R package v. 3.123. In brief, genes expressed in less than 5 cells, 

expressing at least 100 detected genes were included in the analysis. 

Individual samples were filtered based on the number of genes detected and 

the percentage of mitochondrial genes (up to 1500 maximum number of genes 

and 15% maximum percentage mitochondrial gene content). Each sample 

was merged according to cohort, to produce three separate groups: HC, PsA 

and AS cohort groups. A total of 25,158 cells were retained post QC filtering 

for downstream analysis (8,811 HC cells, 8,501 PsA cells and 7,846 AS cells). 

Each dataset was normalised and scaled based on the top 2,000 most variable 
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genes identified in each individual dataset. The FindIntegrationAnchors 

function was run (dims 1:30, default) to identify “anchors” between the 

datasets which were passed to the IntegrateData function. The Seurat Cell 

Cycle vignette was used to mitigate the effects of the cell cycle, by measuring 

the expression of canonical cell cycle markers in each cell to determine a cell 

cycle score that is regressed from the data. Next, we performed principal 

component analysis (PCA). The JackStraw and ElbowPlot functions were 

used to determine the number of principal components (PCs) to include in 

downstream analysis, after which graph-based clustering was implemented to 

cluster cells into groups. The Louvain algorithm was implemented for 

modularity optimisation with a resolution of 0.5. Clustering was visualised 

using uniform manifold approximation and projection (UMAP) analysis. 

Common cell types were identified across the integrated datasets using the 

FindConservedMarkers function and annotated based on common cell lineage 

canonical markers.  

Pathway analysis 

Pathway analysis was carried out on ClueGO version 2.5.724 plugin on 

Cytoscape version 3.7.2. Ontologies/pathways used for analysis were GO-

BiologicalProcess-08.05.2020 and KEGG-08.05.2020. A maximum of 300 

genes with a log fold change > 0.25 were included in the analysis. Only 

pathways with p value < 0.05 were considered as statistically significant. 

Group/term p-value were corrected with Bonferroni step-down method. 

Asterisks denote statistically significant results (* p < 0.05 and ** p < 0.01). 

Here, we use ClueGO to compare genes upregulated in AS vs HC to genes 

upregulated in PsA vs HC. ClueGO groups the gene ontology (GO) terms in a 

functionally grouped annotation network and identifies specific and common 

group terms. A group leading term is assigned based on the most significant 

term in the group. A term was defined as specific for one of the cohorts if the 

percentage of associated genes from the particular cohort was > 60%. 

Pathway analysis was also carried out against the Human Phenotype 

Ontology available on the EnrichR web database25.  
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5.4 Results 

Identification of PBMC populations using unsupervised clustering 

PBMCs were isolated from AS, PsA and HC cohorts and enriched for CD45+ 

cells to exclude any contaminant red blood cells or platelets, before being 

subjected to scRNA-seq. Following QC filtering, the HC, AS and PsA cohort 

datasets were aligned and integrated in order to carry out comparative 

analysis (Fig. 1a). Unsupervised clustering revealed a total of 14 different cell 

subsets in the aligned dataset (Fig. 1b), namely CD4+ T cells (naïve, effector 

and activated), CD8+ T cells (naïve and activated), B cells (naïve and 

activated), natural killer (NK) cells, monocytes (classical, CM; intermediate, 

IM; and non-classical, NCM), conventional dendritic cells (cDCs), mature DCs 

and plasmacytoid DCs (pDCs). These subsets were classified based on 

conserved canonical cell lineage markers in the aligned data (Supplementary 

Fig. S1 and S2 [Appendix XXIX and Appendix XXX]), with the distinct profile 

of each cluster visualised in the topmost expressed genes heatmap (Fig. 1c).  

Next, we compared the proportions of each major cell type in each condition 

but found that there was no statistical difference between the different patient 

populations (Supplementary Fig. 3 [Appendix XXXI). However, of note, the 

proportion of CD4+ T cells was lower in the AS and PsA cohorts compared to 

HC, whereas the proportion of monocytes was higher in AS and PsA. 

Furthermore, the proportion of CD8+ T cells was highest in the PsA patients 

(Fig. 1d). 

Having identified and classified each PBMC cell subtype, we sought to 

compare potential functional differences in AS and PsA by undertaking 

pathway analysis (Supplementary Table S2 [Appendix XXVI]) on differentially 

expressed genes (DEGs) compared to HC.
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Figure 1  scRNA-seq identifies 
distinct PBMC cell clusters in aligned AS, 
PsA and HC data. a) UMAP plot displaying 

the aligned and integrated data gathered 

from AS, PsA and HC PBMC cells. b) UMAP 

plot displaying distinct cell clusters identified 

in dataset. Each subset was identified based 

on conserved features across the datasets 

and canonical markers. c) Heatmap showing 

the z-score average gene expression of the 

topmost differentially expressed genes in 

each cell cluster. The colours above each 

column represent the cluster identity 

assigned in Fig. 1b. Differentially expressed 

genes in each cluster are summarised on the 

right-hand-side of the heatmap. d) Pie charts 

displaying the percentage composition of cell 

types in each cohort. 
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CD4+ T cells 

Pathway analysis on those genes that were upregulated in both AS and PsA 

patients identified 21 shared GO terms, that were related to cell metabolism, 

cell activation and chemotaxis (Supplementary Table S2 [Appendix XXVI]). 

Interestingly, both groups also show enrichment for terms related to 

“ferroptosis” and “positive regulation of macroautophagy”. The detection of 

autophagic-related signalling events in AS and PsA CD4+ T cells could 

potentially account for the reduction in CD4+ T cells observed in comparison 

to HC (Fig. 1d). 

Examination of disease specific genes showed that those in AS were related 

to “mitophagy” and “regulation of macrophage chemotaxis” (Fig. 2a) whilst 

PsA was associated with “cellular response to cadmium ion” and “cellular 

response to IFN-g“ (Fig. 2b). This aligns with studies that have shown blood 

cadmium levels in psoriasis patients to be linked to the severity of the 

disease26, a phenomenon that has even been suggested to interfere with CD4+ 

T cell signal transduction events27. The upregulation and potential importance 

of CD4+ IFN-γ+ T cells in PsA pathology is widely reported and our results 

confirm these previous observations28. Interestingly, our results support 

studies that have shown a reduction or insignificant contribution of IFN-γ 

release by CD4+ T cells in AS peripheral blood13,29,30.  

CD8+ T cells  

GO terms that are differentially expressed in both AS and PsA patients, 

indicate an activated and more cytotoxic CD8+ T cell phenotype, including 

those related to cell killing and interferon signalling (Supplementary Table S2 

[Appendix XXVI]). This signalling is accompanied by differential expression for 

ENO1 (a-enolase), a marker commonly expressed by a range of stimulated 

immune cells31 (Fig. 3a). This marker is consistent with reporting of 

upregulated expression of ENO1 in RA immune cells, but not in OA32, and 

indicates that ENO1 potentially has a role in mediating a pathogenic response 

in autoimmune rheumatic conditions. Moreover, GO term enrichment for 

“negative regulation of intrinsic apoptotic signalling” is also a shared feature 
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between AS and PsA CD8+ T cells, including “negative regulation of 

lymphocyte apoptotic process” and “intrinsic apoptotic signalling pathway in 

response to DNA damage by p53 class mediator” enriched in the AS-isolated 

cells. This observation could lend evidence for apoptotic resistance, which is 

often implicated in cellular senescence.  

Whereas PsA-specific genes of CD8+ T cell were exclusively related to viral 

regulation, AS-specific GO terms included “negative regulation of innate 

immune response” and “positive regulation of IL-1 beta production” (Fig. 3b 

and 3c). IL-1β is a strong pro-inflammatory cytokine that has been shown to 

promote osteoclastogenesis33 and could be implicated in AS bone destruction 

pathology. Furthermore, we note differences in gene expression between AS 

and PsA related to cytotoxic function, such as PFN1 (prolifin1) and CALM1 

(calmodulin 1) expression being markedly downregulated in the AS CD8+ T 

cells, and relatively higher expression of NKG7 (natural killer cell granule 

protein 7) by the PsA-isolated cells (Fig. 3a). 
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Figure 2  Comparative pathway analysis between AS and PsA CD4+ T cells. Pie-charts 

summarising CD4+ T cell comparison displaying a) specific terms identified in AS DEGs and b) specific 
terms identified in PsA DEGs. Pie charts display percentage of genes in each GO group out of total 

number of annotated genes. 
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Figure 3  Comparative 
pathway analysis between AS 
and PsA CD8+ T cells. a) Violin 

plots showing relative expression 

levels of ENO1, PFN1, CALM1 and 

NKG7 in the CD8+ T cell cluster of 

each cohort. Non-parametric 

Wilcoxon Rank Sum test carried out 

for comparative expression analysis 

with Bonferroni correction; corrected 

p value results summarised above 

plots (n.s. p >0.05, *p <0.05, **p < 

0.01, ***p < 0.001, ****p < 0.0001). 

Pie-charts summarising CD8+ T cell 

comparison displaying b) specific 

terms identified in AS DEGs and c) 
specific terms identified in PsA 

DEGs. Pie charts display 

percentage of genes in each GO 

group out of total number of 

annotated genes. 
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B cells 
 

Unlike other autoimmune conditions such as RA and systemic lupus 

erythematosus (SLE) that have an abnormal humoral response, the role of B 

cells in AS and PsA immunopathology is poorly understood. However, B cells 

not only have a vital part in the humoral immune system but are also capable 

of modulating CD4+ T cell responses, presenting antigen and producing a wide 

range of cytokines. For instance, our results show that the activated AS-

isolated B cells differentially express the chemokines CCL3, CCL4 and 

CCL4L2 in comparison to HC, that are involved in recruiting various immune 

cells. In fact, CCL3 has been shown to have a strong association with 

osteolytic activity, by regulating osteoclast differentiation34.  

 

Pathway analysis revealed 87 shared terms between activated AS and PsA B 

cells (Supplementary Table S2 [Appendix XXVI]). These results included a 

number of terms related to stress, including “cellular response to decreased 

oxygen levels” and “regulation of DNA-templated transcription in response to 

stress”. In line with this stress response, PsA specific terms included 

“ferroptosis” and “mitophagy” (Fig. 4b). Shared terms also indicate a more 

activated phenotype in AS and PsA, including “response to cytokine” and 

“leukocyte degranulation”. This similarity is also evident in the AS-specific GO 

terms such as “antigen processing and presentation of peptide antigen via 

MHC class I” and “T cell receptor signalling pathway” (Fig. 4a). In addition, 

PsA-isolated activated B cells show a specific “response to IFN-g signalling” 

and “response to type I IFN”, which aligns with PsA B cell “response to virus”.  

NK cells  

NK cells have a crucial role in immunophysiology by responding to cancerous 

and virally-infected cells. Indeed, pathway analysis reveals 65 shared GO 

terms between AS and PsA NK cells, including genes related to viral defence 

(Supplementary Table S2 [Appendix XXVI]). This finding is in line with the 

more pro-inflammatory signature displayed by NK cells from both patient 

cohorts, as is evident by the upregulation of chemokines CCL3, CCL4, 
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CCL4L2 and CCL5, as well as GNLY (encoding for the cytolytic protein 

granulysin) (Fig. 5a).  

In addition, pathway analysis revealed 16 AS-specific (Fig. 5b) and 50 PsA-

specific (Fig. 5c) terms. Consistent with results observed in PsA CD4+ T cells 

and B cells, pathway analysis showed specific enrichment in PsA NK cells 

related to “IFN-g-mediated signalling pathway”, but also “cellular response to 

tumour necrosis factor (TNF)”. Furthermore, PsA NK cells showed enrichment 

related to “negative regulation of leukocyte activation” and “negative regulation 

of immune system process”. This enrichment was accompanied by the 

differential expression of CST7 (cystatin F), a cysteine peptidase inhibitor, by 

the PsA NK cells (Fig. 5a). In NK cells, cystatin F regulates cytotoxicity by 

interacting with cathepsins, thereby inhibiting perforin and granzyme B 

synthesis35 and in turn reducing cytotoxic activity 36. This result raises 

possibilities of functional impairment of NK cells in PsA and whether a vital 

immune response mediated by circulating NK cells is being dampened in this 

condition. 
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Figure 4  Comparative pathway analysis between AS and PsA B cells. Pie-charts 

summarising B cell comparison displaying a) specific terms identified in AS DEGs and b) specific 

terms identified in PsA DEGs. Pie charts display percentage of genes in each GO group out of total 
number of annotated genes.  
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Figure  5 Comparative 
pathway analysis between AS 
and PsA NK cells.  a) Violin plots 

showing expression levels of 
CCL3, CCL4, CCL4L2, CCL5, 

GNLY and CST7 in the NK cell 

cluster of each cohort. Non-
parametric Wilcoxon Rank Sum 

test carried out for comparative 

expression analysis with 
Bonferroni correction; corrected p 

value results summarised above 

plots (n.s. p >0.05, *p <0.05, **p 
< 0.01, ***p < 0.001, ****p < 

0.0001). Pie-charts summarising 

NK cell comparison displaying b) 
specific terms identified in AS 

DEGs and c) specific terms 

identified in PsA DEGs. Pie 
charts display percentage of 

genes in each GO group out of 

total number of annotated genes. 
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Monocytes 
 

Circulating monocytes are crucial given their potential to differentiate into a 

variety of cells, such as macrophages, DCs and osteoclast progenitor cells. 

Monocytes are commonly separated into classical (CM), intermediate (IM) and 

non-classical (NCM)37. Studies have shown that these subsets have distinct 

gene expression profiles, indicating their divergent roles in physiology38,39. 

CMs are thought to have an extensive role in phagocytosis, whereas IM 

functions include reactive oxygen species (ROS) production and antigen 

presentation38. On the other hand, NCMs have been shown to be “patrolling-

cells”, participating in wound healing and anti-viral responses. 

 

Given the different roles of monocyte subsets, we first sought to investigate 

the proportions of the different monocyte subtypes per condition (Fig. 6a). We 

observed differences between the number of monocyte subtypes in each 

cohort. Of note, the IM subset showed the lowest proportion in the HC (15%) 

and was elevated in the PsA (38.1%) and AS (46.9%) cohorts. This difference 

aligns with previous reporting in PsA40 and other inflammatory conditions 

including RA41. This finding coincided with high expression of markers such 

SPP1, LMNA, CLEC5A and GPNMB, by the IMs (Fig. 6b), all of which are 

markers involved in bone remodelling. We conclude that IMs might play a role 

in osteoclastogenesis in AS and PsA. Consistent with this, pathway analysis 

showed that shared GO terms between AS and PsA in the CM and IM subsets, 

included osteoclast differentiation (Supplementary Table S2 [Appendix XXVI]). 

This is accompanied by differential expression of tetraspanins CD9, CD63 and 

CD81 (Fig. 6c), which are involved in cell fusion. However, in the NCM subset 

this expression was only true for the AS-isolated cells (Supplementary Table 

S2 [Appendix XXVI]). Furthermore, the IM subset showed 36.7% DEG overlap 

between AS and PsA gene expression profiles, with pathway analysis 

revealing 27 AS-specific terms, 17 PsA-specific and 139 shared (Fig. 7a and 

Supplementary Table S2 [Appendix XXVI]). AS-specific GO terms included 

“arachidonic acid secretion”, “regulation of arachidonic acid secretion”, “long-

chain fatty acid transport” and “eicosanoid biosynthetic process”. During 

inflammation, arachidonic acid can be a major source for pro-inflammatory 
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eicosanoids, involved in mediating pain and inflammation. These results 

provide evidence for the potential role of eicosanoid signalling in promoting 

pro-inflammatory IM cells in AS. On the other hand, similarly to other PsA cells, 

PsA-specific GO terms in the IM subset included “response to IFN-!”.   

 

Analysis of the CM subset revealed 14 GO terms specific to AS, 46 specific to 

PsA and 229 shared (Fig. 7b and Supplementary Table S2 [Appendix XXVI]), 

with 48.1% DEG overlap between the two gene expression profiles. Of note, 

PsA-specific GO terms included “regulation of fibroblast proliferation”. 

Fibroblasts are known to play an extensive role in mediating cartilage damage 

at the synovial interface in rheumatic conditions. Shared GO terms between 

AS and PsA CMs included “regulation of cell adhesion”, “regulation of 

vasculature development”, “rheumatoid arthritis”, “fluid shear stress and 

atherosclerosis” and “regulation of smooth muscle proliferation”. This was 

accompanied by differential expression of pro-angiogenic factors such as 

CXCL2, CXCL3 and VEGFA (Fig. 8). The upregulation of these markers is 

also observed in the IM subset, but appears to be more prominent in the CM 

cluster. Together, these results emphasise the potential role of circulating 

monocytes, particularly CMs, in promoting angiogenesis in AS and PsA 

pathology. 

 

The NCM subset showed the least DEG overlap (15%) between AS and PsA 

gene expression profiles, with pathway analysis revealing 114 AS-specific GO 

terms, 12 PsA-specific and 42 shared (Fig. 7c and Supplementary Table S2 

[Appendix XXVI]). Whereas PsA-specific GO terms were linked to “protein 

targeting to membrane” and “regulation of viral cycle”, AS-specific GO terms 

were related to a wide variety of signalling pathways such as “necroptosis”, 

“ferroptosis”, “pattern recognition receptor signalling pathway”, “NOD-like 

receptor signalling pathway” and “regulation of ERBB signalling pathway”. 

These results suggest that NCMs potentially have a more extensive role in AS 

pathology compared to PsA. 

 

Further highlighting the destructive role that monocytes play in mediating 

disease in AS and PsA, we note the upregulation of metalloproteases such as 
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ADAMDEC1, ADAM28 and MMP9 (Fig. 8), mainly by the CM and IM subsets. 

Metalloproteases are capable of promoting pathologic joint tissue destruction 

by digesting extracellular matrix components. ADAMDEC1 is mainly 

expressed by myeloid-lineage cells and has been found to be upregulated in 

response to stimuli42, indicating a vital role in inflammation. In fact, 

ADAMDEC1 upregulation has been implicated in various chronic inflammatory 

conditions, suggesting a role in dysregulated immune system responses43.
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Figure 6  Comparative 
analysis between AS- and PsA-
isolated monocytes – 1.  a) Stacked 

bar graph summarising percentage of 

each cohort identity in the classical 

(CM), intermediate (IM) and non-

classical (NCM) monocyte clusters. b) 
Plot showing the proportion of cells 

expressing SPP1, LMNA, CLEC5A 

and GPNMB in each monocyte 

subset cluster. c) Plot displaying the 

relative expression of the tetraspanins 

CD9, CD63 and CD81 in all monocyte 

subsets across the cohorts. Pie-

charts summarising  
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Figure 7  Comparative 
analysis between AS- and PsA-
isolated monocytes – 2.   a) Plot 

displaying the relative expression of 

the tetraspanins CD9, CD63 and 

CD81 in all monocyte subsets across 

the cohorts. Pie-charts summarising 

b) IM, e) CM and c) NCM 

comparisons displaying specific terms 

identified in AS and PsA DEGs. 
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Figure 8  Comparative analysis between AS- and PsA-isolated monocytes- 3.  Plot 

displaying the relative expression of CXCL2, CXCL3, VEGFA, ADAMDEC1, ADAM28 and MMP9 in 

all monocyte subsets across the cohorts. 
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Conventional DCs 

Pathway analysis of AS-isolated cDCs implies a stressed cell phenotype, as 

exemplified by GO terms such as “response to endoplasmic reticulum stress”, 

“cellular response to chemical stress”, “negative regulation of cellular protein 

localisation” and “regulation of protein stability” (Fig. 9a and Supplementary 

Table S2 [Appendix XXVI]). Furthermore, the AS-isolated mature DCs show 

enrichment for genes related to “glucocorticoid-mediated signalling”, which is 

typically involved in regulating stress responses (Fig. 10a and Supplementary 

Table S2 [Appendix XXVI]). Interestingly, endoplasmic reticulum stress in DCs 

has been shown to exacerbate IL-23 signalling 44, which is commonly 

implicated in AS and other inflammatory conditions, by promoting the 

differentiation of Th17 cells45. 

Once again, GO terms specifically enriched in PsA-isolated cDCs and mature 

DCs are suggestive a more activated phenotype responding to viral infection. 

Terms enriched in these cells include “viral process”, “positive regulation of 

cell-cell adhesion” and “cytokine-mediated signalling pathway” in PsA cDCs 

and “response to virus”, “type I IFN-signalling pathway” and “viral gene 

expression” in the mature DCs (Fig. 9b and 10bd). In line with this, we also 

note enrichment for “regulation of I!B/NF-!B signalling pathway” in the PsA-

isolated mature DCs. This enrichment is accompanied by the differential 

expression of the TNIP1 (TNFα-induced protein 3- interacting protein 1) in the 

PsA mature DCs (Fig. 10c). GWAS studies have revealed TNIP1 to be 

associated with PsA aetiology9 and has been shown to be involved with 

defective NF-!B signalling by interacting with TNFα-Induced Protein 3 

(TNFAIP3)46. 

Plasmacytoid DCs 

pDCs are crucial in combating infection by releasing type I interferons. 

Consistent with this, we show that shared GO terms between AS and PsA-

isolated pDCs include “regulation of response to biotic stimulus”, “defence 

response to other organism” and “viral genome replication” (Supplementary 
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Table S2 [Appendix XXVI]). However, we note only 16.4% overlap of DEGs 

between AS and PsA pDC gene expression profiles. Pathway analysis 

revealed differences in signalling pathways including “ferroptosis” in AS, 

compared to “NOD-like receptor signalling pathway”, “I!B/NF-!B signalling” 

and “necroptosis” in PsA (Fig. 11a and 11b). To explore how these gene 

expression profiles translated phenotypically, we mapped overexpressed 

genes from either dataset onto the Human Phenotype Ontology database. 4 

of the top 10 GO terms enriched in the AS pDCs were linked to function or 

breakdown of musculoskeletal tissue (HP:0002913, HP:0003201 and 

HP:0002747) and spinal muscular atrophy (HP0007269) (Fig. 11c and 

Supplementary Table S3 [Appendix XXVII]). On the other hand, in PsA pDCs 

we show that 6 of the top 10 GO terms were related to skin aberration 

(HP:0200042) and bone or skin inflammation (HP:0000988, HP:0001581, 

HP:0002754, HP:0100658 and HP:0002841) (Fig. 11c and Supplementary 

Table S4 [Appendix XXVIII]). Overall, these differences indicate that pDCs 

have divergent roles in AS and PsA pathology. 
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Figure 9  Comparative analysis between AS- and PsA-isolated conventional dendritic 
cells. Pie-charts summarising conventional DCs (cDCs) comparison displaying a) specific terms 

identified in AS DEGs and b) specific terms identified in PsA DEGs.  
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Figure10 Comparative 
analysis between AS- and 
PsA-isolated mature 
dendritic cells.. Pie-charts 

summarising mature DCs 

comparison displaying a) 
specific terms identified in AS 

DEGs and b) specific terms 

identified in PsA DEGs. Pie 

charts display percentage of 

genes in each GO group out of 

total number of annotated 

genes. c) Violin plot showing 

expression level of TNIP1 

across the cohorts. Non-

parametric Wilcoxon Rank 

Sum test carried out for 

comparative expression 

analysis with Bonferroni 

correction; corrected p value 

results summarised above plot 

(n.s. p >0.05, *p <0.05, **p < 

0.01, ***p < 0.001, ****p < 

0.0001).  
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Figure 11 Comparative analysis between AS- and PsA-isolated plasmacytoid dendritic cells. Pie-charts summarising plasmacytoid DCs (pDCs) comparison 

displaying a) specific terms identified in AS DEGs and b) specific terms identified in PsA DEGs. Pie charts display percentage of genes in each GO group out of total number 

of annotated genes. c) Plots displaying the top 10 enriched human phenotypes in AS DEGs and PsA DEGs; terms ranked by p-value. The length and colour of the bar 

represent how significant the term is. 
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Shared GO terms between AS and PsA cells 

Exploring shared GO terms that are enriched in both AS and PsA cells 

(Supplementary Table S2), we find that terms related to antigen processing 

and presentation are enriched in all antigen presenting cells (APCs). 

Upregulated genes in these groups include HLA-B. Various alleles pertaining 

to this MHC class I molecule have been associated with increased risk of AS 

and PsA pathology, including HLA-B13, -40, -47 and -5147 in AS and HLA-B8, 

-38, and -39 in PsA48.  

As is expected during states of inflammation, chemokine-related signalling 

was detected in both AS and PsA. This state was a shared attribute in the NK 

and all monocyte subset cells. Moreover, terms related to TNF production or 

signalling was upregulated in both AS and PsA activated B cells, NK cells, 

cDCs and all monocyte subsets. The elevated levels of this pro-inflammatory 

cytokine in both AS and PsA is well documented49,50, with various anti-TNF 

treatments being used in the clinic, including etanercept, infliximab and 

adalimumab.  

Specific markers in PsA-isolated cells 

Our analysis reveals markers that are specifically upregulated in the PsA-

isolated cells. Firstly, ribosomal protein S14 pseudogene AL365357.1 was 

found to be expressed across all PsA PBMCs (Fig. 12a). Upon further 

inspection of the PsA cells, the highest expression of AL365357.1 transcripts 

was found in the lymphocyte populations (T- and B cells) and appeared to be 

preferentially expressed in the naïve subsets (Fig. 12b). On the other hand, 

the PsA-isolated APCs (B cells, monocytes and DCs) show differential 

expression for HLA-DQA2, particularly by the NCMs (Fig. 12c). 

 



 

 189 

 

Figure 12 Specific markers identified in PsA-isolated cells. a) Plot displaying relative expression level of AL365357.1 across the cohorts. b) Violin plot showing 
expression level of AL365357.1 across all cell clusters in the PsA isolated cells. c) Plot displaying relative expression level of HLA-DQA2 across the cohorts. Non-parametric 
Wilcoxon Rank Sum test carried out for comparative expression analysis with Bonferroni correction; corrected p value results summarised above plots in Fig. 12a and c (n.s. p 
>0.05, *p <0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001). 
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5.5 Discussion 

To our knowledge, this is the first study to use scRNA-seq to examine the 

differences in PBMCs of AS and PsA patients at the transcriptional level.  Using 

this information, we have been able to deduce potential functional changes in the 

peripheral immune cells of these two patient groups, that might underlie disease 

pathology.  

 

Our results point to the involvement of IFN-γ-mediated signalling in PsA 

pathology found in previous studies51,52. Upregulation of gene expression related 

to IFN-γ signalling in peripheral immune cells, appears to be more prominent in 

PsA. This finding aligns with transcriptional studies in AS-isolated cells that have 

shown a “reverse IFN-γ signature” compared to HC, where genes typically 

upregulated by interferon have been found to be downregulated in AS cells. From 

this data we conclude that there is dysregulated IFN-γ signalling in AS53, which 

may play a role in its pathology.  

 

With AS and PsA CD8+ T cells, we noted evidence potentially related to 

immunosenescence. This phenomenon is related to aging where the immune 

system is unable to mount an effective immune response due to an increasingly 

deteriorating immune system. As a result, people are more vulnerable to 

infections and cancer. Immunosenescence has been reported in various 

autoimmune conditions, thereby suggesting that “early aging” of the immune 

system plays a role in dysregulated immune responses seen in chronic 

inflammatory conditions. An increase in senescent CD8+ T cells has previously 

been reported in both psoriasis54 and AS55. Moreover, we observe differential 

expression of genes related to cytotoxicity in the CD8+ T cells across the cohorts. 

PFN1 (profilin 1) has been shown to have a regulatory role in cytotoxic T cell-

mediated killing56. The low expression of PFN1 in AS CD8+ T cells, compared to 

HC and PsA cells, perhaps highlights disparities in cytotoxic potential. In fact, this 

is accompanied by low expression of CALM1 (calmodulin 1) in the AS CD8+ T 

cells, which encodes for the calcium ion binding protein calmodulin. Calmodulin 

is essential for T cell aggregation, which plays a role in T cell activation and 

cytotoxicity57. In fact, cancer studies have shown that low expression of CALM1 
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is associated with poor infiltration, leading to compromised immunosurveillance 

by the cytotoxic T lymphocytes58. Furthermore, the greater number of PsA cells 

expressing NKG7 (cytotoxic granule protein), may play a potential role in skin 

cutaneous-related PsA pathology. Earlier studies have reported increased 

expression of NKG7 in psoriatic skin lesions, compared to unaffected skin59.  

Similar observations have been reported in skin CD4+ T cells of pemphigus 

foliceus patients, an autoimmune condition involving skin pathology60. 

 

Our results also clearly highlight the pathological role of monocytes in AS and 

PsA. Firstly, our reporting of elevated numbers of IMs is consistent with other 

studies in various inflammatory conditions. We also observe high expression of 

markers involved in bone remodelling such as SPP1 (osteopontin), LMNA (lamin 

A) and GPNMB (osteoactivin). Studies have proposed that CMs form the main 

osteoclast progenitor cells in normal physiology, but that IMs develop increased 

osteoclastogenic potential during states of chronic inflammation61. Osteopontin is 

of particular interest as it has been shown to promote differentiation of naïve CD4+ 

T cells to Th17 cells62, which are implicated in AS and PsA pathology63. In line 

with this, we observed upregulation of tetraspanins such as CD9, CD63 and 

CD81, that are involved in regulating homotypic monocyte adhesion and 

migration, which is vital in monocyte fusion to form osteoclast progenitor cells64.  

Although pathway analysis showed genes related to osteoclast differentiation in 

both AS and PsA-isolated CMs and IMs, osteoclast differentiation in NCM cells 

was specific to AS-isolated cells. This was also accompanied by a gene 

expression profile indicative of a more activated NCM phenotype in the AS cells. 

These results lead us to conclude that NCMs potentially have a more destructive 

role in AS pathology compared to PsA. 

 

Moreover, we show here that CMs appear to be the main monocyte-subset 

involved in releasing pro-angiogenic factors. We observe an increased potential 

for regulation of vasculature development and regulation of smooth muscle cell 

proliferation in AS and PsA CMs, with upregulation of pro-angiogenic factors such 

as CXCL2, CXCL3 and VEGFA. Angiogenesis is crucial to support the increased 

infiltration of immune cells to sites of inflammation and mediate pathological 

tissue destruction.  
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For the pDCs, our results show divergent expression profiles between AS and 

PsA, which translated into enrichment for different phenotypic annotations. 

Whereas AS pDCs showed GOs related to musculoskeletal tissue breakdown, 

overexpressed genes in PsA were linked to skin inflammation and disorder. 

These observations align with clinical manifestations of each disease and 

suggest that circulating pDCs play different roles in AS and PsA pathology. 

Interestingly, PsA-specific observations included enrichment for terms related to 

necroptosis, a form of non-apoptotic programmed cell death (PCD) related to 

inflammation. Dysregulation of necroptosis in DCs has been shown to be 

implicated in autoimmunity and inflammation65. Given the detection of 

necroptosis in psoriatic skin lesion keratinocytes, this finding has been suggested 

to play a role in cutaneous pathology66.  

 

Throughout our results, pathway analysis indicates upregulation of cellular events 

related to autophagy and ferroptosis in AS- and/or PsA-isolated peripheral 

immune cells, compared to HC. Autophagy is a catabolic housekeeping process, 

employed by cells to degrade damaged cellular components and organelles67. 

Autophagy has been shown to contribute to ferroptosis, which is an iron-

dependent form of PCD, by degrading ferritin, thereby elevating cellular iron 

levels68. Ferroptosis is recognised as immunogenic, as this form of PCD has been 

shown to release damage-associated molecular patterns (DAMPs), which in turn 

can perpetuate inflammation. This type of inflammation following non-apoptotic 

PCD, is termed necroinflammation69. Although the role of necroinflammation in 

AS and PsA pathology is not fully understood, dysregulation in non-apoptotic 

PCD has been linked to various autoimmune conditions70. As such, our results 

indicate the involvement of dysregulated non-apoptotic PCD in both AS and PsA 

to perpetuate systemic inflammation. 

Specifically, in the PsA peripheral immune cells we note differential expression 

of the pseudogene AL365357.1 (paralogous to RPS14), particularly in the naïve 

lymphocyte subsets. Currently, this is a poorly annotated gene and is thought to 

lack the ability to produce any protein. Despite their inactivity, pseudogenes have 

been shown to play a role in modulating inflammation71. This observation 
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warrants further work to understand the implication of AL365357.1 in PsA 

pathology. Moreover, the APCs isolated from the PsA patients show a differential 

expression for the MHC class II transcript HLA-DQA2, with a strong preferential 

expression detected in the non-classical monocytes. HLA-DQA2 is paralogous to 

HLA-DQA1 but is not as well understood. However, older studies conducted in B 

cell lymphoblastoid cell lines suggest that HLA-DQA2 a-chains are not able to 

form stable heterodimers with an MHC class II b-chain72, which is vital in forming 

the peptide binding domain of MHC class II molecules. Thus, we speculate 

whether this leads to impaired antigen display by PsA-isolated APCs, compared 

to their AS and HC counterparts. Further functional studies are required to test 

this hypothesis.  

A key limitation of this study has been the small sample size (n = 3 for each 

cohort). However, with over 25,000 cells isolated across the cohorts and profiled 

at single-cell resolution, our results provide valuable insight into the 

transcriptional changes that might drive the dysfunctional systemic inflammatory 

response in AS and PsA. Specifically, they show an increased interferon 

response in PsA patients and up-regulation of pathways related to antigen 

processing/presentation and non-apoptotic PCD in both AS and PsA individuals. 

Significantly, we have also identified AL365357.1 and HLA-DQA2 as specific 

markers for PsA.   
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 Exploring dexamethasone mechanism-of-
action in LPS-challenged THP-1 monocytes 
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6.1 Background 

The process of inflammation is tightly regulated, however, in various inflammatory 

conditions this regulatory process can become unchecked. As a result, this can 

lead to a pathologically active immune response that becomes increasingly 

detrimental, causing chronic inflammation in patients. Consequently, such 

conditions may rely on administered anti-inflammatory mediators. 

Dexamethasone (Dex) is a potent, synthetic glucocorticoid (GC) drug that is used 

as an anti-inflammatory and immunosuppressant agent. Dex has been 

extensively used in the clinic for over 50 years to treat a wide range of 

inflammatory conditions; including asthma, allergies, ulcerative colitis and 

psoriasis. Despite their common and effective clinical use, the exact mechanism 

by which GCs elicit their response remains to be elucidated. This is further 

complicated by the fact that their response appears to be tissue-, state- and 

patient-dependent (Gross and Cidlowski, 2008; Timmermans, Souffriau and 

Libert, 2019). Moreover, GC therapy is also accompanied by further drawbacks, 

including adverse effects and GC-resistance (Rodriguez et al., 2016). Such 

issues arise partly due to our incomplete understanding of GC mechanism-of-

action.  

 

Monocytes are a vital component of the innate arm of the immune system. As 

first-line responders, they are heavily involved in initiating immune responses 

during infections. They do so by relying on pathogen recognition receptors 

(PRRs) to recognise conserved features on foreign pathogens, known as 

pathogen associated molecular patterns (PAMPs). One such molecule is 

lipopolysaccharide (LPS), which is an endotoxin found on the outer membrane of 

Gram-negative bacteria. LPS is able to activate monocytes via the PRR Toll-like 

receptor 4 (TLR4) and invoke a response which leads to the activation of the 

transcription factor NF-κB (Wan et al., 2016) resulting in a microbicidal response 

(Bosisio et al., 2002). Monocytes are also highly efficient cells that are able to 

differentiate into other specialised myeloid lineage-cells that participate in the 

attack against foreign invaders- macrophages and dendritic cells (DCs). These 

cells are specialised antigen presenting cells (APCs) that are able to further 
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recruit the aid of adaptive immune cells, to aid in the attack against foreign 

invaders.  

Studies often make use of cell lines for modelling primary cell behaviour. They 

are typically useful for such studies as they are presumed to be genetically 

homogenous and so produce consistent and reproducible results. However, 

refuting this, Sato et al have shown that HeLa cells are in fact phenotypically 

diverse (Sato et al., 2016). 

 

Given the importance of GC treatment in conditions such as rheumatic conditions, 

it is vital to understand the mechanism by which therapeutic relief is mediated. 

As such, in this study we hypothesised that scRNA-seq could be used to 

investigate the Dex mechanism-of-action on LPS-challenged THP-1 cells.THP-1 

cells are immortalised monocyte-like cells derived from the peripheral blood of an 

acute monocytic leukaemia sufferer. Concurrently, we sought to explore how 

homogenous THP-1 cells are and how this is impacted by LPS and Dex 

treatment. 

 

Refer to Chapter 2 sections 2.4 - 2.6 for further experimental details.The 

functional data presented in this chapter serve as an example of the complete 

analysis conducted in chapters 3, 4 and 5.  
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6.2 Quality control and assessment 

 Assessing quality of tagmented cDNA libraries 

One cDNA library replicate was prepared for each sample. Prior to sending the 

THP-1 samples for sequencing, the quality of the tagmented libraries was 

analysed on the Agilent Tapestation. This was done to ensure that the sample 

consisted of one smooth curve, free from shorter contaminant DNA fragments. 

The Tapestation traces of each sample in Figure 6-1 show that the cDNA integrity 

of each library was of high quality. All tagmented libraries had an average size 

within the expected range.  

 

 

 

 
Figure 6-1 Tapestation traces of tagmented THP-1 cDNA libraries. The Tapestation analysis 

traces of the tagmented cDNA libraries for the A) THP-1 control sample- average library size 496 bp; B) 

Dex-treated THP-1 sample- average library size 466 bp; C) LPS-treated THP-1 sample- average library size 

469 bp; and D) Dex/LPS-treated THP-1 sample- average library size 571 bp. 

  

A)  B) 

D) C) 
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 Assessing quality of sequencing data 

Single-cell 3’ cDNA libraries were subjected to 150bp, paired-end sequencing. 

The data was supplied as demultiplexed fastq files from Novogene, with two read 

files- read 1 (containing the cell barcode and the UMI) and read 2 (mRNA read). 

As only the first 20 base pairs of the read 1 file contain the cell barcode and UMI 

information, all read 1 files were trimmed down to 20bp using the Trimmomatic 

tool (Bolger, Lohse and Usadel, 2014). Next, we assessed the quality of the 

sequencing of all samples on FASTQC (Figure 6-2) (Andrews, 2010). This 

revealed an average of ~112 million sequences per samples. We obtained high 

quality (quality score > 20) across all read 1 files and the majority of the LPS and 

Dex/LPS treated read 2 files. However, the control and Dex-treated read 2 files 

showed a noticeable drop in quality in the last few 5-10 bases and were therefore 

trimmed using Trimmomatic at 145bp and 140bp, respectively. 
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Read 1            Read 2 

 
Figure 6-2 Quality control of single-cell RNA sequenced THP-1 samples. Displayed is the mean 

per base quality score at each position in the read for the read 1 and read 2 FASTQ files for each THP-1 

sample sequenced: A) Control; B) Dex-treated, C) LPS-treated and D) Dex/LPS-treated. High quality > 30, 

medium quality 20-30 and low quality < 20. The control sample read 2 FASTQ file was trimmed at 145bp as 

and Dex-treated sample read 2 was trimmed at 140bp, as indicated by the red line. 

A 

B)  

A)  

C)  

D)  
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 Data processing on Drop-seq pipeline 

Next, these paired reads were processed on the Drop-seq tools pipeline to 

generate single-end aligned reads. An estimate of the number of viable cells per 

samples was predicted using dropbead R library (Alles et al., 2017) to produce a 

digital expression (DGE) matrix with the top most commonly occurring barcodes 

extracted from each sample.  Using the BAMTagHistogram output generated by 

the Drop-seq tools pipeline, dropbead estimates the number of STAMPs (Single-

cell Transcriptomes Attached to Microparticles; i.e. number of cells) in the sample 

by calculating the inflection point of the cumulative fraction of reads against the 

barcodes (Figure 6-3). Based on the number of cells predicted by dropbead, we 

extracted the top 2,700 cell barcodes in the control sample, 2,500 in the Dex-

treated, 2,500 in the LPS-treated and 3,200 in the Dex/LPS-treated samples.  

 

 

 
 

Figure 6-3 Estimate of the number of cells in each THP-1 sample sequenced. Dropbead analysis 

results, calculation of the inflection point of the cumulative fraction of reads against the barcodes in 

THP-1 A) control, B) Dex-treated, C) LPS-treated and D) Dex/LPS-treated samples. 

A)  B)  

C)  D)  



 

 210 

 Quality control of processed datasets 

The DGE files were used as input into the Seurat R library software for initial 

quality control (QC) analysis to remove any cells of low quality. R script code is 

included in Appendix V. Individual samples were uploaded and filtered to include 

data where feature genes were detectable in at least 5 or more cells, as well as 

cells that expressed at least 100 genes. This was performed to ensure that 

clustering analysis did not generate small clusters of low-quality cells. Next, the 

individual samples were filtered to exclude cells that express < 100 or > 2500 

genes and > 20% mitochondrial genes. QC metrics for each sample are 

visualised in Figure 6-4.  The number of cells remaining post QC filtration were 

as follow: 2,447 for the control sample, 2,227 cells for the Dex-treated sample, 

2,005 for the LPS-treated sampled and 3,042 for the Dex/LPS-treated sample. 
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Figure 6-4 QC metrics for the THP-1 samples. QC metrics of A) THP-1 control sample; B) Dex-

treated sample; C) LPS-treated sample and D) Dex/LPS-treated sample. Violin plots to visualise the number 

of genes (nGenes), number of UMIs (nUMI) and percentage of mitochondrial genes (% mito. genes) in the 

sample. Scatter plots visualise the % mito.genes vs. nUMI and nGenes vs. nUMI. Scatter plots visualise the 

relationship between the two features and identify any outlier results. Pearson correlation between the two 

features is displayed above the plot.  

  

A) 

B) 

C) 

D) 
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6.3 Analysing THP-1 control sample 

Firstly, we sought to explore how homogenous the THP-1 cells are by analysing 

the control (untreated) sample. This would give us a starting point for our 

downstream analysis strategy by identifying the clusters in the control sample. 

Following QC filtration of the control sample (as per section 6.2.4), the data was 

normalised according to Seurat’s global-scaling normalisation method. Next, the 

top 2,000 highly variable genes (HVGs) were identified for subsequent 

downstream analysis, before scaling the data (linear transformation) and 

regressing out unwanted variation due to mitochondrial gene contamination. 

Using Seurat’s CellCycleScoring function the effect of the cell cycle was predicted 

by assigning a cell cycle score to each cell, based on its expression of G2/M and 

S phase markers and regressing this effect out (Figure 6-5A and Figure 6-5B).  

Next, we performed principal component analysis (PCA) on the scaled data to 

reduce the dimensionality and then selected the topmost significant principal 

components (PCs) for downstream analysis. In this case we used first 10 PCs as 

there appeared to be a drop in significance in the PC beyond the first 10, as 

determined by the ElbowPlot and JackStrawPlot functions (Figure 6-5C and 

Figure 6-5D). We proceeded with clustering using a resolution of 0.6 and UMAP 

was then run to visualise the data, identifying 6 distinct clusters (Figure 6-6A). 

Performing differential gene expression (DGE) analysis, we were able to identify 

genes that were significantly expressed in each cluster in comparison to all other 

clusters. The cells in each cluster showed distinct gene expression profiles, as 

visualised by the top 10 genes heatmap (Figure 6-6B). Based on the upregulated 

DEGs and pathway analysis, we were able to empirically and functionally define 

each cluster.  
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Figure 6-5 THP-1 control sample cell cycle regression and PCA analysis results. Principal 

component analysis (PCA) on THP-1 control sample A) pre cell cycle regression shows that cells cluster 

according to cell cycle phase and B) post cell cycle regression this effect is removed C) Elbow plot displaying 

PCA results (post cell cycle regression) determining the standard deviation of each principal component 

(PC). D) JackStrawPlot to visualise the distribution of p values for each PC with a uniform distribution 

(dashed line).  

A) B) 

 

D) 

 

C) 
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Figure 6-6  THP-1 control sample clustering visualisation and differential gene expression analysis. A) UMAP plot visualising 6 distinct clusters in 

the THP-1 control sample. Cluster 0 – Monocyte-like cells (MLCs); cluster 1- H4 Clustered Histone 3; cluster 2- Transmembrane Protein 161B- Antisense RNA 1 

(TMEM161B-AS1)+ cells; cluster 3- stressed MLCs; cluster 4- monocyte-derived-macrophages (MDMs); cluster 5- dendritic cells (DCs).  B) The top 10 genes expressed 

in each cluster are displayed in a heatmap showing the z-score average expression. Column colours represents those assigned to the clusters.

A) B) 
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 Control sample: clusters 0 and 3 markers show gene expression 
consistent with monocytes 

 

Clusters 0 and 3 grouped close to one another and show differential expression 

for similar markers. These include SPN (sialophorin), and CLEC11A (C-Type 

Lectin Domain Containing 11A) and AZU1 (azurocidin 1) all of which are markers 

typically expressed by monocytes (Figure 6-7A) (Zawada et al., 2011; Thomas et 

al., 2015). Functional analysis of cluster 0 revealed enrichment related to “cell-

cell adhesion” as well as gene expression related terms (Figure 6-7B).   

Moreover, comparing the gene expression profiles of cluster 1 to cluster 3, we 

note that cluster 3 expressed stress-related markers such as HSP90B1 (Heat 

Shock Protein 90 Beta Family Member 1), HSPA5 (Heat Shock Protein Family A 

(Hsp70) Member 5), HYOU1 (Hypoxia Up-Regulated 1) and DNAJB11 (DnaJ 

Heat Shock Protein Family (Hsp40) Member B11) (Figure 6-8A). In fact, 

compared to all other clusters, cluster 3 shows the highest expression of these 

markers, highlighting its stressed identity. In line with this, functional analysis 

shows enrichment for genes related to a stressed gene expression profile, 

including “response to endoplasmic reticulum stress”, “IRE1-mediated unfolded 

protein response” and “AFT6-mediated unfolded protein response” (Figure 6-8B). 

Overall, this suggests that clusters 0 and 3 are both monocyte-like cells (MLCs), 

but that cluster 3 consists of stressed cells.  
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Figure 6-7 Differential expression in clusters 0 and 3 of THP-1 control sample. A) Feature plots 

displaying expression of SPN, CLEC11A and AZU1 in THP-1 control sample. High expression in cluster 0 

encircled in red and cluster 3 in blue. B) GO biological processes analysis of genes significantly expressed 

(p < 0.05, log fold change > 0.25) in cluster 0. Terms shown are those that were significantly enriched at 

Benjamini-Hochberg correction FDR < 0.05. 

 

 

 
 

 

 

 

A) 

B) 
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Figure 6-8 Differential expression in cluster 3 of THP-1 control sample. A) Feature plots 

displaying expression of HSPA5, HYOU1 and DNAJB11 in THP-1 control sample. High expression in cluster 

3 encircled. B) GO biological processes analysis of genes significantly expressed (p < 0.05, log fold change 

> 0.25) in cluster 3. Terms shown are those that were significantly enriched at Benjamini-Hochberg 

correction FDR < 0.05. 

  

A) 

B) 



 

 218 

 Control sample: cluster 1 gene expression is suggestive of a 
proliferating cell phenotype 

 

Cluster 1 showed a distinct gene expression profile, but mostly expressed 

ribosomal genes. Although ribosomal genes can be a cause for noisy data, we 

avoided regressing them out, as they could be biologically relevant. However, this 

cluster did show high expression for HIST1H4C (H4 Clustered Histone 3; 

encodes for histone H4) (Figure 6-9A) typically involved in proliferating cells 

(Metzger et al., 2019). In line with this, functional analysis of cluster 1 also 

revealed enrichment for “regulation of translation”, “cell proliferation” and 

“negative regulation of apoptotic process” (Figure 6-9B). Overall, this suggests 

that cluster 1 is a group of proliferating cells. 

 

 

 
 

Figure 6-9 Differential expression in cluster 1 of THP-1 control sample. A) Feature plots 

displaying expression of HIST1H4C in THP-1 control sample. High expression in cluster 1 encircled. B) GO 

biological processes analysis of genes significantly expressed (p < 0.05, log fold change > 0.25) in cluster 

1. Terms shown are those that were significantly enriched at Benjamini-Hochberg correction FDR < 0.05. 

  

A) B) 
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 Control sample: cluster 2 shows gene expression related to cell 
metabolism and DNA replication 

 

Functional analysis for cluster 2 only revealed enrichment for genes related to 

RNA processing and cell division (Figure 6-10B). Nevertheless, we noted high 

expression for the long non-coding RNA TMEM161B-AS1 (Transmembrane 

Protein 161B- Antisense RNA 1), which is currently a poorly annotated gene 

(Figure 6-10A). Cluster 2 also showed high expression for ZNF117 (Zinc Finger 

Protein 117), ANKRD36 (Ankyrin Repeat Domain 36) and ANKRD36C (Ankyrin 

Repeat Domain 36C). 

 

 

 

 

 
 

Figure 6-10 Differential expression in cluster 2 of THP-1 control sample. A) Feature plots 

displaying expression of TMEM161B-AS1, ZNF117 and ANKRD36 in THP-1 control sample. High 

expression in cluster 2 encircled. B) GO biological processes analysis of genes significantly expressed (p < 

0.05, log fold change > 0.25) in cluster 2. Terms shown are those that were significantly enriched at 

Benjamini-Hochberg correction FDR < 0.05. 

  

A) 

B) 
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 Control sample: clusters 4 and 5 gene expression profiles are 
consistent with professional antigen presenting cell identity 

 

Unexpectedly, clusters 4 and 5 showed gene expression profiles consistent with 

more differentiated phenotypes. Firstly, both clusters differentially expressed 

marker CD74 (Figure 6-11), which is a marker commonly expressed by 

professional antigen presenting cells (APCs) (Gil-Yarom et al., 2017). Both 

clusters also showed upregulation in MHC class II genes such as HLA-DRA and 

HLA-DRB1 (Figure 6-11) consistent with professional APC identity. Additionally, 

cluster 4 showed differential expression for markers such as CD44 (cluster of 

differentiation 44) and LYZ (lysozyme) (Figure 6-12A) which are markers found 

to be expressed by monocyte-derived-macrophages (MDMs). Interestingly, 

cluster 4 was also found to express the pro-inflammatory mediator CXCL8 (C-X-

C Motif Chemokine Ligand 8; also known as IL-8). In line with this, functional 

analysis revealed enrichment for genes related to “antigen processing and 

presentation”, “leukocyte migration”, “inflammatory response”, “innate immune 

response” and “type I interferon signalling” (Figure 6-12B). Unexpectedly, this 

suggests that cluster 4 is a differentiated MDM phenotype in the control THP-1 

sample. 

 

On the other hand, cluster 5 showed high expression for genes related to 

dendritic cell (DC) development, such as LTB (lymphotoxin beta) and CCR7 (C-

C chemokine receptor type 7), which is involved in DC migration (Randolph, 

Angeli and Swartz, 2005) (Figure 6-13A). Biological function annotation shows 

enrichment of genes related to “immune response” and “regulation of immune 

response” (Figure 6-13B). Overall, the expression profile of cluster 5 is suggestive 

of a DC phenotype.  
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Figure 6-11 Differential expression in clusters 4 and 5 of THP-1 control sample. Feature plots 

displaying expression of CD74, HLA-DRA and HLA-DRB1 in THP-1 control sample. High expression in 

cluster 4 encircled in red and cluster 5 in blue.  

 

 

 

 

 

Figure 6-12 Differential expression in cluster 4 of THP-1 control sample. A) Feature plots 

displaying expression of CD44, LYZ and CXCL8 in THP-1 control sample. High expression in cluster 4 

encircled. B) GO biological processes analysis of genes significantly expressed (p < 0.05, log fold change > 

0.25) in cluster 4. Terms shown are those that were significantly enriched at Benjamini-Hochberg correction 

FDR < 0.05. 

  

A) 

B) 
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Figure 6-13 Differential expression in cluster 5 of THP-1 control sample. A) Feature plots 

displaying expression of LTB and CCR7 in THP-1 control sample. High expression in cluster 5 encircled. B) 
GO biological processes analysis of genes significantly expressed (p < 0.05, log fold change > 0.25) in 

cluster 5. Terms shown are those that were significantly enriched at Benjamini-Hochberg correction FDR < 

0.05. 

  

A) 

B) 
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6.4 Analysis of aligned and integrated THP-1 cell datasets 

Having established heterogeneity in the THP-1 control sample, next we sought 

to conduct comparative analysis between the THP-1 control, Dex-, LPS, and 

Dex/LPS-treated samples, to identify any gene expression changes. In order to 

conduct such analysis, we aligned and integrated the four individual datasets on 

Seurat (Stuart, T. et al., 2019).  

 

Following QC filtration of the control, Dex-, LPS- and Dex/LPS-treated THP-1 

samples (as per section 6.2.4), each individual dataset was normalised according 

to Seurat’s global-scaling normalisation method. Next, the top 2,000 HVGs were 

identified for each individual dataset and scaled based on these HVGs as well as 

regressing out unwanted variation due to mitochondrial genes. Next, the scaled 

individual datasets were combined into a reference list to identify integration 

anchors between the datasets to perform data alignment and integration using 

default parameters. Next, using Seurat’s CellCycleScoring function the effect of 

the cell cycle was predicted by assigning a cell cycle score to each cell, based on 

its expression of G2/M and S phase markers and regressing this effect out. We 

then ran PCA and reduced the dimensionality of the integrated dataset based on 

the first 15 PCs, using UMAP. We proceeded with clustering with a resolution of 

0.2, which revealed 6 distinct clusters (Figure 6-14A, -B and -C). By running the 

FindConservedMarkers function on the aligned dataset, we were able to identify 

the conserved genes across the samples, in each cluster. This allowed us to 

explore any distinct genotypes across the conditions and study the gene 

expression changes that occur during the different treatments. The conserved 

genes in the six clusters identified in the integrated dataset, aligned with the ones 

observed in the control sample.  

Next, we explored the proportion of each sample identity in the different clusters, 

to investigate whether some cell clusters were more prominent in certain 

conditions Figure 6-14D and 6-14E).  
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Figure 6-14 Visualisation of aligned and integrated THP-1 samples. A) UMAP plot to visualise the 
aligned and integrated control, Dex-treated, LPS-treated and Dex/LPS-treated THP-1 samples. B) Plot to 
visualise the 6 clusters in the aligned and integrated dataset. C) UMAP plot visualising the clusters in each 
individual sample. D) Percentage breakdown of each sample identity in each cluster E) Percentage 
breakdown of each sample identity in each cluster.  
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 LPS-treatment induces elevation and maturation of DCs 

We note elevation of DCs following LPS- and Dex/LPS-stimulation compared to 

the control (Figure 6-14D and 6-14E). Moreover, we observe differential 

expression of the marker CD52 in the LPS- and Dex/LPS-treated DC cells, 

indicating DC maturation following stimulation (Figure 6-15A) (Zhao, Y. et al., 

2017). In keeping with this, the LPS- and Dex/LPS-treated DCs also express the 

DC maturation markers CD2 and SELL (selectin L) (Figure 6-15A and Figure 6-

15C).(Crawford et al., 2003; Ye et al., 2017). 

 

 
Figure 6-15 Assessing expression of markers related to dendritic cells maturation. Feature plots 

to visualise the expression levels of CD52, CD2 and SELL in the aligned and integrated THP-1 dataset. High 

expression detected in the DC cluster encircled.   

A) 

B) 

C) 
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 Dex-treatment of naïve THP-1 monocytes prevents development of 
monocyte-derived macrophage cluster 

Following LPS-stimulation, we note the upregulation of CD68 in the MDM cells 

(Figure 6-16). CD68 is an activation marker that has been found to be 

upregulated in macrophages following stimulation (Chistiakov et al., 2017). This 

in turn was accompanied by an elevation in MDM numbers Figure 6-14D and 6-

14E.  

On the other hand, following Dex-treatment of the naïve THP-1 cells, we see a 

decline in MDMs, with only 2.8% of cells in the MDM cluster accounting for Dex-

treated cells. This indicates that Dex treatment interferes with the development 

of the MDM subset in the THP-1 cells. However, this effect is reversed in the 

Dex/LPS-treated sample, implying that the LPS-stimulation preserves the 

formation and promotes the activation of the MDMs in the Dex/LPS-treated 

sample. Overall, these results suggest that Dex treatment negatively impacts 

naïve MDMs.  

 

 

 

 

 

 
Figure 6-16 Assessing expression of markers related to MDM maturation. Feature plot to visualise 

the expression levels of CD68 in the aligned and integrated THP-1 dataset. High expression detected in the 

MDM cluster encircled.   
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 LPS stimulation promotes a subset of TMEM161B-AS1+ cells to 
differentiate into a pro-inflammatory genotype  

 

Following LPS stimulation we observe that a subset of the TMEM161B-AS1+ 

cluster 2 cells form a distinct gene expression profile. This subset of cluster 2 was 

found to express high levels of CCL5 (C-C Motif Chemokine Ligand 5), a pro-

inflammatory chemokine. As such, we distinguished these CCL5- cluster 2 cells 

from the CCL5+ cluster 2 cells, based on CCL5 expression. For clarity, we named 

the CCL5- cells cluster 2a and the CCL5+ cells as cluster 2b (Figure 6-17). 

Differential gene expression also revealed high expression of GNLY (granulysin), 

LTB (lymphotoxin beta) and IL7R (Interleukin 7 Receptor) in Cluster 2b (Figure 

6-18). Cluster 2b remained prominent even in the Dex/LPS-stimulated THP-1 

sample, verifying that it is an LPS-induced genotype. 

The high expression of CCL5 and GNLY (a cytotoxic-mediator protein) in cluster 

2b is suggestive of a pro-inflammatory phenotype. The expression of LTB and 

IL7R was unexpected, as these markers are typically associated with T cell 

mediated immunity. However, in line with our results, a subset of healthy 

monocytes have been shown to develop a pro-inflammatory phenotype in 

response to LPS-stimulation, with differential expression of CCL5, IL7R and LTB 

(Al-Mossawi, H. et al., 2019). Interestingly, Al-Mossawi et al also identified this 

phenotype in monocytes isolated from the synovial fluid of ankylosing spondylitis 

and psoriatic arthritis patients, indicating a role in chronic inflammation. In our 

study conducted in Chapter 5, we did not identify this particular pro-inflammatory 

monocyte subset in AS and PsA. However, this could be a joint-specific 

phenotype, whereas our study was conducted on mononuclear cells isolated from 

the blood of AS and PsA patients.  
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Figure 6-17 Differential expression in Cluster 2a and Cluster 2b in THP-1 dataset. Feature plot to 

visualise the expression levels of CCL5 in the aligned and integrated THP-1 dataset. Differential gene 

expression between the cluster subsets tested using Wilcoxon Rank Sum test with Bonferroni correction; 

corrected p value result summarised above plot (*p ≤ 0.05). 

 

 
Figure 6-18 Differential expression of markers in cluster 2b in aligned and integrated THP-1 
dataset. Feature plot to visualise the expression levels of TMEM161-AS1, CCL5, IL7R, GNLY and LTB in 

the aligned and integrated THP-1 dataset. High expression of CCL5, IL7R, GNLY and LTB was observed 

following LPS stimulation in a subset of the TMEM161B-AS1 cells (named cluster 2b), encircled in red.  
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6.5 Gene expression comparisons between conditions 

Having explored the clusters in the integrated and aligned THP-1 sample 

datasets, next we investigated any treatment-specific genes compared to the 

control sample. This was conducted by exploring overall differential gene 

expression changes between the different conditions, to identify Dex- and LPS-

sensitive genes for downstream analysis.  

 

 Dexamethasone-sensitive genes 

Control vs. Dex-treated cells showed only 126 differentially expressed genes, 

with 91 up- and 35 downregulated genes in response to Dex-treatment. The 

upregulated genes included a number of ribosomal protein genes. Indeed, KEGG 

(Kyoto Encyclopedia of Genes and Genomes) pathway analysis shows 

enrichment of genes related to “Ribosome” and functional annotation was related 

to translation and ribosomal processing (Figure 6-19A).  Nevertheless, we note 

upregulation of markers that have previously been linked to glucocorticoid 

treatment, including FKBP5 (FK506 binding protein 51), TSC22D3 (TGF-β-

stimulated clone 22 domain family protein 3), SMAP2 (Small ArfGAP2), MT2A 

(metallothionein 2A), INSR (Insulin Receptor), KLF9 (Krüppel-like Factor 9) and 

NFKBIA (NFKB Inhibitor Alpha). Moreover, we also observe upregulation of 

transcripts such as ONECUT2 (One Cut Homeobox 2), SH2D4A (SH2 Domain 

Containing 4A), HERPUD1 (Homocysteine Inducible ER Protein With Ubiquitin 

Like Domain 1) and CHCHD2 (Coiled-Coil-Helix-Coiled-Coil-Helix Domain 

Containing 2). The top 50 most significant genes in this comparison are 

summarised in Figure 6-19B.  
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Figure 6-19 Differentially expressed genes in the Dex-treated sample. A) KEGG pathway 

and GO biological processes analysis on differentially expressed genes (p value < 0.05; logFC > 

0.25) upregulated in the Dex-treated sample compared to the control. Terms shown are those that 

were significantly enriched at Benjamini-Hochberg correction FDR < 0.05. B) Volcano plot displaying 

the top 50 expressed genes in the Dex-treated sample compared to the control. Plot displays 

upregulated and downregulated genes with a logFC > 0.25, coloured in blue and red respectively. 

Genes not significant (N.S.), with a p value > 0.05, coloured in grey. Only the top 50 genes are 

labelled.   

A) 

B) 
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 LPS-sensitive genes 

681 genes were differentially expressed, 416 up- and 265 downregulated in the 

LPS-treated cells compared to the control. As expected, KEGG pathway and 

functional annotation analysis showed that upregulated genes were related to 

pro-inflammatory signalling, such as terms related to viral inflammation (due to 

common downstream signalling across pathways), antigen 

processing/presentation, monocyte chemotaxis and nuclear factor kappa-light-

chain-enhancer of activated B cells (NF-κB)-, tumour necrosis factor (TNF)-, 

chemokine-mediated-, interleukin 1 (IL-1) and LPS-mediated signalling (Figure 6-

20A). This reflects the activation and maturation of the cells following LPS-

stimulation. The upregulated genes included SOD2 (superoxide dismutase 2), 

IL1B (interleukin 1 Beta), CCL5 (C-C Motif Chemokine Ligand 5), TNFAIP (TNF 

Alpha Induced Protein) 2/3/6, CCL4L2 (C-C Motif Chemokine Ligand 4 Like 2), 

CD44 (Cluster of Differentiation 44), IL7R (Interleukin 7 Receptor), NFKB1 

(Nuclear Factor Kappa B Subunit 1), NFKBIA, and CXCL8. The top 50 most 

significant genes in the control vs LPS-treated cells comparison is summarised 

in Figure 6-20B.  
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Figure 6-20 Differentially expressed genes in the LPS-treated sample. A) KEGG pathway 

and GO biological processes analysis on differentially expressed genes (p value < 0.05; logFC > 

0.25) upregulated in the LPS-treated sample compared to the control. Terms shown are those that 

were significantly enriched at Benjamini-Hochberg correction FDR < 0.05. B) Volcano plot displaying 

the top 50 expressed genes in the LPS-treated sample compared to the control. Plot displays 

upregulated and downregulated genes with a logFC > 0.25, coloured in blue and red respectively. 

Genes not significant (N.S.), with a p value > 0.05, coloured in grey. Only the top 50 genes are 

labelled. 

A) 

B) 
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6.6 Exploring gene expression changes amongst the conditions 

 Dex-treatment of LPS-challenged THP-1 cells leads to 
downregulation of IL1B 

 

IL1B encodes for the potent pro-inflammatory cytokine interleukin 1 beta (IL-1β). 

In the control sample, we observed expression of IL1B by relatively few cells, 

from the MLC, HIST1H4C+ and MDM clusters (Figure 6-21A). However, following 

LPS-stimulation, we note a significant upregulation particularly in the MLCs and 

the HIST1H4C+ cells (Figure 6-21B). On the other hand, following Dex-treatment 

of the LPS-challenged cells, there is a considerable decrease in expression 

compared to the LPS-treated sample. These results were verified using qRT-PCR 

on THP-1 whole cell lysate (Figure 6-21C).  
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Figure 6-21 Assessing expression of IL1B in the THP-1 dataset. A) Feature plot to visualise the 

expression of IL1B across the aligned and integrated dataset. B) Violin plot to compare expression levels of 

IL1B across the different conditions in the aligned and integrated dataset. Differential gene expression 

between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected p value 

results summarised above plot. C) mRNA expression of IL1B as determined by qRT-PCR in each condition. 

Results align with those observed in the scRNA-seq data. Data is mean ± SEM of three independent 

experiments. Statistical significance was determined using one-way ANOVA and Tukey’s test for post-hoc 

analysis. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 

  

A) 

B) C) 
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 Dex-treatment of LPS-challenged THP-1 cells leads to 
downregulation of CXCL8 

CXCL8 (also known as IL8) a strong pro-inflammatory mediator, was 

unexpectedly found to be expressed in the MDM cluster of the THP-1 control 

sample. Nevertheless, following LPS stimulation, CXCL8 was markedly 

upregulated across all the THP-1 cell clusters (Figure 6-22A). In comparison, this 

expression was significantly reduced in the Dex treated LPS-challenged cells 

(Figure 6-22B). However, in the MDM cluster, CXCL8 expression remained high 

despite treatment with Dex in the Dex/LPS-treated sample.  

We performed qRT-PCR analysis of CXCL8 expression on THP-1 whole cell 

lysate samples to verify the scRNA-seq results (Figure 6-22C). We did not note 

any baseline expression of CXCL8 in the control whole cell lysate THP-1 sample. 

However, given the detailed transcriptomic resolution at which scRNA-seq is able 

to perform, it is possible that qRT-PCR is not sensitive enough to pick up this 

signal. Moreover, confirming the scRNA-seq results, we found a significant 

expression of CXCL8 following LPS-stimulation of the THP-1 whole lysate 

sample in combination with Dex-treatment, this effect was significantly 

downregulated.  
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Figure 6-22 Assessing expression of CXCL8 in the THP-1 dataset. A) Feature plot to visualise the 

expression of CXCL8 across the aligned and integrated dataset. B) Violin plot to compare expression levels 

of CXCL8 across the different conditions in the aligned and integrated dataset.  Differential gene expression 

between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected p value 

results summarised above plot. C) mRNA expression of CXCL8 as determined by qRT-PCR in each 

condition. Results align with those observed in the scRNA-seq data. Data is mean ± SEM of three 

independent experiments. Statistical significance was determined using one-way ANOVA and Tukey’s test 

for post-hoc analysis. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 

  

A) 

B) 

 

C) 
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 NFKBIA expression is enhanced by Dex-treament 

Nuclear factor kappa-light-chain-enhancer of activated B cells (NF-κB) is a 

heterodimeric transcription factor that is involved in regulating a vast number of 

cellular processes and has a pivotal role in both innate and adaptive immunity 

(Liu, T. et al., 2017). The NF-κB complex consists of five gene members, namely 

NFKB1 (Nuclear Factor Kappa B Subunit 1; p105), NFKB2 (p100), RELA (V-Rel 

Avian Reticuloendotheliosis Viral Oncogene Homolog A; p65), RELB (V-Rel 

Avian Reticuloendotheliosis Viral Oncogene Homolog B) and REL (V-Rel Avian 

Reticuloendotheliosis Viral Oncogene Homolog; C-Rel). These components form 

homo- or heterodimeric complexes to produce the NF-κB transcription factor and 

act on κB-sites of target DNA. In the absence of stimuli, the NF-κB complex is 

confined to the cytoplasm by inhibitors of NFκB (IκB). Following pro-inflammatory 

signalling IκB proteins are degraded, allowing release of NFκB to translocate to 

the nucleus and act on target genes, to mediate pro-inflammatory signalling.  

 

The NF-κB pathway has been shown to be implicated in various studies as a key 

genomic target of glucocorticoid-related anti-inflammatory relief. Specifically, 

NFKBIA (NFKB Inhibitor Alpha, IκB⍺) expression has been reported to be 

induced by Dex in various cell types in different tissues, including airway smooth 

muscle cells (Sasse et al., 2016), corneal fibroblasts (Liu, L. et al., 2011) and 

lymphoid cell lines (Clarisse et al., 2018). This sequesters the NFκB complex and 

prevents translocation into the nucleus. Assessing the expression level of 

NFKBIA at baseline (in the control sample), we observe relatively low expression 

by some of the cells in all subtypes (Figure 6-23). However, the untreated MDMs 

show a relatively high expression of NFKBIA at baseline. Both Dex- and LPS-

treatment induced significant upregulation of NFKBIA expression compared to 

the control, albeit more modestly in the Dex-treated cells. However, the lower 

expression in the Dex-treated cells could be accounted for by the disappearance 

of the MDM cluster, that is present in the LPS-treated sample. Moreover, in the 

Dex/LPS-treated sample, we note a more enhanced and uniform expression of 

NFKBIA, compared to the control and LPS-treated samples.  
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Figure 6-23 Assessing expression of NFKBIA in the THP-1 dataset. Feature- and violin plot to 

visualise the expression level of NFKBIA across the aligned and integrated dataset. Differential gene 

expression between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected 

p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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 Dex-treatment induces expression of TSC22D3 

TSC22D3 encodes for glucocorticoid-induced leucine zipper (GILZ), an anti-

inflammatory protein. GILZ is commonly reported as upregulated in response to 

Dex treatment, in various cell types including airway epithelial cells (Eddleston et 

al., 2007), cardiomyocytes (Aguilar et al., 2013) and mast cells (Godot et al., 

2006). In agreement with these observations, we report significant upregulation 

of TSC22D3 in response to Dex-treatment in THP-1 cells (Figure 6-24). This 

effect is also maintained in the LPS-stimulated sample treated with Dex, 

confirming that this is indeed a GC-induced genotype. Although we note an 

upregulation of TSC22D3 across all subsets in the Dex treated samples 

compared to the control, this response appears to be more prominent in the MLCs 

and the HIST1H4C+ cells.  

GILZ is not capable of direct DNA binding but is able to bind to the p65 subunit 

of NF-κB complex to suppress NF-κB-mediated signalling (Berrebi et al., 2003), 

thus preventing inflammatory signalling. As such, this Dex-induced 

transrepressive effect mediated by GILZ is able to interfere with NF-κB signalling, 

independent of direct GC/NF-κB interaction (Ehrchen, J.M., Roth and Barczyk-

Kahlert, 2019). GILZ upregulation has even been suggested to be responsible for 

the efficacious nature of GC anti-inflammatory action. In fact, studies have shown 

that synthetic GILZ-based analogues (i.e. drugs of similar chemical or functional 

properties) are capable of inhibiting NF-κB activation of LPS-stimulated THP-1-

derived macrophages (Srinivasan, Blackburn and Lahiri, 2014). This shows that 

GILZ is capable of mimicking GC-induced anti-inflammatory relief and is an 

efficacious anti-inflammatory drug itself (Ayroldi, Macchiarulo and Riccardi, 

2014).  
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Figure 6-24 Assessing expression of TSC22D3 in the THP-1 dataset. Feature- and violin plot to 

visualise the expression level of TSC22D3 across the aligned and integrated dataset. Differential gene 

expression between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected 

p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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 Dex-treatment induces expression of FKBP5 

The FKBP5 gene encodes for the FK506-binding protein 51 (FKBP51) which acts 

as a co-chaperone in multiprotein complex that binds the GR. As such, it plays a 

vital role in modulating the activity of the GR. Studies have shown that FKBP5 is 

able to reduce GR sensitivity by interacting with the transport protein dynein, 

which in turn delays nuclear translocation of the GR and prevents GR-dependent 

transcriptional activity (Wochnik et al., 2005). FKBP5 upregulation in response to 

Dex-treatment, is also a commonly reported effect (Uhlenhaut et al., 2013; Jubb 

et al., 2016). Our studies show that FKBP5 is constitutively expressed across all 

clusters in the control sample, highlighting its important physiological role (Figure 

6-25). Moreover, we confirm the substantial upregulation in the Dex- and 

Dex/LPS treated samples, confirming that this is a Dex-induced genotype. This 

upregulation is observed across all cell clusters, but less so in the MDMs and 

DCs. As such, the upregulation of FKBP5 expression represents an anti-

inflammatory Dex-induced mechanism to regulate activation of pro-inflammatory 

signalling.  
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Figure 6-25 Assessing expression of FKBP5 in the THP-1 dataset. Feature- and violin plot to 

visualise the expression level of FKBP5 across the aligned and integrated dataset. Differential gene 

expression between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected 

p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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 Dex-treatment induces expression of KLF9 

Krüppel-like factors are transcription factors belonging to the Cis2His2-type zinc 

finger family. This family of transcription factors bind to GC/GT rich sequences of 

their target genes and activate or repress accordingly, with the help of chromatin-

modifying enzymes (McConnell and Yang, 2010). They have diverse roles in 

modulating nuclear receptor signalling and play essential parts in several 

developmental and physiological cell processes, including cell proliferation and 

differentiation (Knoedler and Denver, 2014). One such transcription factor is 

KLF9, which has been reported to have GRE, making it susceptible to regulation 

by GCs (Bagamasbad, P. et al., 2012; Bagamasbad, P.D. et al., 2015). In fact, 

the upregulation of KLF9 in various brain cells has been widely reported (Carter, 

Meng and Thompson, 2012; Peffer et al., 2014; Bagamasbad, P.D. et al., 2015), 

with crucial roles in growth and development. Although studies have also shown 

that KLF9 is upregulated in macrophages  in response to GC-stimulus (Chinenov 

et al., 2014), the significance of this is not as well understood. Our results confirm 

that KLF9 upregulation is a Dex-induced attribute, that persists in the Dex/LPS-

stimulated sample as well (Figure 6-26). This upregulation is consistent across 

all cell subsets in response to Dex treatment, particularly in the MLCs and 

HIST1H4C+ cells. Further functional analysis studies are required to establish the 

role of KLF9 in regulating inflammation.  
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Figure 6-26 Assessing expression of KLF9 in the THP-1 dataset. Feature- and violin plot to 

visualise the expression level of KLF9 across the aligned and integrated dataset. Differential gene 

expression between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected 

p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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 Dex-treatment induces modest upregulation of DUSP1 

Mitogen-activated protein kinase (MAPK) signalling is involved in regulating a 

number of physiological processes, including inflammation, apoptosis, 

proliferation and differentiation. The MAPK family of kinases include extracellular 

signal-regulated kinase 1/2 (ERK1/2), c-Jun N-terminal kinase (JNK) and p38 

MAPK (Cargnello and Roux, 2011). Responding to stimulus, complex signal 

transduction events eventually lead to the phosphorylation and activation of 

MAPKs allowing for regulation of various transcription events. The DUSP1 gene 

encodes for dual-specificity phosphatase 1 protein, also known as mitogen-

activated protein kinase [MAPK] phosphatase 1 (MKP-1). This protein is an 

enzyme that is capable of dephosphorylating and inactivating ERK, p38 and JNK 

(Zhao, Q. et al., 2005; Abraham and Clark, 2006). As such this inhibits various 

signalling events mediated by MAPK signalling. One of the ways in which Dex 

induces anti-inflammatory effect is by employing DUSP1 for inhibiting MAPK 

signalling (Abraham et al., 2006). Our studies confirm significant Dex-induced 

upregulation of DUSP1 in the Dex/LPS-treated THP-1 cells compared to the 

control (Figure 6-27); albeit in fewer cells compared to other Dex-induced genes. 
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Figure 6-27 Assessing expression of DUSP1 in the THP-1 dataset. Feature- and violin plot to 

visualise the expression level of DUSP1 across the aligned and integrated dataset. Differential gene 

expression between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected 

p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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 Dex-treatment induces upregulation of ONECUT2  

The ONECUT2 (one cut homeobox 2) encoded protein belongs to a group of 

transcription factors characterised by their two DNA-binding domains- an atypical 

homeodomain and a cut domain (Kropp and Gannon, 2016). ONECUT2 has been 

found to be highly enriched in the brain, gallbladder and the intestines (Uhlen et 

al., 2010). Moreover, it has been widely reported as being overexpressed in a 

number of cancers, including prostate, lung and ovarian (Lu et al., 2018; Rotinen 

et al., 2018; Ma et al., 2019) with implications in cell proliferation, invasion and 

angiogenesis (Lu et al., 2018). As such, these results present ONECUT2 as a 

potential therapeutic drug target.  

We note expression of ONECUT2 at baseline in the control sample in the MLC, 

HIST1H4C+ and TMEM161B-AS1+ clusters (Figure 6-28). As THP-1 cells are a 

myeloid leukaemia-based cell line, we suspect that ONECUT2 expression is 

related to its cancerous identity. Unexpectedly, we note upregulation of 

ONECUT2 expression in the Dex- and Dex/LPS-treated samples, verifying it as 

a Dex-sensitive gene. The significance and implications of these results are 

difficult to speculate upon due to the limited knowledge of the ONECUT2 

transcription factor. Moreover, its overexpression in response to GC stimulus has 

not been previously reported and as such requires further functional analysis.  
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Figure 6-28 Assessing expression of ONECUT2 in the THP-1 dataset. Feature- and violin plot to 

visualise the expression level of ONECUT2 across the aligned and integrated dataset. Differential gene 

expression between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected 

p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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 Dex-treatment of activated THP-1 cells enhances expression of 
SLIRP 

At baseline, we observe high expression of SLIRP (steroid receptor RNA activator 

stem-loop interacting RNA binding protein), mainly in the HIST1H4C+ cells 

(Figure 6-29). This expression pattern remains largely unaffected in the Dex-

treated sample. Compared to the control, we observe a slight, yet statistically 

insignificant, decrease in the LPS-treated sample. However, in the Dex/LPS-

treated sample we observe a significant and more uniform upregulated 

expression of SLIRP across the MLCs and HIST1H4C+ cells.   

 

SLIRP is a poorly understood gene but has been shown to function as a nuclear 

receptor co-repressor (Hatchell et al., 2006), by interacting with steroid receptor 

RNA activator (SRA). SRA is a lncRNA that functions as a scaffold complex to 

regulate nuclear receptor activity (Beato and Vicent, 2013) and contains a 

number of distinct structural motifs that are crucial for this purpose (Lanz et al., 

2002). SLIRP interacts with SRA, by directly binding to its stem-loop structure 7 

(STR7) region, where they both act together to co-repress nuclear receptor 

activity (Hatchell et al., 2006). In HeLa cells, overexpression of SLIRP was found 

to repress GR-mediated transactivation (Hatchell et al., 2006).  

Our reporting of enhanced SLIRP expression in response to Dex-treatment in the 

activated THP-1 cells is perplexing and further functional and mechanistic studies 

are required to understand this result. However, we speculate whether Dex-

treatment induces SLIRP expression as a protective function to regulate GR-

activation in activated cells.  
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Figure 6-29 Assessing expression of SLIRP in the THP-1 dataset. Feature- and violin plot to 

visualise the expression level of SLIRP across the aligned and integrated dataset. Differential gene 

expression between conditions tested using Wilcoxon Rank Sum test with Bonferroni correction; corrected 

p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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 Dex-treatment of activated THP-1 cells enhances expression of 
IL27RA 

We find that IL27RA (interleukin 27 receptor, alpha subunit) is another transcript 

that is particularly enhanced in the Dex/LPS-treated THP-1 cells, mainly in the 

MLCs and HIST1H4C+ cells (Figure 6-30A). The IL6ST (interleukin 6 signal 

transducer) subunit together with IL27RA make up the heterodimeric interleukin 

27 receptor (IL-27R) (Pflanz, Stefan et al., 2004). The cytokine IL-27, which 

signals via the IL-27R, is composed of p28 (encoded for by IL27 gene) and 

Epstein-Barr virus-induced gene 3 (EBI3) subunits (Pflanz, S. et al., 2002). We 

note specific EBI3 upregulation in the LPS-treated MLCs, HIST14HC+ and 

TMEM161B-AS1+ THP-1 cells (Figure 6-30B). In the Dex/LPS-treated sample, 

the upregulation of EBI3 is sustained. This suggests that Dex is unable to 

downregulate EBI3 and potentially IL-27. However, we were not able to detect 

any expression of gene IL27. Further complicating matters, EBI3 is also able to 

dimerise with the p35 subunit to form the heterodimeric cytokine IL-35 (Collison 

et al., 2007). As such, it is difficult to make any conclusions with regards to IL-27 

signalling based on EBI3 expression alone and without any further analysis.  

 

Nevertheless, IL27RA knockout studies have shown that IL-27R signalling has 

an immunoregulatory role in various chronic inflammatory models. Il27ra-/- mice 

have shown advanced progression of atherosclerosis, accompanied by 

increased expression of pro-inflammatory cytokines such as TNF-α, IFN-γ and 

IL-17A (Koltsova Ekaterina et al., 2012; Peshkova et al., 2017). These and other 

studies have found that IL-27R signalling suppresses activation of pro-

inflammatory T helper 17 (Th17) cells. On the other hand, others have reported 

a pro-inflammatory role for IL-27 in colitis disease models (Cox et al., 2011). This 

highlights the pleiotropic nature of IL-27 signalling and emphasises the need for 

further research. Moreover, most studies have focused on IL27R signalling in 

lymphoid-lineage cells and thus concern mainly the adaptive arm of the immune 

system. 

Given our result of enhanced significant upregulation of IL27RA in the Dex/LPS-

treated sample, we speculate whether Dex treatment induces this as an 

immunosuppressive mechanism to limit immunopathology. There is limited 
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knowledge surrounding this effect induced by Dex treatment. However, in 

alignment with our results, a study conducted on LPS-challenged macrophages, 

showed enhanced expression of IL27RA in response to treatment by another GC, 

fluticasone propionate (van de Garde et al., 2014). Yet, the significance of this 

result was not explored any further. Additional functional studies are required to 

explore the role of IL27R signalling and its potential induction in Dex-treated 

activated myeloid cells. 
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Figure 6-30 Assessing expression of IL27RA and EBI3 in the THP-1 dataset. Feature- and violin 

plot to visualise the expression level of A) IL27RA and B) EBI3 across the aligned and integrated dataset. 

Differential gene expression between conditions tested using Wilcoxon Rank Sum test with Bonferroni 

correction; corrected p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, 

****p ≤ 0.0001. 

  

A) 

B) 
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 Dex-treatment enhances TLR2 expression in activated THP-1 cells  

Toll-like receptor 2 (TLR2), a pattern recognition receptor (PRR), is crucial for 

innate immune recognition of microbial threat to initiate an immune response. 

Ligand specific activation through TLR2 requires dimerization with other TLRs 

(e.g. TLR1 or TLR6) (Botos, Segal and Davies, 2011). Signalling via TLR2 is 

involved in recognising a variety of microbial components from Gram-positive 

bacteria. Interestingly, we observe significant upregulation of TLR2 specifically in 

the Dex/LPS-treated sample compared to the control (Figure 6-31A). This 

upregulation was not observed with Dex- or LPS-treatment alone. Assessing the 

expression of other cell surface expressed TLRs, TLR1, -4, -5 and -6 we do not 

observe an increased expression of any of these markers (Figures 6-31B-E). 

These results suggest that the Dex/LPS-combination specifically upregulates 

TLR2 expression. This perplexing result has been reported elsewhere, including 

in THP-1-derived macrophages (Olivares-Morales et al., 2018), alveolar 

macrophages (Hoppstädter et al., 2019) and even keratinocytes (Su, Pfalzgraff 

and Weindl, 2017). Hoppstädter et al show that Dex induces upregulation of TLR2 

expression in a dose-dependent manner in alveolar macrophages and similarly 

to us report a further enhanced expression when coupled with LPS stimulation 

(Hoppstädter et al., 2019). Together, this suggests that Dex in combination with 

pro-inflammatory mediators, cooperate to induce TLR2 expression. At face value, 

one would expect this to render the cells more sensitive to TLR2 signalling and 

promote pro-inflammatory effects. However, some studies appear to refute this 

by reporting immunosuppressive impact linked to upregulated TLR2 expression 

(Homma et al., 2004; Hoppstädter et al., 2019). The significance and mechanism 

by which this effect is mediated is yet to be deduced.  
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Figure 6-31 Assessing expression TLRs in the THP-1 dataset. Feature- and violin plot to visualise 

the expression level of A) TLR2 B) TLR1, C) TLR4, D) TLR5 and E) TLR6 across the aligned and integrated 

dataset. Differential gene expression between conditions tested using Wilcoxon Rank Sum test with 

Bonferroni correction; corrected p value results summarised above plot. n.s. p > 0.05, *p ≤ 0.05, **p ≤ 0.01, 

***p ≤ 0.001, ****p ≤ 0.0001. 
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6.7 Discussion and future work 

The use of cell lines in biomedical research is vital for modelling primary cell 

behaviour. Cell lines are frequently used based on the assumption that they are 

genetically homogenous. In this study we offer evidence to dispute this claim, by 

using scRNA-seq to interrogate the transcriptomics of THP-1 cells. Instead, our 

results indicate that THP-1 cells consist of diverse and distinct cell subsets that 

show different responses to stimulus in our studies. Monocytes have a vital 

physiological role, by being able to differentiate into both macrophages and DCs, 

that play crucial functions in mediating between innate and adaptive immunity. 

Previously, the differentiation of monocytes into these specialised cells has been 

thought to be regulated by inflammatory cues. However, consistent with our 

results, studies in mouse suggest that naïve monocytes are phenotypically 

diverse and in fact consist of specialised progenitor subsets which differentiate 

into various specialised cell types in response to inflammation (Menezes et al., 

2016). As such, the distinct subsets we observe in the naïve THP-1 samples 

could indeed be progenitor cells. However, we did note expression of MHC class 

II markers in the MDM and DC clusters in the naïve THP-1 sample. This would 

perhaps contradict the notion of these cells being progenitors as this would 

indicate that they have a specialised APC function. Although, given this in 

combination with the detection of a stressed genotype cluster, we speculate 

whether this has identified a flaw in our cell culture methodology whereby our 

cells are getting activated unintentionally. To address these questions, we intend 

to repeat this study in a new batch of THP-1 cells bought from the American Type 

Culture Collection (ATCC). This will also address whether we are observing this 

effect as a result of continuous passaging leading to terminally differentiated cell 

types.  

 

Nevertheless, this study has provided insight into the mechanism-of-action of 

dexamethasone in LPS-treated myeloid-lineage cells. In response to Dex, our 

studies confirm the upregulation of well-studied markers such as NFKBIA, 

TSC22D3, FKBP5, KLF9 and DUSP1. This was accompanied by the Dex-

induced anti-inflammatory relief as a result of IL1B and CXCL8 downregulation. 

This study also uncovered some potentially new genomic targets that require 
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further study and validation. For instance, we discovered that the transcription 

factor ONECUT2 was a Dex-sensitive gene. However, its role in GC biology has 

not been explored previously and thus requires further investigation. 

Furthermore, we show that the expression of the transcripts SLIRP, IL27RA and 

TLR2 were specifically enhanced in the Dex/LPS-treated THP-1 cells. Further 

studies are required to understand their implication in Dex-mediated action on 

myeloid-lineage cells.  

This study also showed that Dex-treatment inhibited the development of the MDM 

cells in the naïve THP-1 sample. However, in the Dex/LPS-treated THP-1 

sample, the MDM cluster was protected from this effect. This result is supported 

by studies that have similarly reported differences in Dex-mediated effects on 

naïve and activated bone marrow-derived macrophages (BMDM). Haim et al 

report Dex-induced apoptotic mechanism in the naïve BMDMs that led to 

decreased BMDM viability and further report that LPS stimulation causes 

resistance to this effect (Haim et al., 2014). They also discovered an elevation of 

the beta isoform of the glucocorticoid receptor (GRβ). The human GR, encoded 

for by the gene NR3C1, is expressed in two forms- GR⍺ and GRβ. The GR⍺ is 

found in the cytoplasm awaiting GC-activation for eventual nuclear translocation, 

whereas the GRβ is mostly found in the nucleus (Hinds et al., 2010). GRβ has 

been previously shown to function as a dominant negative inhibitor of the GR⍺ 

isoform, by being unable to bind GC agonists such as Dex (Min et al., 2018). As 

such, GRβ elevation has been associated with GC-resistance (Lewis-Tuffin and 

Cidlowski, 2006). To study this effect in our results, combining scRNA-seq with 

splice-variant analysis could help us gain a better understanding. 

 

Further limitations of this study include the single time point (4 hours) for which 

we studied Dex/LPS-treatment. A time course for this study would provide insight 

into the time dependent action of Dex treatment. Such studies would allow us to 

investigate any GC-induced phenotypes that arise over the course of treatment. 

For instance, following 16-48hr stimulation with GCs, studies have shown that 

monocytes differentiate into an anti-inflammatory subtype characterised by IL-10 

release (Ehrchen, J. et al., 2006; Varga et al., 2008).  
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As we demonstrate in this study, GCs affect a wide range of transcriptional 

regulators that potentially participate in carrying out downstream functions in 

myeloid-lineage cells. We highlight the need for further mechanistic studies to 

uncover their roles and significance in GC-mediated function. This in turn may 

help us understand how to focus GC action specifically to target unwanted 

inflammation and achieve fewer side-effects, as opposed to non-specific 

immunosuppression (Ehrchen, J.M., Roth and Barczyk-Kahlert, 2019). To study 

such effects, we demonstrate the advantage of using scRNA-seq to interrogate 

the transcriptomics of complex and heterogenous cells in drug discovery. 
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7.1 General discussion 

Exploring the transcriptomic landscape at single-cell level has transformed the 

field of molecular biology with its ability to tackle complex research questions. 

This quest has been deepened with the numerous protocols that have been 

developed in the last decade, with great improvements to cost, sensitivity, 

accuracy and overall efficiency. The field has also seen lively research activity in 

bioinformatics applications, with innovative development and integration of 

statistical modelling and machine learning. These bioinformatics solutions have 

proved useful not only in data analysis and interpretation, but also in resolving 

complications that arise from analysing high-dimensionality data. Moreover, with 

the development of more rapid and precise NGS technology, sequencing costs 

have been decreasing (Park and Kim, 2016). This in turn has meant that the 

scRNA-seq application has become more accessible to researchers and is fast 

becoming an essential tool in molecular biology studies. The commercialisation 

of scRNA-seq platforms, as is offered by 10X Chromium, has furthered the 

appeal, offering robust pipelines that encompass both wet-lab and bioinformatics 

protocols. 

 

The hypothesis of this thesis was that “single-cell RNA sequencing can be used 

to examine the transcriptomics of individual cells”. The overall results of this 

thesis support this hypothesis.  In this thesis we have taken advantage of the 

unprecedented resolution offered by scRNA-seq, by exploring inflammatory 

responses in human health and rheumatic diseases. 
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 Significant findings from study in chapter 3  

In OA pathology, we have uncovered previously unappreciated heterogeneity in 

synovial fibroblast populations isolated from hip OA normal-weight, compared to 

obese patients. Interestingly, synovial fibroblasts isolated from the obese patients 

revealed unique gene expression profiles, consistent with an activated phenotype 

as characterised by high expression of markers involved in ECM rearrangement, 

such as COL1A1, COL1A2 and SPARC. This transcriptomic profile is potentially 

involved in mediating destructive joint pathology. Moreover, a subset of obese-

isolated fibroblasts also revealed immune cell recruitment capabilities, as 

characterised by differential expression for immune regulatory genes such as 

CHI3L1. CHI3L1 is a glycoprotein that belongs to the chitinase family of proteins. 

Chitinases are enzymes that are involved in hydrolysing chitin- an abundant 

polysaccharide typically found in the cell walls of fungi. Although CHI3L1 does 

not possess any hydrolytic abilities, it is capable of binding molecules such as 

chitin and type I collagen through its preserved carbohydrate-binding motif 

(Eurich et al., 2009). It has been found to be secreted by a number of activated 

cells in chronic inflammatory conditions, including macrophages, fibroblasts and 

synoviocytes (Lee, C.G. et al., 2011), with involvement in modulating 

inflammatory responses and tissue remodelling (Coffman, 2008). Synovial 

expression of CHI3L1 has previously been identified as a key marker of disease 

severity and progression in joint inflammatory conditions such as rheumatoid 

arthritis (Volck et al., 2001). Thus, this work has potentially identified a vital 

stratification marker in identifying patients with more pronounced form of arthritis, 

as seen in obese OA sufferers.  

 

Overall, our results indicate that inflammatory signalling in obese OA patients is 

not dissimilar to that observed in rheumatoid arthritis; further challenging the 

classification of OA as a “non-inflammatory” form of arthritis. In line with this, we 

note the differential expression of the proto-oncogene FOS, which typically 

dimerises with c-Jun to form the transcription factor complex, activator protein 1 

(AP-1). AP-1 has been implicated in OA pathology, with roles in promoting pro-

inflammatory signalling and expression of matrix metalloproteinases such as 

MMP13 (Fisch et al., 2018). On the other hand, synovial fibroblasts isolated from 



 

 262 

normal-weight hip OA patients, revealed a unique subset identified as 

“stressed/arresting”, as characterised by high expression for apoptotic markers. 

With this in mind, we hypothesise that necrotic cells might participate in activating 

aberrant TLR-signalling to mediate OA pathology in normal-weight patients. This 

was further highlighted by the differential expression of the proto-oncogene MYC 

in the normal-weight synovial fibroblasts. MYC is a known inducer of apoptosis in 

a variety of cells (McMahon, 2014). 

Largely, our results point to the involvement of divergent signalling pathways 

involved in mediating pathology in normal-weight and obese OA patients. With 

the prominent differential expression of the transcriptional regulator genes MYC 

and FOS, we speculate whether there is a switch in transcriptional regulators 

between normal-weight and obese patients to mediate divergent disease profiles. 

Further functional studies are required to validate these results, potentially using 

ChIP-seq (Chromatin immunoprecipitation followed by sequencing) or ATAC-seq 

(Assay for Transposase-Accessible Chromatin using sequencing) to identify the 

genes of interest regulated by these transcription factors.  

 

Ultimately, our comparative study of normal-weight and obese OA synovial 

fibroblasts provides insight into the role of obesity in OA pathology. It is clear now 

that OA in obese patients is potentially mediated through different means than 

that which manifests in normal-weight patients. Our results further verify that 

obesity confers a greater risk of destructive OA pathology, with the presence of 

more pro-inflammatory signalling. 

  



 

 263 

 Significant findings from study in chapter 4 

 
Also in OA pathology, we were able to compare the transcriptomics of synovial 

fibroblasts isolated from both painful and non-painful areas in the knee of OA 

patients. scRNA-seq of the synovial fibroblasts isolated from the painful areas of 

the knee revealed a subset with an expression profile associated with pro-

inflammatory markers including high expression of NFKBIA, CXCL2 and IL6. 

Significantly, scRNA-seq also revealed a distinct synovial fibroblast profile 

isolated from the non-painful areas, associated with neurite outgrowth. Verifying 

these results, conditioned media from the culture of non-painful synovial sites 

incubated with rodent dorsal root ganglion neurons, revealed significant neurite 

outgrowth. This could potentially reveal further insight into molecular mechanisms 

involved in mediating pain in non-painful synovial sites. The implication of this 

effect needs further exploration. To further investigate the molecular pathways by 

which fibroblasts isolated from early OA patients are able to induce neurite 

outgrowth can be investigated by performing for instance, microarray and 

proteomic assays, followed by knockdown studies.   

 

Moreover, in the same study we also explored the expression profiles of synovial 

fibroblasts isolated from painful areas in the knee from both early- and end-stage 

OA patients. This revealed that synovial fibroblasts isolated from end-stage OA 

patients were associated with eicosanoid and prostanoid signalling, involved in 

pain mediation. On the other hand, early-stage OA synovial fibroblasts showed a 

gene expression profile consist with pro-inflammatory signalling, indicating the 

role of synovitis in causing pain in early OA. These results potentially provide a 

basis upon which analgesics can be selected based on the stage of disease to 

achieve better outcomes for the patients.  
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 Significant findings from study in chapter 5 

 

Using Seurat’s integration/alignment vignette, we conducted a comparative study 

to discern the role of peripheral immune cells in promoting systemic inflammation 

in AS compared to PsA. Significantly, we note upregulation of IFN-# signalling in 

a number of the subsets of PsA-isolated cells, including CD4+ T cells, B cells, NK 

cells, intermediate monocytes and mature DCs. IFN-# is known to be a key 

mediator of pathology and disease progression in psoriasis (Kurtovic and 

Halilovic, 2018), highlighting its potential role in PsA pathology. Conversely, we 

do not observe the same effect with AS-isolated cells. In fact, it has been reported 

that AS-isolated cells show a reverse-interferon response, whereby genes 

typically upregulated with IFN-# treatment are instead downregulated and vice 

versa (Smith, J.A. et al., 2008). This potentially points to dysregulated interferon-

signalling, which may have implications in AS pathology. Further studies are 

required to compare and explore the role of IFN-# between AS and PsA.  

 

In both AS and PsA we report an elevation in circulating intermediate monocytes 

compared to healthy controls. This is consistent with reporting in other 

inflammatory conditions, including rheumatoid arthritis (Rossol et al., 2012; 

Tsukamoto et al., 2017). In our results, this was accompanied by high expression 

for markers involved in bone remodelling, including SPP1, LMNA, CLEC5A and 

GPNMB. We and others speculate that intermediate monocytes develop an 

increased potential for osteoclastogenesis in inflammatory conditions, resulting 

in increased bone resorption (Sprangers et al., 2016). Further strengthening this 

argument, we report upregulation of tetraspanins such as CD9, CD63 and CD81 

in the AS- and PsA-isolated intermediate monocytes, which are vital for monocyte 

fusion to form osteoclast progenitor cells (Champion et al., 2018).  

 

On the other hand, we note divergent signalling pathway mechanisms between 

AS- and PsA-isolated pDCs. In AS, ferroptosis and NOD-like receptor signalling 

was upregulated, compared to NF-$B- and necroptosis in PsA. We also observed 

divergent phenotypical annotation associated with musculoskeletal breakdown in 

AS, compared to skin aberration and inflammation in PsA. These are consistent 
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with the clinical manifestations in both diseases and indicate that pDCs play 

different roles in either condition. DCs in general play a vital role as mediators 

between innate and adaptive immunity as antigen-presenting cells. As such, 

further characterisation of the immunophenotypic features of AS- and PsA-

isolated pDCs could give insight into antigen presentation that leads to the 

initiation of an aberrant adaptive immune response. In line with this, we note 

upregulation of other forms of non-apoptotic programmed cell death, such as 

ferroptosis, in various cell types across both conditions. These results highlight 

the potential role of aberrant TLR-signalling in AS and PsA as a result of 

increased release of damage-associated molecular patterns, to promote 

necroinflammation.  

 

Furthermore, this study has potentially identified novel PsA disease biomarkers. 

We note specific differential expression of the pseudogenes HLA-DQA2 and 

AL365357.1 in the PsA-isolated cells. Further functional analysis, such as RNA 

knockdown studies, is required to understand the implications of these genes in 

PsA pathology.  

 

Overall, this study provides valuable insight into the dysregulated systemic 

inflammatory responses in AS and PsA, providing further understanding of 

pathological mechanisms involved.  
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 Significant findings from study in chapter 6 

 

Despite the wide use of dexamethasone (Dex) in the clinic for several decades, 

its mechanism-of-action is not fully understood. This is further complicated by its 

tissue-, -state and patient-dependent effects (Gross and Cidlowski, 2008; 

Timmermans, Souffriau and Libert, 2019). In our study, we investigated the 

mechanism-of-action of Dex treatment on LPS-treated THP-1 monocytes. Firstly, 

we uncovered unexpected heterogeneity in the monocytic cell line THP-1; 

specifically, potential progenitor subsets related to macrophage and dendritic 

cells lineages. We speculate whether this is a genuine observation or a result of 

repetitive passaging. For this reason, repeating the scRNA-seq analysis in a new 

batch of THP-1 cells is required.  

 

We were able to identify cell differentiation changes in response to treatment. 

Significantly, our results indicate that macrophage differentiation is hindered by 

Dex-treatment in naïve THP-1 cells. However, in conjunction with LPS, this 

genotype was protected. Interestingly, this phenomenon has been previously 

reported where Dex was found to induce apoptotic mechanisms leading to 

reduced viability of bone marrow-derived macrophages (Haim et al., 2014). This 

effect was concluded to potentially involve GC-resistance mechanisms related to 

the induction of the beta isoform of the GC-receptor (GRβ). In fact, glucocorticoid-

insensitivity has been linked with elevation of GRβ expression levels in several 

cell types in various chronic immune-mediated conditions, including rheumatoid 

arthritis, ankylosing spondylitis and systemic lupus erythematosus (Lee, C.-K. et 

al., 2005; Piotrowski et al., 2007; Kino, Su and Chrousos, 2009). Our results show 

potential in understanding the mechanisms involved in mediating steroid-

resistance, which remains a major concern in the clinic. Further work would be 

required to confirm this in our results, by complementing our studies with splice-

variant analysis. 

 

Moreover, we confirmed the induction of a pro-inflammatory subset of monocytes 

characterised by high expression of CCL5, IL7R and GNLY, as shown in a recent 

study (Al-Mossawi, H. et al., 2019). Interestingly, this phenotype was detected in 
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the synovial fluid of spondyloarthropathy patients with potential implications in 

mediating pro-inflammatory signalling. Thus, further analysis involving the 

isolation of this phenotype using FACS could yield interesting results related to 

joint pathology in chronic immune-mediated conditions. 

 

With regards to findings concerning individual genes, we were able to verify a 

number of which have well understood functions in Dex-mediated treatment. 

These included induction of NFKBIA, TSC22D3, FKBP5 and DUSP1. We also 

uncovered a number of potentially novel genes involved in Dex-mediated anti-

inflammatory relief, including ONECUT2, SLIRP, IL27RA and TLR2. Further 

functional analysis is required to study their role in inflammation and Dex-

mediated relief.  
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 Study limitations  

 

The studies in this thesis have potential limitations. Firstly, the low sample size in 

each study potentially undermine the validity of the results. These studies should 

be repeated with larger sample sizes to confirm the results observed. 

Furthermore, clinical samples can be highly variable. As such, with low sample 

sizes it was difficult to control for variables that may impact the outcome of these 

studies, including age and gender. Indeed, such factors can have profound 

effects on disease course and severity. Furthermore, it would have been ideal to 

factor in the inflammation status of the AS and PsA patients in Chapter 5. The 

patients’ inflammation status (whether they are in remission or experiencing 

active inflammation) may impact the transcriptomic profiles of their immune cells 

and present variability amongst patients of different disease activity. In relation to 

this, accounting for the medication status of the patients in all studies is important 

since the status, type and dose of medication could potentially affect the results. 

 

In Chapters 3 and 4, isolating fibroblasts from individual patients as opposed to 

pooling samples, would have been the optimal approach (similar to that adopted 

in Chapter 5, where individual samples were collected from each patient). 

However, limitations related to difficulty in culturing primary fibroblasts made it 

difficult to collect enough fibroblasts from individual patients. Furthermore, 

arthroplasty is an invasive procedure, which makes it difficult to source and collect 

enough samples from a large cohort. Collecting samples from individual patients 

as opposed to pooling samples according to disease status might mask further 

heterogeneity observed between clinical samples.  

 

A major limitation of the studies in this thesis, is the lack of validation data which 

are vital to confirming the accuracy and legitimacy of the scRNA-seq results 

observed. This is especially important with the discovery of potentially novel cell 

subsets, where further functional studies are vital. This could be in the form of 

using FACS to isolate individual cell populations based on identified markers 

highlighted in this thesis. Following successful isolation further phenotypic 

analysis would be required to confirm the function of the cell subset. Further work 
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could also include validating our scRNA-seq data results against more 

established transcriptomics-based approaches, such as bulk RNA-seq and gene 

microarray analysis. Although the identification of succinct cell populations from 

such methods are not possible, one can further build on this by performing 

deconvolution analysis. These computational methods deconvolve different cell 

type populations from bulk transcriptomic data based on cell type-specific gene 

expression references (Avila Cobos et al., 2018; Wang, Xuran et al., 2019). A key 

strength of deconvolution analysis is that it can be used as an “after the fact” 

approach on publicly available bulk transcriptomic data, to determine cell type-

specific expression profiles (Avila Cobos et al., 2018). As such we could adopt 

this approach to validate our novel results against published datasets. Such 

studies could be complemented with gene set variation analysis (GSVA), which 

can calculate pathway scores on a per-sample basis, thus allowing us to assess 

variation of a pathway activity across a set of samples (Hänzelmann, Castelo and 

Guinney, 2013). This would aid in cross-validating our pathway analysis 

generated from the scRNA-seq studies with other published datasets. 
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 Closing remarks and future perspectives 

 

By exploring life’s most basic elements, we are able to gain insight into the 

fundamental processes that direct biological processes. As demonstrated in this 

thesis, scRNA-seq has been useful in gaining further insight into pathological 

mechanisms and identifying possible biomarkers for potential therapeutic relief. 

We also demonstrate the use for scRNA-seq technology in studying drug 

mechanism-of-action and exploring their heterogenous impact on different cell 

types within tissues. With such potential, we predict that scRNA-seq will become 

a more popular tool in drug-discovery and will continue to aid in the quest for 

more stratified medicine to improve health outcomes for individual patients. 
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Appendix I- Script for analysing fibroblast samples isolated from 
osteoarthritis hip patients  (10X Genomics data) 
 
# Load in relevant libraries 
library(Seurat) 
library(ggplot2) 
library(dplyr) 
library(cowplot) 

 
############ Upload data ############# 
 
# Load individual 10X dataset matrix files. 
 
# Sample 5- Fibroblasts isolated from the knees of late-disease OA patients 

(normal-weight patients) 
sample5.data <- Read10X(data.dir = 

"~/Desktop/10X_data_matrices/Sample5/filtered_feature_bc_matrix/") 
sample5 <- CreateSeuratObject(raw.data = sample5.data, project = "Sample5") 
 
# Sample 1- Fibroblasts isolated from the knees of late-disease OA patients 

(obese patients) 
sample6.data <- Read10X(data.dir = 

"~/Desktop/10X_data_matrices/Sample6/filtered_feature_bc_matrix/") 
sample6 <- CreateSeuratObject(raw.data = sample6.data, project = "Sample6") 
 
# Merge the two datasets. This is done by appending the barcodes of each matrix 

file with the particular sample ID.  
s5s6 <- MergeSeurat(object1 = sample5, object2 = sample6, add.cell.id1 = "s5",  
                    add.cell.id2 = "s6", project = "s5s6") 
 
# Check that the merged datasets include both of the appended datasets.  
head(x = s5s6@cell.names) 
tail(x = s5s6@cell.names) 
 
############ Quality control ############# 
# Add percentage mitochondrial genes to the metadata of each object 

("percent.mito"), by finding genes that start with "MT-" 
mito.genes <- grep(pattern = "^MT-", x = rownames(x = s5s6@raw.data), value = 



 

 311 

TRUE) 
 
# Calculate the percentage of mitochondrial genes for each barcode. colSum 

forms column metrics, in this case calculating the % of  
# mitochondrial genes, by dividing the mito.genes by the overall raw data, for 

the specific barcode being assessed. 
percent.mito <- Matrix::colSums(s5s6@raw.data[mito.genes, ]) / 

Matrix::colSums(s5s6@raw.data) 
 
# Add the percent.mito to the metadata and call the column "percent.mito".  
s5s6 <- AddMetaData(object = s5s6, 
                      metadata = percent.mito, 
                      col.name = "percent.mito") 
 
# Visualize QC metrics as a violin plot 
VlnPlot(object = s5s6, features.plot = c("nGene", "nUMI", "percent.mito"), nCol 

= 3) 
 
# Filtering the data based on determined quality control parameters 
s5s6 <- FilterCells(object = s5s6, 
                      subset.names = c("nGene", "percent.mito"), 
                      low.thresholds = c(100, -Inf), 
                      high.thresholds = c(6200, 0.2)) 

 
# Check how many cells remain post filtration.  
s5s6 
 
############ Normalisation ############# 
s5s6 <- NormalizeData(object = s5s6, normalization.method = "LogNormalize",  
                        scale.factor = 10000) 
 
############ Feature selection ############# 
# Find variable genes 
s5s6 <- FindVariableGenes(object = s5s6, mean.function = ExpMean, 

dispersion.function = LogVMR,  
                            x.low.cutoff = 0.0125, x.high.cutoff = 5, y.cutoff 

= 2) 
 
# Print number of variable genes identified 
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length(s5s6@var.genes) 
 
############ Scale data ############# 
# Scaling data and removing unwanted sources of variation 
s5s6 <- ScaleData(object = s5s6, 
                    vars.to.regress = c("nUMI", "percent.mito")) 
 
# Check number of cells passed for PCA analysis 
s5s6 
 
############ Assess dimensionality of the data ############# 
# Perform PCA on the scaled data 
s5s6 <- RunPCA(object = s5s6, pc.genes = s5s6@var.genes, do.print = TRUE, 

pcs.print = 1:5,  
                 genes.print = 5) 
 
# Visualise PCA 
PCAPlot(object = s5s6, dim.1 = 1, dim.2 = 2) 
 
# Run PCElbowPlot function to assess dimentionality  
# This function ranks the principal components based on the percentage of 

variance explained by each component 
PCElbowPlot(object = s5s6) 

 

 
############ Cluster cells ############# 
 
# Before clustering the cells, run the 'RunTSNE' and 'TSNEPlot' functions to 

be able to see how the cells cluster according to sample 
s5s6 <- RunTSNE(object = s5s6, dims.use = 1:15, do.fast = TRUE) 
TSNEPlot(object = s5s6, do.label = F, pt.size = 2, colors.use = c("royalblue2", 

"indianred1")) 
 
# Cluster the cells. 
# Construct kNN/SNN graphs based on dimensionality identified by PCA (top 15 

PCs). 
# Cluster cells based on Louvain algorithm with a resolution of 0.6 
s5s6 <- FindClusters(object = s5s6, reduction.type = "pca", dims.use = 1:15,  
                       resolution = 0.6, print.output = 0, save.SNN = TRUE, 
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force.recalc = T) 
 
# Run t-SNE dimensional reduction based on top 15 PCs 
s5s6 <- RunTSNE(object = s5s6, dims.use = 1:15, do.fast = TRUE) 

 
# Visualise clustering results (t-SNE visualisation) 
TSNEPlot(object = s5s6, do.label = T, pt.size = 2) 
 
########### Differential gene expression analysis ############### 
# Find all markers for each cluster using Wilcoxon Rank Sum test. Return all 

DEGs in each cluster (genes expressed 
# in at least 25% of cells), compared to the rest. Export results into a csv 

file. 
 
# Cluster 0 
cluster0.markers <- FindMarkers(object = s5s6, ident.1 = 0, min.pct = 0.25) 
write.table(cluster0.markers, file = "s5s6_Cluster0_markers.csv", sep = ",", 

row.names = TRUE, col.names = NA) 
 
# Cluster 1 
cluster1.markers <- FindMarkers(object = s5s6, ident.1 = 1, min.pct = 0.25) 
write.table(cluster1.markers, file = "s5s6_Cluster1_markers.csv", sep = ",", 

row.names = TRUE, col.names = NA) 

 
# Cluster 2 
cluster2.markers <- FindMarkers(object = s5s6, ident.1 = 2, min.pct = 0.25) 
write.table(cluster2.markers, file = "s5s6_Cluster2_markers.csv", sep = ",", 

row.names = TRUE, col.names = NA) 
 
# Cluster 3 
cluster3.markers <- FindMarkers(object = s5s6, ident.1 = 3, min.pct = 0.25) 
write.table(cluster3.markers, file = "s5s6_Cluster3_markers.csv", sep = ",", 

row.names = TRUE, col.names = NA) 
 
# find all markers of cluster 4 
cluster4.markers <- FindMarkers(object = s5s6, ident.1 = 4, min.pct = 0.25) 
write.table(cluster4.markers, file = "s5s6_Cluster4_markers.csv", sep = ",", 

row.names = TRUE, col.names = NA) 
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# find all markers of cluster 5 
cluster5.markers <- FindMarkers(object = s5s6, ident.1 = 5, min.pct = 0.25) 
print(x = head(x = cluster5.markers, n = 5)) 
write.table(cluster5.markers, file = "s5s6_s5s6_Cluster5 markers.csv", sep = 

",", row.names = TRUE, col.names = NA) 
 
# find all markers of cluster 6 
cluster6.markers <- FindMarkers(object = s5s6, ident.1 = 6, min.pct = 0.25) 
write.table(cluster6.markers, file = "s5s6_Cluster6_markers.csv", sep = ",", 

row.names = TRUE, col.names = NA) 
 
# find all markers of cluster 7 
cluster7.markers <- FindMarkers(object = s5s6, ident.1 = 7, min.pct = 0.25) 
write.table(cluster7.markers, file = "s5s6_Cluster7_markers.csv", sep = ",", 

row.names = TRUE, col.names = NA) 
 
# Find markers for every cluster compared to all remaining cells, report only 

the positive ones. Export results as csv files. 
s5s6_pos.markers <- FindAllMarkers(object = s5s6, only.pos = TRUE, min.pct = 

0.25, thresh.use = 0.25) 
write.table(s5s6_pos.markers, file = "Markers_for_every_cluster_onlypos.csv", 

sep = ",", row.names = TRUE, col.names = NA)  

 
#### Create a heatmap displaying the top 10 genes for each cluster based on 

average log fold change 
# Identify the top 10 most differentially expressed genes based on average log 

fold change; order according to average log fold change. 
top10 <- s5s6_pos.markers %>% group_by(cluster) %>% top_n(10, avg_logFC) 

 
# Construct heatmap.Setting slim.col.label to TRUE will print just the cluster 

IDS instead of 
# every cell name 
DoHeatmap(object = s5s6, genes.use = top10$gene, slim.col.label = TRUE, 

remove.key = F) 

 
######### Assess DEGs between each sample ID 
 
# Change the object's identity class to "orig.ident" instead of clusters 
s5s6 <- SetAllIdent(object = s5s6, id = "orig.ident") 
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# Find differentially expressed genes between the different sample IDs and 

export results as a csv file. 
markers <- FindAllMarkers(object = s5s6) 
write.table(markers, file = "s5s6_DEGs.csv", sep = ",", row.names = TRUE, 

col.names = NA) 
 
########### Data visualisation ############### 
# VlnPlots to visualise expression of genes of interest- grouped by sample ID 
VlnPlot(object = s5s6, features.plot = c("GPX3", "CXCL14"), group.by = 

"orig.ident") 
 
# Feature plots to visualise expression of genes of interest 
FeaturePlot(object = s5s6, features.plot = c("SLC39A8", "PLTP"), cols.use = 

c("grey", "blue"), reduction.use = "tsne") 
 

 
######################################## MONOCLE ANALYSIS 

###################################################### 
###### Trajectory analysis ######  
 
# Load monocle library 
library(monocle) 
 
# Import object from Seurat into monocle as a CDS (cell dataset) 
importCDS(s5s6, import_all = T) 
 
# Check that the cell names have been annotatded with the particular identifier 
head(x = s5s6@cell.names) 
tail(x = s5s6@cell.names) 
 
# Check the cell numbers for each sample. 
table(s5s6@meta.data$orig.ident) 
 
# Convert to imported data to monocle CDS 
s5s6.monocle <- importCDS(s5s6, import_all = TRUE) 
 
# Check the phenotypic data. Ensure that cell names have been annotated with 

the unique identifier. Also, ensure that there is a column 
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# for cell identity (i.e. a column called orig.ident) 
head(pData(s5s6.monocle)) 
tail(pData(s5s6.monocle)) 

 
# Examine expression data. Number of genes across number of single cells. 

Double check that import is correct. 
dim(exprs(s5s6.monocle)) 
 
# Check the feature information - number of genes. Double check that import is 

correct. 
dim(fData(s5s6.monocle)) 
 
# Ensure that there is a column called gene_short_name 
head(fData(s5s6.monocle)) 
 
# Load dataset into monocle's main class "newCellDataSet" 
my_cds <- newCellDataSet(exprs(s5s6.monocle), 
                         phenoData = new("AnnotatedDataFrame", data = 

pData(s5s6.monocle)), # phenotype data 
                         featureData = new("AnnotatedDataFrame", data = 

fData(s5s6.monocle)), # feature data 
                         lowerDetectionLimit = 0.5, 
                         expressionFamily = negbinomial.size()) 

 
# Check the cell dataset- information on dataset 
my_cds 
 
# Perform normalisation and variance estimation steps. 
my_cds <- estimateSizeFactors(my_cds)  
my_cds <- estimateDispersions(my_cds) 
 
# Run the detectGenes() function, to tally the number of cells expressing a 

gene and the number of genes expressed among all cells 
my_cds <- detectGenes(my_cds) 
 
# The detectGenes function adds column 'num_cells_expressed'- this column 

tallies the number of cells 
# expressing a particular gene (a gene is “expressed” if there is at least one 

count). 



 

 317 

head(fData(my_cds)) 
tail(fData(my_cds)) 
 
# A summary of the num_cells_expressed column 
summary(fData(my_cds)$num_cells_expressed) 
 
# The number of genes expressed (num_genes_expressed) per cell is stored in 

phenoData.  
# Note that if a gene has 10 UMIs or 1 UMI, it is still tallied as 1. 
head(pData(my_cds)) 
tail(pData(my_cds)) 
 
# Standardise to Z-distribution- i.e. normal distribution where mean is equal 

to zero and SD is equal to one. 
x <- pData(my_cds)$num_genes_expressed 
x_1 <- (x - mean(x)) / sd(x) 
summary(x_1) 
 
# Assess distribution of gene expression. y-axis is expression count, x-axis 

is standard deviation. 
# Monocle calculates mean total expression/cell and the standard deviation. 

Then takes the mean +/- 2 * SD. 
df <- data.frame(x = x_1) 
ggplot(df, aes(x)) + 
  geom_histogram(bins = 50) + 
  geom_vline(xintercept = c(-2, 2), linetype = "dotted", color = 'red') 
 
# Looking at UMI count vs. num_genes_expressed. This allows us to potentially 

be able to identify any doublets as these will have a  
# higher gene expression and UMI count (nUMI). 
ggplot(pData(my_cds), aes(num_genes_expressed, nUMI)) + geom_point() 
 

 
# Next we select the most highly variable genes, based on average expression 

and variability acrss the cells.  
# The dispersionTable() function calculates the mean and dispersion values. 
disp_table <- dispersionTable(my_cds) 
head(disp_table) 
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# Select genes for ordering- select particular genes that are expressed by at 

least 10 cells. 
print(head(fData(my_cds))) 
expressed_genes <- row.names(subset(fData(my_cds), num_cells_expressed >= 10)) 
 
# "differentialGeneTest" tests each gene for differential expression as a 

function of pseudotime or  
# according to other covariates as specified (in this case, orig.ident)   
diff_test_res <- differentialGeneTest(my_cds[expressed_genes,], 

fullModelFormulaStr = "~orig.ident") 
 
# Based on the genes identified from the "differentialGeneTest", we select the 

genes with a qvalue of less than 0.01 
# These get stored as a set of genes in a list called "ordering_genes".  
ordering_genes <- row.names (subset(diff_test_res, qval < 0.01)) 
table (ordering_genes) 
 
# The 'setOrderingFilter function marks genes that will be used for downstream 

in pseudotime analysis 
my_cds <- setOrderingFilter(my_cds, ordering_genes) 
 
# The plot_ordering_genes function shows how variability (dispersion) in a 

gene's expression depends on the average expression across cells. 
# The red line shows Monocle's expectation of the dispersion based on this 

relationship.  
# The genes we marked for use in downstream analysis are shown as black dots, 

while the others are shown # as grey dots. 
plot_ordering_genes(my_cds) 

 
# Next,  the space is reduced down to two dimensions (using the 'DDRTree' 

method) 
my_cds <- reduceDimension(my_cds, max_components = 2, method = 'DDRTree') 
 
# Now that the space has been reduced, we use the "orderCells" function which 

learns a "trajectory" and calculates where each cell falls within it.  
# This function takes as input a CellDataSet and returns it with two new 

columns: 
# Pseudotime and State, which together encode where each cell maps to the 
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trajectory 
my_cds <- orderCells(my_cds) 
 

 
# Check the phenotypic data for the object to ensure that a column for 

Pseudotime and State have been added.  
head(pData(my_cds)) 
 
# Plot trajectory based on cell clustering 
plot_cell_trajectory(my_cds, color_by = "res.0.6") 
 
# Plot trajectory based on "orig.ident" (i.e sampleID) 
plot_cell_trajectory(my_cds, color_by = "orig.ident") 
 
# Plot trajectory based on Pseudotime.  
plot_cell_trajectory(my_cds, color_by = "Pseudotime") 
 
# Assess expression of particular genes ("blast_genes") across the different 

states 
blast_genes <- row.names(subset(fData(my_cds), gene_short_name %in% 

c("CHI3L1", "VCAM1", "IGFBP7"))) 
 
# Check how gene expression changes with pseudotime- according to sampleID and 

clusters 
plot_genes_in_pseudotime(my_cds[blast_genes], color_by = "orig.ident") 
plot_genes_in_pseudotime(my_cds[blast_genes], color_by = "res.0.6") 
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Appendix II- Script for analysing fibroblast samples isolated from 
osteoarthritis knee patients  (10X Genomics data) 
 
# Load in relevant libraries 
library(Seurat) 
library(ggplot2) 
library(dplyr) 
library(cowplot) 

 
############ Upload data ############# 
 
# Load individual 10X dataset matrix files. 
 
# Sample 1- Fibroblasts isolated from the knees of late-disease OA patients 

(painful areas) 
sample1.data <- Read10X(data.dir = 

"~/Desktop/10X_data_matrices/Sample1/filtered_feature_bc_matrix/") 
sample1 <- CreateSeuratObject(raw.data = sample1.data, project = "Sample1") 
 
# Sample 3- Fibroblasts isolated from the knees of early-disease OA patients 

(painful areas) 
sample3.data <- Read10X(data.dir = 

"~/Desktop/10X_data_matrices/Sample3/filtered_feature_bc_matrix/") 
sample3 <- CreateSeuratObject(raw.data = sample3.data, project = "Sample3") 
 
# Fibroblasts isolated from the knees of early OA patients (non-painful areas) 
sample4.data <- Read10X(data.dir = 

"~/Desktop/10X_data_matrices/Sample4/filtered_feature_bc_matrix/") 
sample4 <- CreateSeuratObject(raw.data = sample4.data, project = "Sample4") 
 
# Merge sample 1 and sample 3- named as "s1s3" 
s1s3 <- MergeSeurat(object1 = sample1, object2 = sample3, add.cell.id1 = "s1",  
                    add.cell.id2 = "s3", project = "s1s3") 
 

 
# Merge sample 4 with ""s1s3" 
s1s3s4 <- MergeSeurat(object1 = s1s3, object2 = sample4, add.cell.id2 = "s4", 

project = "s1s3s4_knee") 
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############ Quality control ############# 
 
# Add percentage mitochondrial genes to the metadata of each object 

("percent.mito"), by finding genes that start with "MT-" 
mito.genes <- grep(pattern = "^MT-", x = rownames(x = s1s3s4@raw.data), value 

= TRUE) 
 
# Calculate the percentage of mitochondrial genes for each barcode. colSum 

forms column metrics, in this case calculating the % of  
# mitochondrial genes, by dividing the mito.genes by the overall raw data, for 

the specific barcode being assessed. 
percent.mito <- Matrix::colSums(s1s3s4@raw.data[mito.genes, ]) / 

Matrix::colSums(s1s3s4@raw.data) 
 
# Add the percent.mito to the metadata and call the column "percent.mito".  
s1s3s4 <- AddMetaData(object = s1s3s4, 
                      metadata = percent.mito, 
                      col.name = "percent.mito") 
 
# Visualize QC metrics as a violin plot 
VlnPlot(object = s1s3s4, 
        features.plot = c("nGene", "nUMI", "percent.mito"), 
        nCol = 3) 
 
# Filtering the data based on determined quality control parameters 
s1s3s4 <- FilterCells(object = s1s3s4, 
                      subset.names = c("nGene", "percent.mito"), 
                      low.thresholds = c(100, -Inf), 
                      high.thresholds = c(7100, 0.15)) 
 
# Check how many cells remain post filtration.  
s1s3s4 
 
############ Normalisation ############# 
s1s3s4 <- NormalizeData(object = s1s3s4, normalization.method = "LogNormalize",  
                        scale.factor = 10000) 
 
############ Feature selection ############# 
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# Find variable genes 
s1s3s4 <- FindVariableGenes(object = s1s3s4, mean.function = ExpMean, 

dispersion.function = LogVMR,  
                            x.low.cutoff = 0.0125, x.high.cutoff = 5, y.cutoff 

= 2) 
 
# Print number of variable genes identified 
length(s1s3s4@var.genes) 
 
############ Scale data ############# 
# Scaling data and removing unwanted sources of variation 
s1s3s4 <- ScaleData(object = s1s3s4, 
                    vars.to.regress = c("nUMI", "percent.mito")) 
 
############ Assess dimensionality of the data ############# 
# Perform PCA on the scaled data 
s1s3s4 <- RunPCA(object = s1s3s4, pc.genes = s1s3s4@var.genes, do.print = TRUE, 

pcs.print = 1:5,  
                 genes.print = 5) 
 
# Visualise PCA 
PCAPlot(object = s1s3s4, dim.1 = 1, dim.2 = 2) 
 
# Run PCElbowPlot function to assess dimentionality  
# This function ranks the principal components based on the percentage of 

variance explained by each component 
PCElbowPlot(object = s1s3s4) 
 
############ Cluster cells ############# 

 
# Before clustering the cells, run the 'RunTSNE' and 'TSNEPlot' functions to 

be able to see how the cells cluster according to sample 
s1s3s4 <- RunTSNE(object = s1s3s4, dims.use = 1:15, do.fast = TRUE) 
TSNEPlot(object = s1s3s4, do.label = F) 
 
# Calculate number of cells per cluster from object@ident 
cell.num <- table(s1s3s4@ident) 
 
# Add cell number per cluster to cluster labels 
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ClusterLabels = paste("Cluster", names(cell.num), paste0("(n = ", cell.num, 

")")) 
 
# Order legend labels in plot in the same order as 'ClusterLabels' 
ClusterBreaks = names(cell.num) 
 
# Plot tSNE with new legend labels for clusters 
TSNEPlot(object = s1s3s4, do.return = T) + 
  scale_colour_discrete(breaks = ClusterBreaks,  
                        labels = ClusterLabels) + 
  labs(x = "t-SNE 1", 
       y = "t-SNE 2") 
 
# Cluster the cells. 
# Construct kNN/SNN graphs based on dimensionality identified by PCA (top 15 

PCs). 
# Cluster cells based on Louvain algorithm with a resolution of 0.6 
s1s3s4 <- FindClusters(object = s1s3s4, reduction.type = "pca", dims.use = 

1:15,  
                       resolution = 0.6, print.output = 0, save.SNN = TRUE) 
 
# Run t-SNE dimensional reduction based on top 15 PCs 
s1s3s4 <- RunTSNE(object = s1s3s4, dims.use = 1:15, do.fast = TRUE) 

 
# Visualise clustering results (t-SNE visualisation) 
TSNEPlot(object = s1s3s4, do.label = T) 
 
# Calculate number of cells per cluster from object@ident 
cell.num2 <- table(s1s3s4@ident) 

 
# Add cell number per cluster to cluster labels 
ClusterLabels2 = paste("Cluster", names(cell.num2), paste0("(n = ", cell.num2, 

")")) 
 
# Order legend labels in plot in the same order as 'ClusterLabels' 
ClusterBreaks2 = names(cell.num2) 

 
# Plot tSNE with new legend labels for clusters 
TSNEPlot(object = s1s3s4, do.return = T) + 
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  scale_colour_discrete(breaks = ClusterBreaks2,  
                        labels = ClusterLabels2) + 
  labs(x = "t-SNE 1", 
       y = "t-SNE 2") 
 

 
# Removing cluster 6 (contaminant cell cluster)- subsetting clusters 

0,1,2,3,4,5 and 7 into a separate object (i.e. s1s3s4_new) 
s1s3s4_new <- SubsetData(object = s1s3s4, ident.use = c(0,1,2,3,4,5,7)) 
 
# Re-run t-SNE analysis and visualise clusering results 
s1s3s4_new <- RunTSNE(object = s1s3s4_new, dims.use = 1:15, do.fast = TRUE) 
TSNEPlot(object = s1s3s4_new, do.label = F) 
 
# T-SNE plot with identity breakdown 
TSNEPlot(object = s1s3s4_new, group.by = "orig.ident") 
 
# Calculate number of cells per cluster from object@ident 
cell.num3 <- table(s1s3s4_new@ident) 
 
# Add cell number per cluster to cluster labels 
ClusterLabels3 = paste("Cluster", names(cell.num3), paste0("(n = ", cell.num3, 

")")) 
 
# Order legend labels in plot in the same order as 'ClusterLabels' 
ClusterBreaks3 = names(cell.num3) 
 
# Plot tSNE with new legend labels for clusters 
TSNEPlot(object = s1s3s4_new, do.return = T) + 
  scale_colour_discrete(breaks = ClusterBreaks3,  
                        labels = ClusterLabels3) + 
  labs(x = "t-SNE 1", 
       y = "t-SNE 2") 
 

 
# Change cluster names 
# Store current cluster names 
current.cluster.ids <- c(0, 1, 2, 3, 4, 5, 7) 
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# Identify new clister ids 
new.cluster.ids <- c("0", "1", "2", "3", "4", "5", "6") 
s1s3s4_new@ident <- plyr::mapvalues(x = s1s3s4_new@ident, from = 

current.cluster.ids, to = new.cluster.ids) 
 
# t-SNE visualisation with new ids 
TSNEPlot(object = s1s3s4_new, do.label = TRUE, pt.size = 0.8) 
 

 
########### Differential gene expression analysis ############### 
# Find all markers for each cluster using Wilcoxon Rank Sum test. Return all 

DEGs in each cluster (genes expressed 
# in at least 25% of cells), compared to the rest.Export results into a csv 

file. 
 
# Cluster 0 
cluster0.markers <- FindMarkers(object = s1s3s4_new, ident.1 = 0, min.pct = 

0.25) 
write.table(cluster0.markers, file = "s1s3s4_new_combined_Cluster0 

markers.csv", sep = ",", row.names = TRUE, col.names = NA) 
 
# Cluster 1 
cluster1.markers <- FindMarkers(object = s1s3s4_new, ident.1 = 1, min.pct = 

0.25) 
write.table(cluster1.markers, file = "s1s3s4_new_combined_Cluster1 

markers.csv", sep = ",", row.names = TRUE, col.names = NA) 
 
# Cluster 2 
cluster2.markers <- FindMarkers(object = s1s3s4_new, ident.1 = 2, min.pct = 

0.25) 
write.table(cluster2.markers, file = "s1s3s4_new_combined_Cluster2 

markers.csv", sep = ",", row.names = TRUE, col.names = NA) 
 
# Cluster 3 
cluster3.markers <- FindMarkers(object = s1s3s4_new, ident.1 = 3, min.pct = 

0.25) 
write.table(cluster3.markers, file = "s1s3s4_new_combined_Cluster3 

markers.csv", sep = ",", row.names = TRUE, col.names = NA) 
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# Cluster 4 
cluster4.markers <- FindMarkers(object = s1s3s4_new, ident.1 = 4, min.pct = 

0.25) 
write.table(cluster4.markers, file = "s1s3s4_new_combined_Cluster4 

markers.csv", sep = ",", row.names = TRUE, col.names = NA) 
 
# Cluster 5 
cluster5.markers <- FindMarkers(object = s1s3s4_new, ident.1 = 5, min.pct = 

0.25) 
write.table(cluster5.markers, file = "s1s3s4_new_combined_Cluster5 

markers.csv", sep = ",", row.names = TRUE, col.names = NA) 
 
# Cluster 6 
cluster6.markers <- FindMarkers(object = s1s3s4_new, ident.1 = 6, min.pct = 

0.25) 
write.table(cluster6.markers, file = "s1s3s4_new_combined_Cluster6 

markers.csv", sep = ",", row.names = TRUE, col.names = NA) 
 
# Find markers for every cluster compared to all remaining cells, show only 

postive (upregulated) genes 
# Only return markers expressed in at least 25% of cells, and with a log fold 

change of at least 0.25 
s1s3s4_new_pos.markers <- FindAllMarkers(object = s1s3s4_new, only.pos = TRUE, 

min.pct = 0.25,  
                                     thresh.use = 0.25) 
 
# find markers for every cluster compared to all remaining cells, report all 

markers. Export results into a csv file. 
s1s3s4_new_all.markers <- FindAllMarkers(object = s1s3s4_new, min.pct = 0.25, 

thresh.use = 0.25) 
write.table(s1s3s4_new_all.markers, file = 

"Markers_for_every_cluster_all_markers.csv", sep = ",", row.names = TRUE, 

col.names = NA) 
 
#### Create a heatmap displaying the top 10 genes for each cluster based on 

average log fold change 
# Identify the top 10 most differentially expressed genes based on average log 

fold change; order according to average log fold change. 
top10 <- s1s3s4_new_pos.markers %>% group_by(cluster) %>% top_n(10, avg_logFC) 
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# Construct heatmap.Setting slim.col.label to TRUE will print just the cluster 

IDS instead of 
# every cell name 
DoHeatmap(object = s1s3s4_new, genes.use = top10$gene, slim.col.label = TRUE, 

remove.key = F) 
 
#### Assess DEGs between each sample ID 
 
# Change the object's identity class to "orig.ident" instead of clusters 
s1s3s4_new <- SetAllIdent(object = s1s3s4_new, id = "orig.ident") 

 
# Find differentially expressed genes between the different sample IDs and 

export results as a csv file. 
markers <- FindAllMarkers(object = s1s3s4_new) 
write.table(markers, file = "s1s3s4_wo_cl6_DEGs.csv", sep = ",", row.names = 

TRUE, col.names = NA) 

 
########### Data visualisation ############### 
# VlnPlots to visualise expression of genes of interest- grouped by sample ID 
VlnPlot(object = s1s3s4_new, features.plot = c("GPX3", "CXCL14", "FOS", 

"PLA2G2A", "FBLN1", "DKK1"), group.by = "orig.ident") 
 
# Feature plots to visualise expression of genes of interest 
FeaturePlot(object = s1s3s4_new, features.plot = c("SLC39A8", "PLTP", "SEMA5A", 

"TIPARP",  
                                               "ASPN", "NRN1", "PCLAF", 

"TYROBP"), cols.use = c("grey", "blue"), reduction.use = "tsne") 
 
######################################## MONOCLE ANALYSIS 

###################################################### 
###### Trajectory analysis ######  
 
# Load monocle library 
library(monocle) 
 
# Import object from Seurat into monocle as a CDS (cell dataset) 
importCDS(s1s3s4_new, import_all = T) 
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# Check that the cell names have been annotatded with the particular identifier 
head(x = s1s3s4_new@cell.names) 
tail(x = s1s3s4_new@cell.names) 

 
# Check the cell numbers for each sample. 
table(s1s3s4_new@meta.data$orig.ident) 
 
# Convert to imported data to monocle CDS 
s1s3s4_new.monocle <- importCDS(s1s3s4_new, import_all = TRUE) 
s1s3s4_new.monocle 

 
# Check the phenotypic data. Ensure that cell names have been annotated with 

the unique identifier. Also, ensure that there is a column 
# for cell identity (i.e. a column called orig.ident) 
head(pData(s1s3s4_new.monocle)) 
tail(pData(s1s3s4_new.monocle)) 

 
# Examine expression data. Number of genes across number of single cells. 

Double check that import is correct. 
dim(exprs(s1s3s4_new.monocle)) 
 
# Check the feature information - number of genes. Double check that import is 

correct. 
dim(fData(s1s3s4_new.monocle)) 
 
# Load dataset into monocle's main class "newCellDataSet" 
my_cds <- newCellDataSet(exprs(s1s3s4_new.monocle), 
                         phenoData = new("AnnotatedDataFrame", data = 

pData(s1s3s4_new.monocle)), # phenotype data 
                         featureData = new("AnnotatedDataFrame", data = 

fData(s1s3s4_new.monocle)), # feature data 
                         lowerDetectionLimit = 0.5, 
                         expressionFamily = negbinomial.size()) 
 
# Check the cell dataset- information on dataset 
my_cds 

 
# Perform normalisation and variance estimation steps. 
my_cds <- estimateSizeFactors(my_cds)  
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my_cds <- estimateDispersions(my_cds) 
 
# Run the detectGenes() function, to tally the number of cells expressing a 

gene and the number of genes expressed among all cells 
my_cds <- detectGenes(my_cds) 
 
# The detectGenes function adds column 'num_cells_expressed'- this column 

tallies the number of cells 
# expressing a particular gene (a gene is “expressed” if there is at least one 

count) 
head(fData(my_cds)) 
tail(fData(my_cds)) 
 
# A summary of the num_cells_expressed column 
summary(fData(my_cds)$num_cells_expressed) 
 
# The number of genes expressed (num_genes_expressed) per cell is stored in 

phenoData.  
# Note that if a gene has 10 UMIs or 1 UMI, it is still tallied as 1. 
head(pData(my_cds)) 
tail(pData(my_cds)) 
 
# Standardise to Z-distribution- i.e. normal distribution where mean is equal 

to zero and SD is equal to one. 
x <- pData(my_cds)$num_genes_expressed 
x_1 <- (x - mean(x)) / sd(x) 
summary(x_1) 
 
# Assess distribution of gene expression. y-axis is expression count, x-axis 

is standard deviation. 
# Monocle calculates mean total expression/cell and the standard deviation. 

Then takes the mean +/- 2 * SD. 
df <- data.frame(x = x_1) 
ggplot(df, aes(x)) + 
  geom_histogram(bins = 50) + 
  geom_vline(xintercept = c(-2, 2), linetype = "dotted", color = 'red') 
 
# Next we select the most highly variable genes, based on average expression 

and variability acrss the cells.  
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# The dispersionTable() function calculates the mean and dispersion values. 
disp_table <- dispersionTable(my_cds) 
head(disp_table) 

 
# Select genes for ordering- select particular genes that are expressed by at 

least 10 cells. 
print(head(fData(my_cds))) 
expressed_genes <- row.names(subset(fData(my_cds), num_cells_expressed >= 10)) 
 
# "differentialGeneTest" tests each gene for differential expression as a 

function of  
# pseudotime or according to other covariates as specified (in this case, 

orig.ident)   
diff_test_res <- differentialGeneTest(my_cds[expressed_genes,], 

fullModelFormulaStr = "~orig.ident") 
 
# Based on the genes identified from the "differentialGeneTest", we select the 

genes with a qval of less than 0.01 
# These get stored as a set of genes in a list called "ordering_genes". 
ordering_genes <- row.names (subset(diff_test_res, qval < 0.01)) 
table (ordering_genes) 
 
# The 'setOrderingFilter' function marks genes that will be used for downstream 

in pseudotime analysis 
my_cds <- setOrderingFilter(my_cds, ordering_genes) 
 
# The plot_ordering_genes function shows how variability (dispersion) in a 

gene's expression depends on the average expression across cells. 
# The red line shows Monocle's expectation of the dispersion based on this 

relationship.  
# The genes we marked for use in downstream analysis are shown as black dots, 

while the others are shown # as grey dots. 
plot_ordering_genes(my_cds) 
 
# Next,  the space is reduced down to two dimensions (using the 'DDRTree' 

method) 
my_cds <- reduceDimension(my_cds, max_components = 2, method = 'DDRTree') 
 
# Now that the space has been reduced, we use the "orderCells" function which 
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learns a "trajectory" and calculates where each cell falls within it.  
# This function takes as input a CellDataSet and returns it with two new 

columns: 
# Pseudotime and State, which together encode where each cell maps to the 

trajectory 
my_cds <- orderCells(my_cds) 
 
# Check the phenotypic data for the object to ensure that a column for 

Pseudotime and State have been added.  
head(pData(my_cds)) 
 
# Plot trajectory based on cell clustering 
plot_cell_trajectory(my_cds, color_by = "res.0.6") 
 
# Plot trajectory based on "orig.ident" (i.e sampleID) 
plot_cell_trajectory(my_cds, color_by = "orig.ident") 

 
# Plot trajectory based on Pseudotime.  
plot_cell_trajectory(my_cds, color_by = "Pseudotime") 
 
# Assess expression of particular genes ("blast_genes") across the different 

states 
blast_genes <- row.names(subset(fData(my_cds), gene_short_name %in% 

c("HSPA1A", "VCAM1", "IGFBP7", "LINC01423", "STMN2"))) 
 
# Check how gene expression changes with pseudotime- according to sampleID and 

clusters 
plot_genes_in_pseudotime(my_cds[blast_genes], color_by = "orig.ident") 
plot_genes_in_pseudotime(my_cds[blast_genes], color_by = "res.0.6") 
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Appendix III- Script for analysing ankylosing spondylitis, psoriatic arthritis and 
healthy control samples as part of the Mi-PART study (Drop-seq data)  

 
# Load relevant libraries 
 
library(Seurat) 
library(Matrix) 
library(dplyr) 
library(cowplot) 
library(ggplot2) 
 
# Set working directory to locate digital gene expression (DGE) files 
setwd("~/Desktop/Drop-seq_MiPart/DGE") 
 
############ Upload data ############# 
 
# Load DGE data; header=T indicates that the file contains the names o
f the variables as its first line; row.names = 1 indicates 
# that the column 1 of the table contains the row names. 
 
# Load in the Psoriatic arthritis (PS) samples- three individual datas
ets 
 
T16.data <- read.table("T16_top3556_dge.txt", 
                       header = T, row.names = 1) 
 
T21.data <- read.table("T21_top3482_dge.txt", 
                       header = T, row.names = 1) 
 
T24.data <- read.table("T24_top3133_dge.txt", 
                       header = T, row.names = 1) 
 
# Load in the Ankylosing spondylitis (AS) samples- three individual da
tasets 
 
T17.data <- read.table("T17_top3293_dge.txt", 
                       header = T, row.names = 1) 
 
T22.data <- read.table("T22_top3107_dge.txt", 
                       header = T, row.names = 1) 
 
T23.data <- read.table("T23_top3293_dge.txt", 
                       header = T, row.names = 1) 
 
# Load in the healthy control (HC) samples- three individual datasets 
 
T19.data <- read.table("T19_top3492_dge.txt", 
                       header = T, row.names = 1) 
 
T20.data <- read.table("T20_top3614_dge.txt", 
                       header = T, row.names = 1) 
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T25.data <- read.table("T25_top3355_dge.txt", 
                       header = T, row.names = 1) 
 
# Set up Seurat objects for each sample 
# Initialize the Seurat object with the raw (non-normalized data). Inc
lude genes expressed in at least 5 cells. I 
# Include cells that express at least 100 genes. 
 
T16 <- CreateSeuratObject(counts = T16.data, project = "T16", min.cell
s = 5, min.features = 100) 
T16 
 
T17 <- CreateSeuratObject(counts = T17.data, project = "T17", min.cell
s = 5, min.features = 100) 
T17 
 
T19 <- CreateSeuratObject(counts = T19.data, project = "T19", min.cell
s = 5, min.features = 100) 
T19 
 
T20 <- CreateSeuratObject(counts = T20.data, project = "T20", min.cell
s = 5, min.features = 100) 
T20 
 
T21 <- CreateSeuratObject(counts = T21.data, project = "T21", min.cell
s = 5, min.features = 100) 
T21 
 
T22 <- CreateSeuratObject(counts = T22.data, project = "T22", min.cell
s = 5, min.features = 100) 
T22 
 
T23 <- CreateSeuratObject(counts = T23.data, project = "T23", min.cell
s = 5, min.features = 100) 
T23 
 
T24 <- CreateSeuratObject(counts = T24.data, project = "T24", min.cell
s = 5, min.features = 100) 
T24 
 
T25 <- CreateSeuratObject(counts = T25.data, project = "T25", min.cell
s = 5, min.features = 100) 
T25 
 
############ Quality control ############# 
 
# Add percentage mitochondrial genes to the metadata of each object ("
percent.mito"), by finding genes that start with "MT-" 
# Check the header of each object metadata to ensure that the percent.
mito data has been added. 
 
T16[["percent.mito"]] <- PercentageFeatureSet(T16, pattern = "^MT-") 
head(T16@meta.data) 
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T17[["percent.mito"]] <- PercentageFeatureSet(T17, pattern = "^MT-") 
head(T17@meta.data) 
 
T19[["percent.mito"]] <- PercentageFeatureSet(T19, pattern = "^MT-") 
head(T19@meta.data) 
 
T20[["percent.mito"]] <- PercentageFeatureSet(T20, pattern = "^MT-") 
head(T20@meta.data) 
 
T21[["percent.mito"]] <- PercentageFeatureSet(T21, pattern = "^MT-") 
head(T21@meta.data) 
 
T22[["percent.mito"]] <- PercentageFeatureSet(T22, pattern = "^MT-") 
head(T22@meta.data) 
 
T23[["percent.mito"]] <- PercentageFeatureSet(T23, pattern = "^MT-") 
head(T23@meta.data) 
 
T24[["percent.mito"]] <- PercentageFeatureSet(T24, pattern = "^MT-") 
head(T24@meta.data) 
 
T25[["percent.mito"]] <- PercentageFeatureSet(T25, pattern = "^MT-") 
head(T25@meta.data) 
 
# Get a summary of the metadata statistics. 
summary(T16@meta.data) 
 
summary(T17@meta.data) 
 
summary(T19@meta.data) 
 
summary(T20@meta.data) 
 
summary(T21@meta.data) 
 
summary(T22@meta.data) 
 
summary(T23@meta.data) 
 
summary(T24@meta.data) 
 
summary(T25@meta.data) 
 
# Visualize QC metrics as a violin plot, where nFeature_RNA = number o
f genes detected in each cell 
# and  nCount_RNA = number of unique molecular identifiers (UMI) detec
ted in each cell. To determine quality control parameters 
 
VlnPlot(T16, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
VlnPlot(T17, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
VlnPlot(T19, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
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VlnPlot(T20, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
VlnPlot(T21, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
VlnPlot(T22, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
VlnPlot(T23, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
VlnPlot(T24, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
VlnPlot(T25, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"
), ncol = 3) 
 
# FeatureScatter plot to visualise feature comparisons to determine qu
ality control paramters 
 
plot1 <- FeatureScatter(T16, feature1 = "nCount_RNA", feature2 = "perc
ent.mito") 
plot2 <- FeatureScatter(T16, feature1 = "nCount_RNA", feature2 = "nFea
ture_RNA") 
CombinePlots(plots = list(plot1, plot2)) 
 
plot3 <- FeatureScatter(T17, feature1 = "nCount_RNA", feature2 = "perc
ent.mito") 
plot4 <- FeatureScatter(T17, feature1 = "nCount_RNA", feature2 = "nFea
ture_RNA") 
CombinePlots(plots = list(plot3, plot4)) 
 
plot5 <- FeatureScatter(T19, feature1 = "nCount_RNA", feature2 = "perc
ent.mito") 
plot6 <- FeatureScatter(T19, feature1 = "nCount_RNA", feature2 = "nFea
ture_RNA") 
CombinePlots(plots = list(plot5, plot6)) 
 
plot7 <- FeatureScatter(T20, feature1 = "nCount_RNA", feature2 = "perc
ent.mito") 
plot8 <- FeatureScatter(T20, feature1 = "nCount_RNA", feature2 = "nFea
ture_RNA") 
CombinePlots(plots = list(plot7, plot8)) 
 
plot9 <- FeatureScatter(T21, feature1 = "nCount_RNA", feature2 = "perc
ent.mito") 
plot10 <- FeatureScatter(T21, feature1 = "nCount_RNA", feature2 = "nFe
ature_RNA") 
CombinePlots(plots = list(plot9, plot10)) 
 
plot11 <- FeatureScatter(T22, feature1 = "nCount_RNA", feature2 = "per
cent.mito") 
plot12 <- FeatureScatter(T22, feature1 = "nCount_RNA", feature2 = "nFe
ature_RNA") 
CombinePlots(plots = list(plot11, plot12)) 
 
plot13 <- FeatureScatter(T23, feature1 = "nCount_RNA", feature2 = "per
cent.mito") 
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plot14 <- FeatureScatter(T23, feature1 = "nCount_RNA", feature2 = "nFe
ature_RNA") 
CombinePlots(plots = list(plot13, plot14)) 
 
plot15 <- FeatureScatter(T24, feature1 = "nCount_RNA", feature2 = "per
cent.mito") 
plot16 <- FeatureScatter(T24, feature1 = "nCount_RNA", feature2 = "nFe
ature_RNA") 
CombinePlots(plots = list(plot15, plot16)) 
 
plot17 <- FeatureScatter(T25, feature1 = "nCount_RNA", feature2 = "per
cent.mito") 
plot18 <- FeatureScatter(T25, feature1 = "nCount_RNA", feature2 = "nFe
ature_RNA") 
CombinePlots(plots = list(plot17, plot18)) 
 
# Filtering each individual dataset based on determined quality contro
l parameters 
T16 <- subset(T16, subset = nFeature_RNA > 100 & nFeature_RNA < 1000 & 
percent.mito < 15) 
T17 <- subset(T17, subset = nFeature_RNA > 100 & nFeature_RNA < 1000 & 
percent.mito < 15) 
T19 <- subset(T19, subset = nFeature_RNA > 100 & nFeature_RNA < 1200 & 
percent.mito < 15) 
T20 <- subset(T20, subset = nFeature_RNA > 100 & nFeature_RNA < 1000 & 
percent.mito < 15) 
T21 <- subset(T21, subset = nFeature_RNA > 100 & nFeature_RNA < 1100 & 
percent.mito < 15) 
T22 <- subset(T22, subset = nFeature_RNA > 100 & nFeature_RNA < 1000 & 
percent.mito < 15) 
T23 <- subset(T23, subset = nFeature_RNA > 100 & nFeature_RNA < 1500 & 
percent.mito < 15) 
T24 <- subset(T24, subset = nFeature_RNA > 100 & nFeature_RNA < 1200 & 
percent.mito < 15) 
T25 <- subset(T25, subset = nFeature_RNA > 100 & nFeature_RNA < 1250 & 
percent.mito < 15) 
 
# Check how many cells remain after filtration 
T16 
T17 
T19 
T20 
T21 
T22 
T23 
T24 
T25 
 
############ Merge cohort datasets ############# 
 
# Merge x3 HC datasets into one object 
HC.combined <- merge(T19, y = c(T20, T25), add.cell.ids = c("T19", "T2
0", "T25"), project = "HC") 
HC.combined 



 

 337 

 
# Add column to metadata to record cohort group 
HC.combined <- AddMetaData(HC.combined, metadata = "HC", col.name = 'c
ohort') 
 
# Check that column has been added to metadata 
HC.combined@meta.data 
 
# Merge x3 AS datasets into one object 
AS.combined <- merge(T17, y = c(T22, T23), add.cell.ids = c("T17", "T2
2", "T23"), project = "AS") 
AS.combined 
 
# Add column to metadata to record cohort group 
AS.combined <- AddMetaData(AS.combined, metadata = "AS", col.name = 'c
ohort') 
 
# Check that column has been added to metadata 
AS.combined@meta.data 
 
# Merge x3 PS datasets into one object 
PS.combined <- merge(T16, y = c(T21, T24), add.cell.ids = c("T16", "T2
1", "T24"), project = "PS") 
PS.combined 
 
# Add column to metadata to record cohort group 
PS.combined <- AddMetaData(PS.combined, metadata = "PS", col.name = 'c
ohort') 
 
# Check that column has been added to metadata 
PS.combined@meta.data 
 
############ Normalisation ############# 
 
# Normalise each combined dataset 
HC.combined <- NormalizeData(HC.combined, normalization.method = "LogN
ormalize", scale.factor = 10000) 
AS.combined <- NormalizeData(AS.combined, normalization.method = "LogN
ormalize", scale.factor = 10000) 
PS.combined <- NormalizeData(PS.combined, normalization.method = "LogN
ormalize", scale.factor = 10000) 
 
 
############ HC Feature selection ############# 
# Find top 2000 highly variable genes in the combined dataset 
HC.combined <- FindVariableFeatures(HC.combined, selection.method = "v
st", nfeatures = 2000) 
 
# Identify the 20 most highly variable genes 
top20_HC <- head(VariableFeatures(HC.combined), 20) 
 
# Plot variable features with and without labels 
plot1 <- VariableFeaturePlot(HC.combined) 
LabelPoints(plot = plot1, points = top20_HC, repel = TRUE, xnudge = 0, 
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ynudge = 0) 
 
############ AS  Feature selection ############# 
# Find top 2000 highly variable genes in the combined dataset 
AS.combined <- FindVariableFeatures(AS.combined, selection.method = "v
st", nfeatures = 2000) 
 
# Identify the 20 most highly variable genes 
top20_AS <- head(VariableFeatures(AS.combined), 20) 
 
# plot variable features with and without labels 
plot1 <- VariableFeaturePlot(AS.combined) 
LabelPoints(plot = plot1, points = top20_AS, repel = TRUE, xnudge = 0, 
ynudge = 0) 
 
############ PS Feature selection ############# 
# Find top 2000 highly variable genes in the combined dataset 
PS.combined <- FindVariableFeatures(PS.combined, selection.method = "v
st", nfeatures = 2000) 
 
# Identify the 20 most highly variable genes 
top20_PS <- head(VariableFeatures(PS.combined), 20) 
 
# plot variable features with and without labels 
plot1 <- VariableFeaturePlot(PS.combined) 
LabelPoints(plot = plot1, points = top20_PS, repel = TRUE, xnudge = 0, 
ynudge = 0) 
 
############ Scale data ############# 
# Scale data based on the top 2000 genes identified in the datasets. H
eterogeneity associated with mitochondrial genes regressed. 
HC.combined <- ScaleData(HC.combined, vars.to.regress = "percent.mito"
) 
AS.combined <- ScaleData(AS.combined, vars.to.regress = "percent.mito"
) 
PS.combined <- ScaleData(PS.combined, vars.to.regress = "percent.mito"
) 
 
############ Combine datasets ############# 
# Combine the datasets into a reference list (cohorts.combined) 
cohorts.combined <- c(HC.combined, AS.combined, PS.combined) 
 
############ Data integration ############# 
# Identify anchors using the 'FindIntegrationAnchors' function- this f
unction takes a list of Seurat objects as input (i.e cohort.combined) 
cohorts.anchors <- FindIntegrationAnchors(object.list = cohorts.combin
ed, dims = 1:30) 
 
# The identified anchors are passed to the 'IntegrateData' function. T
his function will return a new Assay with the integrated expression ma
trix data. 
# Therefore, the original uncorrected values are still stored in the "
RNA assay". 
cohorts.combined.integrated <- IntegrateData(anchorset = cohorts.ancho
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rs, dims = 1:30) 
 
# Switch to integrated assay. The variable features of this assay are a
utomatically set during IntegrateData 
DefaultAssay(cohorts.combined.integrated) <- "integrated" 
 
# Scale data 
cohorts.combined.integrated <- ScaleData(cohorts.combined.integrated, v
erbose = FALSE) 
 
############ Cell cycle scoring and regression ############# 
 
# Load S phase gene markers list 
s.genes <- cc.genes.updated.2019$s.genes 
 
# Load G2/M phase gene markers list 
g2m.genes <- cc.genes.updated.2019$g2m.genes 
 
# Run principal component analysis on the intregrated data object 
cohorts.combined.integrated <- RunPCA(cohorts.combined.integrated,  
                  features = VariableFeatures(cohorts.combined.integra
ted), nfeatures.print = 20, ndims.print = 1:20) 
 
# Assign each cell a score based on its expression of S and G2/M phase 
markers 
cohorts.combined.integrated <- CellCycleScoring(cohorts.combined.integ
rated, s.features = s.genes, g2m.features = g2m.genes, set.ident = TRU
E) 
 
# View cell cycle scores and phase assignments for the first few cells 
head(cohorts.combined.integrated[[]]) 
 
# Run PCA based on the cell cycle genes to evaluate whether data separ
ates based on cell cycle phase- visualise results using DimPlot functi
on 
cohorts.combined.integrated <- RunPCA(cohorts.combined.integrated, fea
tures = c(s.genes, g2m.genes)) 
DimPlot(cohorts.combined.integrated) 
 
# Regress out cell-cycle effect by scaling data based on cell cycle sc
ore. This function models the relationship between gene expression 
# and the G2/M and S phase cell cycle score. A "corrected" expression m
atrix is produced that is used for downstream analysis. 
cohorts.combined.integrated <- ScaleData(cohorts.combined.integrated, v
ars.to.regress = c("S.Score", "G2M.Score"), features = rownames(cohort
s.combined.integrated)) 
 
# Re-running PCA to assess whether principal components associated wit
h cell cycle genes are returned  
cohorts.combined.integrated <- RunPCA(cohorts.combined.integrated, fea
tures = VariableFeatures(cohorts.combined.integrated), nfeatures.print 
= 10) 
 
# Re-running PCA on only cell cycle genes only, to verify that prinici
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pal compnents are not assocated with cell cycle genes- visualise resul
ts using DimPlot function 
cohorts.combined.integrated <- RunPCA(cohorts.combined.integrated, fea
tures = c(s.genes, g2m.genes)) 
DimPlot(cohorts.combined.integrated) 
 
############ Assess dimensionality of the data ############# 
 
# Run ElbowPlot function on the first 40 principal components to asses
s dimentionality  
# This function ranks the principal components based on the percentage 
of variance explained by each component 
ElbowPlot(object = cohorts.combined.integrated,  
          ndims = 40) 
 
# Carry out JackStraw procedure analysis to verify dimensionality of d
ata. Significant principal components will show enrichment 
# of features with low p-values.  
cohorts.combined.integrated <- JackStraw(cohorts.combined.integrated, n
um.replicate = 100) 
cohorts.combined.integrated <- ScoreJackStraw(cohorts.combined.integra
ted, dims = 1:20) 
JackStrawPlot(cohorts.combined.integrated, dims = 1:20) 
 
############ Cluster cells ############# 
 
# Run PCA on the first 14 principal components to carry forward for do
wnstream analysis 
cohorts.combined.integrated <- RunPCA(cohorts.combined.integrated, npc
s = 14, verbose = FALSE) 
 
# Run UMAP based on the top 14 principal components identified by PCA 
cohorts.combined.integrated <- RunUMAP(cohorts.combined.integrated, re
duction = "pca", dims = 1:14) 
 
# Construct kNN/SNN graphs based on dimensionality identified by PCA (
top 14 PCs) 
cohorts.combined.integrated <- FindNeighbors(cohorts.combined.integrat
ed, reduction = "pca", dims = 1:14) 
 
# Cluster cells based on Louvain algorithm with a resolution of 0.5 
cohorts.combined.integrated <- FindClusters(cohorts.combined.integrate
d, resolution = 0.5) 
 
# Visualisation clustering results (UMAP visualisation) 
# Visualise clustering based orig.ident (i.e. identity of each individ
ual patient sample) 
p1 <- DimPlot(cohorts.combined.integrated, reduction = "umap", group.b
y = "orig.ident") 
 
# Visualise clustering- showing individual clusters 
p2 <- DimPlot(cohorts.combined.integrated, reduction = "umap", label = 
TRUE) 
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# Plot both p1 (orig.ident UMAP plot) and p2 (clusters UMAP plot) side
-by-side 
plot_grid(p1, p2) 
 
# Create a UMAP plot based on cohort ID with specific colours as oppos
ed to default colour scheme 
DimPlot(cohorts.combined.integrated, reduction = "umap", group.by = "c
ohort", cols = c("darkred", "darkgreen", "darksalmon")) 
 
# Create PCA plots according to clusters, sample ID, cohort ID and cel
l cycle phase 
PCAPlot(cohorts.combined.integrated, group.by = "seurat_clusters") 
PCAPlot(cohorts.combined.integrated, group.by = "orig.ident") 
PCAPlot(cohorts.combined.integrated, group.by = "cohort") 
PCAPlot(cohorts.combined.integrated, group.by = "Phase") 
 
# Create UMAP plot with all samples side-by-side  
DimPlot(cohorts.combined.integrated, reduction = "umap", split.by = "o
rig.ident", label = T) 
 
# Create a UMAP plot, which colours the clusters according to specific 
cell types 
DimPlot(cohorts.combined.integrated, reduction = "umap", label = F, co
ls = c("aquamarine3", "dodgerblue4",  
                          "coral2", "aquamarine3", "aquamarine3", "dod
gerblue4", "dodgerblue4", "darkred", 
                          "coral2", "forestgreen", "darkorchid", "dark
red", "gold", "darkorange3")) 
 
# Create a UMAP plot with different colours from the default colour sc
heme 
DimPlot(cohorts.combined.integrated, reduction = "umap", label = F, co
ls = c("aquamarine3", "dodgerblue4",  
                             "coral2", "darkred", "darkorange", "darkm
agenta", "brown1", "cyan1", 
                              "darkslategrey", "forestgreen", "azure4"
, "darkkhaki", "gold", "black")) 
 
# Get a list of a number of cells in each cluster 
table(Idents(cohorts.combined.integrated)) 
 
# Identify the number of cells in each identity 
table(cohorts.combined.integrated$orig.ident) 
 
# Identify the number of cells in each identity/cluster and save into a 
csv file 
no.cells_clusters <- table(cohorts.combined.integrated@meta.data$seura
t_clusters, cohorts.combined.integrated$orig.ident) 
write.table(no.cells_clusters, file = "cluster_identity_breakdown_res0
.5.csv", sep = ",", col.names = NA) 
 
# Identify the number of cells in each cohort 
table(cohorts.combined.integrated$cohort) 
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############ Find conserved markers accross the cohorts in each cluste
r ############# 
 
# Switch to RNA assay. 
DefaultAssay(cohorts.combined.integrated) <- "RNA" 
 
# Find the conserved markers in each cluster. Specify cluster in "iden
t.1" argument. Using "write.table" function, save  
# the conserved markers for each list onto a csv file.  
 
# Cluster 0 
C0.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 0, grouping.var = "cohort", verbose = FALSE) 
write.table(C0.markers, file = "cluster0_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 1 
C1.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 1, grouping.var = "cohort", verbose = FALSE) 
write.table(C1.markers, file = "cluster1_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 2 
C2.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 2, grouping.var = "cohort", verbose = FALSE) 
write.table(C2.markers, file = "cluster2_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 3 
C3.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 3, grouping.var = "cohort", verbose = FALSE) 
write.table(C3.markers, file = "cluster3_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 4 
C4.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 4, grouping.var = "cohort", verbose = FALSE) 
write.table(C4.markers, file = "cluster4_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 5 
C5.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 5, grouping.var = "cohort", verbose = FALSE) 
write.table(C5.markers, file = "cluster5_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 6 
C6.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 6, grouping.var = "cohort", verbose = FALSE) 
write.table(C6.markers, file = "cluster6_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 7 
C7.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
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1 = 7, grouping.var = "cohort", verbose = FALSE) 
write.table(C7.markers, file = "cluster7_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 8 
C8.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 8, grouping.var = "cohort", verbose = FALSE) 
write.table(C8.markers, file = "cluster8_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 9 
C9.markers <- FindConservedMarkers(cohorts.combined.integrated, ident.
1 = 9, grouping.var = "cohort", verbose = FALSE) 
write.table(C9.markers, file = "cluster9_conserved_markers.csv", sep = 
",", col.names = NA) 
 
# Cluster 10 
C10.markers <- FindConservedMarkers(cohorts.combined.integrated, ident
.1 = 10, grouping.var = "cohort", verbose = FALSE) 
write.table(C10.markers, file = "cluster10_conserved_markers.csv", sep 
= ",", col.names = NA) 
 
# Cluster 11 
C11.markers <- FindConservedMarkers(cohorts.combined.integrated, ident
.1 = 11, grouping.var = "cohort", verbose = FALSE) 
write.table(C11.markers, file = "cluster11_conserved_markers.csv", sep 
= ",", col.names = NA) 
 
# Cluster 12 
C12.markers <- FindConservedMarkers(cohorts.combined.integrated, ident
.1 = 12, grouping.var = "cohort", verbose = FALSE) 
write.table(C12.markers, file = "cluster12_conserved_markers.csv", sep 
= ",", col.names = NA) 
 
# Cluster 13 
C13.markers <- FindConservedMarkers(cohorts.combined.integrated, ident
.1 = 13, grouping.var = "cohort", verbose = FALSE) 
write.table(C13.markers, file = "cluster13_conserved_markers.csv", sep 
= ",", col.names = NA) 
 
# Save object to for faster future recovery of data. 
saveRDS(cohorts.combined.integrated, file = "All_cohorts_res0.5.rds") 
 
# Create a Feature plot or Violin plot to visualise relative expressio
n of a particular marker, as specified by the "features" argument 
# across the clusters  
FeaturePlot(cohorts.combined.integrated, features = c("MS4A1"), pt.siz
e = 1, order = T, label = T) 
VlnPlot(cohorts.combined.integrated, features = "SELL") 
 
# Identify all differentially expressed markers in the combined integr
ated dataset (positive markers only) 
# Only return genes that are expressed in a minimum of 25% of cells an
d at a minimum lof fold change of 0.5 
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markers_all <- FindAllMarkers(cohorts.combined.integrated, only.pos = T
, min.pct = 0.25, logfc.threshold = 0.5) 
 
# Organise the markers_all by cluster and display the top 2 genes; exp
ort results into a csv file. 
markers_all %>% group_by(cluster) %>% top_n(n = 2, wt = avg_logFC) 
write.table(markers_all, file = "all_markers_combined_dataset_with_com
b_cl04.csv", sep = ",", col.names = NA) 
 
# Identify the top 10 genes for each cluster based on average log fold 
change 
top10 <- markers_all %>% group_by(cluster) %>% top_n(n = 10, wt = avg_
logFC) 
 
# Create a heatmap displaying the top 10 genes for each cluster based o
n average log fold change 
DoHeatmap(cohorts.combined.integrated, features = top10$gene) + NoLege
nd() 
 
############ Subset one or several clusters and assess gene expression 
of particular marker ############# 
 
# Subset clusters 0,3 and 4 (CD4+ T CELLS) 
Cl_0_3_4_subset <- subset(cohorts.combined.integrated, idents = c(0,3,
4)) 
VlnPlot(Cl_0_3_4_subset, features ="CCL22", group.by = "seurat_cluster
s" , pt.size = 1) 
FeaturePlot(Cl_0_3_4_subset, features = "HMOX1", pt.size = 1, order = T
, label = T, split.by = "cohort") 
 
# Subset clusters 0 and 4 (CD4+ T CELLS) 
Cl_0_4_subset <- subset(cohorts.combined.integrated, idents = c(0,4)) 
VlnPlot(Cl_0_4_subset, features = "CREM") 
FeaturePlot(Cl_0_4_subset, features = "SELL", pt.size = 1, order = T, l
abel = T) 
 
# Subset cluster 0 
Cl_0_subset <- subset(cohorts.combined.integrated, idents = c(0)) 
VlnPlot(Cl_0_subset, features = "FOXP3", group.by = "cohort") 
FeaturePlot(Cl_0_subset, features = "OCIAD2", pt.size = 1, order = T, l
abel = T, split.by = "cohort") 
 
# Subset cluster 3 
Cl_3_subset <- subset(cohorts.combined.integrated, idents = c(3)) 
VlnPlot(Cl_3_subset, features = "FOXP3", group.by = "cohort") 
FeaturePlot(Cl_3_subset, features = "OCIAD2", pt.size = 1, order = T, l
abel = T, split.by = "cohort") 
 
# Subset cluster 4 
Cl_4_subset <- subset(cohorts.combined.integrated, idents = c(4)) 
VlnPlot(Cl_4_subset, features = "FOXP3", group.by = "cohort") 
FeaturePlot(Cl_4_subset, features = "OCIAD2", pt.size = 1, order = T, l
abel = T, split.by = "cohort") 
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# Subset clusters 1, 5, 6 (CD14+ CELLS) 
Cl_1_5_6_subset <- subset(cohorts.combined.integrated, idents = c(1,5,
6)) 
VlnPlot(Cl_1_5_6_subset, features = "CD68", group.by = "seurat_cluster
s") 
VlnPlot(Cl_1_5_6_subset, features = "FCGR1A", group.by = "cohort") 
FeaturePlot(Cl_1_5_6_subset, features = c("ADAMDEC1", "ADAM28", "MMP9"
), order = T, label = F, split.by = "cohort") 
FeaturePlot(Cl_1_5_6_subset, features = "TNFRSF11A", pt.size = 1, orde
r = T, label = T) 
 
# Subset clusters 7, 11 (B CELLS) 
Cl_7_11_subset <- subset(cohorts.combined.integrated, idents = c(7, 11
)) 
VlnPlot(Cl_7_11_subset, features = "MIR155HG") 
 
# Subset cluster 9 (NK cells) 
Cl_9 <- subset(cohorts.combined.integrated, idents = 9) 
VlnPlot(Cl_9, features = "GNLY", group.by = "cohort", pt.size = 0, col
s = c("darkred", "darkgreen", "darksalmon")) 
 
# Subset cluster 1 (monocyte subset) 
Cl_1 <- subset(cohorts.combined.integrated, idents = 1) 
VlnPlot(Cl_1, features = "THBS1", group.by = "cohort") 
 
# Subset cluster 5 (monocyte subset) 
Cl_5 <- subset(cohorts.combined.integrated, idents = 5) 
VlnPlot(Cl_5, features = "PGE2", group.by = "cohort") 
 
# Subset cluster 6 (monocyte subset) 
Cl_6 <- subset(cohorts.combined.integrated, idents = 6) 
VlnPlot(Cl_6, features = "STAT2", group.by = "cohort") 
 
# Subset cluster 8 (activated CD8+ T cells) 
Cl_8 <- subset(cohorts.combined.integrated, idents = 8) 
VlnPlot(Cl_8, features = "ENO1", group.by = "cohort", pt.size = 0, col
s = c("darkred", "darkgreen", "darksalmon")) 
 
# Subset cluster 2 (naive CD8+ T cells) 
Cl_2 <- subset(cohorts.combined.integrated, idents = 2) 
VlnPlot(Cl_2, features = "ENO1", group.by = "cohort", pt.size = 1) 
 
# Subset cluster 8 (CD8+ T cells) 
CD8_subset <- subset(cohorts.combined.integrated, idents = c(2,8)) 
VlnPlot(CD8_subset, features = "NKG7", group.by = "cohort", pt.size = 0
, cols = c("darkred", "darkgreen", "darksalmon")) 
FeaturePlot(CD8_subset, features = "TP53", split.by = "cohort", order = 
T) 
 
# Subset cluster 11 (Activated B cells) 
Cl11 <- subset(cohorts.combined.integrated, idents = 11) 
VlnPlot(Cl11, features = "BACH1", group.by = "cohort") 
 
# Subset cluster 7 (B cells) 
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Cl_7 <- subset(cohorts.combined.integrated, idents = 7) 
VlnPlot(Cl_7, features = "LTB", group.by = "cohort") 
 
# Subset cluster 13 (oonventional DCs) 
Cl_13 <- subset(cohorts.combined.integrated, idents = 13) 
VlnPlot(Cl_13, features = "TNFAIP3", group.by = "cohort", pt.size = 1) 
 
# Subset cluster 12 (plasmacytoid DCs) 
Cl_12 <- subset(cohorts.combined.integrated, idents = 12) 
VlnPlot(Cl_12, features = "ISCU", group.by = "cohort") 
 
# Subset cluster 10 (mature DCs) 
Cl_10 <- subset(cohorts.combined.integrated, idents = 10) 
VlnPlot(Cl_10, features = "TNIP1", group.by = "cohort", pt.size = 0, c
ols = c("darkred", "darkgreen", "darksalmon")) 
FeaturePlot(Cl_10, features = "H1FX", split.by = "cohort") 
 
############# Differential gene expression analysis ############# 
 
# Find differentially expressed genes (DEGs) using Wilcoxon Rank Sum t
est, between specific clusters and create a csv file of the results. 
 
# Find all DEGs between clusters 0 vs. Clusters 3 and 4 
C0_vs_3_and_4.de.markers <- FindMarkers(object = cohorts.combined.inte
grated, ident.1 = 0, ident.2 = c(3,4), only.pos = F) 
write.table(C0_vs_3_and_4.de.markers, file = "C0_vs_3_and_4.de.markers
.csv", sep = ",", col.names = NA) 
 
# Find all DEGs between clusters 0 and 4 
C0_vs_4.de.markers <- FindMarkers(object = cohorts.combined.integrated
, ident.1 = 0, ident.2 = 4, only.pos = F) 
write.table(C0_vs_4.de.markers, file = "C0_vs_4.de.markers.csv", sep = 
",", col.names = NA) 
 
# Find all DEGs between cluster 0 and 3 
C0_vs_3.de.markers <- FindMarkers(object = cohorts.combined.integrated
, ident.1 = 0, ident.2 = 3, only.pos = F) 
write.table(C0_vs_3.de.markers, file = "C0_vs_3.de.markers.csv", sep = 
",", col.names = NA) 
 
# Find all DEGs between clusters 1 vs. Clusters 5 and 6 
C1_vs_5_and_6.de.markers <- FindMarkers(object = cohorts.combined.inte
grated, ident.1 = 1, ident.2 = c(5,6), only.pos = F) 
write.table(C1_vs_5_and_6.de.markers, file = "C1_vs_5_and_6.de.markers
.csv", sep = ",", col.names = NA) 
 
# Find all DEGs between clusters 5 vs. Clusters 1 and 6 
C5_vs_1_and_6.de.markers <- FindMarkers(object = cohorts.combined.inte
grated, ident.1 = 5, ident.2 = c(1,6), only.pos = F) 
write.table(C5_vs_1_and_6.de.markers, file = "C5_vs_1_and_6.de.markers
.csv", sep = ",", col.names = NA) 
 
# Find all DEGs between clusters 1 and 5 
C1_vs_5.de.markers <- FindMarkers(object = cohorts.combined.integrated
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, ident.1 = 1, ident.2 = 5, only.pos = F) 
write.table(C1_vs_5.de.markers, file = "C1_vs_5.de.markers.csv", sep = 
",", col.names = NA) 
 
# Find all DEGs between clusters 2 and 8 
C2_vs_8.de.markers <- FindMarkers(object = cohorts.combined.integrated
, ident.1 = 2, ident.2 = 8, only.pos = F) 
write.table(C2_vs_8.de.markers, file = "C2_vs_8.de.markers.csv", sep = 
",", col.names = NA) 
 
# Find all DEGs between cluster 2 and 9 
C2_vs_9.de.markers <- FindMarkers(object = cohorts.combined.integrated
, ident.1 = 2, ident.2 = 9, only.pos = F) 
write.table(C2_vs_9.de.markers, file = "C2_vs_9.de.markers.csv", sep = 
",", col.names = NA) 
 
# Find all DEGs between clusters 7 and 11 
C7_vs_11.de.markers <- FindMarkers(object = cohorts.combined.integrate
d, ident.1 = 7, ident.2 = 11, only.pos = F) 
write.table(C7_vs_11.de.markers, file = "C7_vs_11.de.markers.csv", sep 
= ",", col.names = NA) 
 
# Finding differentially expressed genes in a specific cluster compare
d to the rest of the dataset, using Wilcoxon Rank Sum test. 
# Report only the postive genes (i.e. genes that are upregulated; can h
elp with identifying the role of the 
# cells in that particular cluster). Results saved in a csv file. 
 
# Cluster 0 
c0.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 0, ident.2 = NULL, only.pos = T) 
write.table(c0.de.markers, file = "c0_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 1 
C1.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 1, ident.2 = NULL, only.pos = T) 
write.table(C1.de.markers, file = "c1_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 2 
C2.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 2, ident.2 = NULL, only.pos = T) 
write.table(C2.de.markers, file = "c2_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 3 
C3.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 3, ident.2 = NULL, only.pos = T) 
write.table(C3.de.markers, file = "c3_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 4 
C4.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
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nt.1 = 4, ident.2 = NULL, only.pos = T) 
write.table(C4.de.markers, file = "c4_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 5 
C5.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 5, ident.2 = NULL, only.pos = T) 
write.table(C5.de.markers, file = "c5_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 6 
C6.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 6, ident.2 = NULL, only.pos = T) 
write.table(C6.de.markers, file = "c6_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 7 
C7.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 7, ident.2 = NULL, only.pos = T) 
write.table(C7.de.markers, file = "c7_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 8 
C8.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 8, ident.2 = NULL, only.pos = T) 
write.table(C8.de.markers, file = "c8_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 9 
C9.de.markers <- FindMarkers(object = cohorts.combined.integrated, ide
nt.1 = 9, ident.2 = NULL, only.pos = T) 
write.table(C9.de.markers, file = "c9_de_markers_onlypos.csv", sep = "
,", col.names = NA) 
 
# Cluster 10 
C10.de.markers <- FindMarkers(object = cohorts.combined.integrated, id
ent.1 = 10, ident.2 = NULL, only.pos = T) 
write.table(C10.de.markers, file = "c10_de_markers_onlypos.csv", sep = 
",", col.names = NA) 
 
# Cluster 11 
C11.de.markers <- FindMarkers(object = cohorts.combined.integrated, id
ent.1 = 11, ident.2 = NULL, only.pos = T) 
write.table(C11.de.markers, file = "c11_de_markers_onlypos.csv", sep = 
",", col.names = NA) 
 
# Cluster 12 
C12.de.markers <- FindMarkers(object = cohorts.combined.integrated, id
ent.1 = 12, ident.2 = NULL, only.pos = T) 
write.table(C12.de.markers, file = "c12_de_markers_onlypos.csv", sep = 
",", col.names = NA) 
 
# Cluster 13 
C13.de.markers <- FindMarkers(object = cohorts.combined.integrated, id
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ent.1 = 13, ident.2 = NULL, only.pos = T) 
write.table(C13.de.markers, file = "c13_de_markers_onlypos.csv", sep = 
",", col.names = NA) 
 
###### Finding differentially expressed genes between cohorts, using W
ilcoxon Rank Sum test. 
 
# Change the object's identity class to cohortID 
Idents(object = cohorts.combined.integrated) <- cohorts.combined.integ
rated@meta.data$'cohort' 
 
# Find DEGs in each cohort using FindAllMarkers function. Results save
d in csv file. 
DEG_cohorts_markers <- FindAllMarkers(cohorts.combined.integrated) 
write.table(DEG_cohorts_markers, file = "DEG_cohorts_markers.csv", sep 
= ",", col.names = NA) 
 
# Test DEGs between HC and PS.Results saved in csv file. 
HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 'HC', i
dent.2 = 'PS') 
write.table(HC_vs_PS, file = "HC_vs_PS_DEGs_markers.csv", sep = ",", c
ol.names = NA) 
 
# Test DEGs between HC and AS. Results saved in csv file. 
HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 'HC', i
dent.2 = 'AS') 
write.table(HC_vs_AS, file = "HC_vs_AS_DEGs_markers.csv", sep = ",", c
ol.names = NA) 
 
# Test DEGs between PS and AS. Results saved in csv file. 
PS_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 'PS', i
dent.2 = 'AS') 
write.table(PS_vs_AS, file = "PS_vs_AS_DEGs_markers.csv", sep = ",", c
ol.names = NA) 
 
############ Differential gene expression between cell type condition 
# Identify gene expression changes between the different conditions fo
r cells of the same type. 
 
# Create a column in the meta.data slot to store information about the 
celltype and the cohort (celltype.cond) 
cohorts.combined.integrated$celltype.cond <- paste(Idents(cohorts.comb
ined.integrated), cohorts.combined.integrated$cohort, sep = "_") 
cohorts.combined.integrated$celltype <- Idents(cohorts.combined.integr
ated) 
 
# Switch the object's identity class to the celltype.cond column 
Idents(cohorts.combined.integrated) <- "celltype.cond" 
 
# Check that the celltype and condition information has been added to t
he meta.data slot 
head(cohorts.combined.integrated@meta.data) 
 
# Find genes that change in each cluster (using Wilcoxon Rank Sum test
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) between the different conditions and export a csv table of the resul
ts 
# Compare each cluster for HC vs AS, HC vs PS and AS vs PS 
 
# Cluster 0 
C0_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"0_HC", ident.2 = "0_AS", verbose = FALSE) 
write.table(C0_comp_HC_vs_AS, file = "C0_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C0_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"0_HC", ident.2 = "0_PS", verbose = FALSE) 
write.table(C0_comp_HC_vs_PS, file = "C0_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C0_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"0_AS", ident.2 = "0_PS", verbose = FALSE) 
write.table(C0_comp_AS_vs_PS, file = "C0_comp_AS_vs_PS.csv", sep = ","
, col.names = NA) 
 
# Cluster 1 
C1_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"1_HC", ident.2 = "1_AS", verbose = FALSE) 
write.table(C1_comp_HC_vs_AS, file = "C1_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C1_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"1_HC", ident.2 = "1_PS", verbose = FALSE) 
write.table(C1_comp_HC_vs_PS, file = "C1_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C1_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"1_AS", ident.2 = "1_PS", verbose = FALSE) 
write.table(C1_comp_AS_vs_PS, file = "C1_comp_AS_vs_PS.csv", sep = ","
, col.names = NA) 
 
# Cluster 2 
C2_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"2_HC", ident.2 = "2_AS", verbose = FALSE) 
write.table(C2_comp_HC_vs_AS, file = "C2_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C2_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"2_HC", ident.2 = "2_PS", verbose = FALSE) 
write.table(C2_comp_HC_vs_PS, file = "C2_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C2_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"2_AS", ident.2 = "2_PS", verbose = FALSE) 
write.table(C2_comp_AS_vs_PS, file = "C2_comp_AS_vs_PS.csv", sep = ","
, col.names = NA) 
 
# Cluster 3 
C3_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
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"3_HC", ident.2 = "3_AS", verbose = FALSE) 
write.table(C3_comp_HC_vs_AS, file = "C3_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C3_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"3_HC", ident.2 = "3_PS", verbose = FALSE) 
write.table(C3_comp_HC_vs_PS, file = "C3_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C3_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"3_AS", ident.2 = "3_PS", verbose = FALSE) 
write.table(C3_comp_AS_vs_PS, file = "C3_comp_AS_vs_PS.csv", sep = ","
, col.names = NA) 
 
# Cluster 4 
C4_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"4_HC", ident.2 = "4_AS", verbose = FALSE) 
write.table(C4_comp_HC_vs_AS, file = "C4_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C4_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"4_HC", ident.2 = "4_PS", verbose = FALSE) 
write.table(C4_comp_HC_vs_PS, file = "C4_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C4_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"4_AS", ident.2 = "4_PS", verbose = FALSE) 
write.table(C4_comp_AS_vs_PS, file = "C4_comp_AS_vs_PS.csv", sep = ","
, col.names = NA) 
 
# Cluster 5 
C5_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"5_HC", ident.2 = "5_AS", verbose = FALSE) 
write.table(C5_comp_HC_vs_AS, file = "C5_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C5_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"5_HC", ident.2 = "5_PS", verbose = FALSE) 
write.table(C5_comp_HC_vs_PS, file = "C5_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C5_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"5_AS", ident.2 = "5_PS", verbose = FALSE) 
write.table(C5_comp_AS_vs_PS, file = "C5_comp_AS_vs_PS.csv", sep = ","
, col.names = NA) 
 
# Cluster 6 
C6_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"6_HC", ident.2 = "6_AS", verbose = FALSE) 
write.table(C6_comp_HC_vs_AS, file = "C6_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C6_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"6_HC", ident.2 = "6_PS", verbose = FALSE) 
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write.table(C6_comp_HC_vs_PS, file = "C6_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C6_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"6_AS", ident.2 = "6_PS", verbose = FALSE) 
write.table(C6_comp_AS_vs_PS, file = "C6_comp_AS_vs_PS,csv", sep = ","
, col.names = NA) 
 
# Cluster 7 
C7_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"7_HC", ident.2 = "7_AS", verbose = FALSE) 
write.table(C7_comp_HC_vs_AS, file = "C7_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C7_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"7_HC", ident.2 = "7_PS", verbose = FALSE) 
write.table(C7_comp_HC_vs_PS, file = "C7_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C7_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"7_AS", ident.2 = "7_PS", verbose = FALSE) 
write.table(C7_comp_AS_vs_PS, file = "C7_comp_AS_vs_PS,csv", sep = ","
, col.names = NA) 
 
# Cluster 8 
C8_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"8_HC", ident.2 = "8_AS", verbose = FALSE) 
write.table(C8_comp_HC_vs_AS, file = "C8_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C8_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"8_HC", ident.2 = "8_PS", verbose = FALSE) 
write.table(C8_comp_HC_vs_PS, file = "C8_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C8_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"8_AS", ident.2 = "8_PS", verbose = FALSE) 
write.table(C8_comp_AS_vs_PS, file = "C8_comp_AS_vs_PS,csv", sep = ","
, col.names = NA) 
 
# Cluster 9 
C9_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"9_HC", ident.2 = "9_AS", verbose = FALSE) 
write.table(C9_comp_HC_vs_AS, file = "C9_comp_HC_vs_AS.csv", sep = ","
, col.names = NA) 
 
C9_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"9_HC", ident.2 = "9_PS", verbose = FALSE) 
write.table(C9_comp_HC_vs_PS, file = "C9_comp_HC_vs_PS.csv", sep = ","
, col.names = NA) 
 
C9_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"9_AS", ident.2 = "9_PS", verbose = FALSE) 
write.table(C9_comp_AS_vs_PS, file = "C9_comp_AS_vs_PS,csv", sep = ","
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, col.names = NA) 
 
# Cluster 10 
C10_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"10_HC", ident.2 = "10_AS", verbose = FALSE) 
write.table(C10_comp_HC_vs_AS, file = "C10_comp_HC_vs_AS.csv", sep = "
,", col.names = NA) 
 
C10_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"10_HC", ident.2 = "10_PS", verbose = FALSE) 
write.table(C10_comp_HC_vs_PS, file = "C10_comp_HC_vs_PS.csv", sep = "
,", col.names = NA) 
 
C10_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"10_AS", ident.2 = "10_PS", verbose = FALSE) 
write.table(C10_comp_AS_vs_PS, file = "C10_comp_AS_vs_PS,csv", sep = "
,", col.names = NA) 
 
# Cluster 11 
C11_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"11_HC", ident.2 = "11_AS", verbose = FALSE) 
write.table(C11_comp_HC_vs_AS, file = "C11_comp_HC_vs_AS.csv", sep = "
,", col.names = NA) 
 
C11_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"11_HC", ident.2 = "11_PS", verbose = FALSE) 
write.table(C11_comp_HC_vs_PS, file = "C11_comp_HC_vs_PS.csv", sep = "
,", col.names = NA) 
 
C11_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"11_AS", ident.2 = "11_PS", verbose = FALSE) 
write.table(C11_comp_AS_vs_PS, file = "C11_comp_AS_vs_PS,csv", sep = "
,", col.names = NA) 
 
# Cluster 12 
C12_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"12_HC", ident.2 = "12_AS", verbose = FALSE) 
write.table(C12_comp_HC_vs_AS, file = "C12_comp_HC_vs_AS.csv", sep = "
,", col.names = NA) 
 
C12_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"12_HC", ident.2 = "12_PS", verbose = FALSE) 
write.table(C12_comp_HC_vs_PS, file = "C12_comp_HC_vs_PS.csv", sep = "
,", col.names = NA) 
 
C12_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"12_AS", ident.2 = "12_PS", verbose = FALSE) 
write.table(C12_comp_AS_vs_PS, file = "C12_comp_AS_vs_PS,csv", sep = "
,", col.names = NA) 
 
# Cluster 13 
C13_comp_HC_vs_AS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"13_HC", ident.2 = "13_AS", verbose = FALSE) 
write.table(C13_comp_HC_vs_AS, file = "C13_comp_HC_vs_AS.csv", sep = "
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,", col.names = NA) 
 
C13_comp_HC_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"13_HC", ident.2 = "13_PS", verbose = FALSE) 
write.table(C13_comp_HC_vs_PS, file = "C13_comp_HC_vs_PS.csv", sep = "
,", col.names = NA) 
 
C13_comp_AS_vs_PS <- FindMarkers(cohorts.combined.integrated, ident.1 = 
"13_AS", ident.2 = "13_PS", verbose = FALSE) 
write.table(C13_comp_AS_vs_PS, file = "C13_comp_AS_vs_PS,csv", sep = "
,", col.names = NA) 
 
########## Find out which genes are changing between the different con
ditions per cell type (using Wilcoxon Rank Sum test) 
 
##### CD4+ T CELL COHORT COMPARISON (CLUSTERS 0, 3 AND 4) ##### 
# Change identity class to "cohort" in the object 
Idents(Cl_0_3_4_subset) <- "cohort" 
 
Cl_0_3_4_subset_HC_vs_AS <- FindMarkers(Cl_0_3_4_subset, ident.1 = "HC
", ident.2 = "AS", verbose = FALSE) 
write.table(Cl_0_3_4_subset_HC_vs_AS, file = "Cl_0_3_4_subset_HC_vs_AS
.csv", sep = ",", col.names = NA) 
 
Cl_0_3_4_subset_HC_vs_PS <- FindMarkers(Cl_0_3_4_subset, ident.1 = "HC
", ident.2 = "PS", verbose = FALSE) 
write.table(Cl_0_3_4_subset_HC_vs_PS, file = "Cl_0_3_4_subset_HC_vs_PS
.csv", sep = ",", col.names = NA) 
 
Cl_0_3_4_subset_AS_vs_PS <- FindMarkers(Cl_0_3_4_subset, ident.1 = "AS
", ident.2 = "PS", verbose = FALSE) 
write.table(Cl_0_3_4_subset_AS_vs_PS, file = "Cl_0_3_4_subset_AS_vs_PS
.csv", sep = ",", col.names = NA) 
 
 
##### CD8+ T CELL COHORT COMPARISON (CLUSTERS 2 AND 8) ##### 
# Change identity class to "cohort" in the object 
Idents(CD8_subset) <- "cohort" 
 
CD8_subset_HC_vs_AS <- FindMarkers(CD8_subset, ident.1 = "HC", ident.2 
= "AS", verbose = FALSE) 
write.table(CD8_subset_HC_vs_AS, file = "CD8_subset_HC_vs_AS.csv", sep 
= ",", col.names = NA) 
 
CD8_subset_HC_vs_PS <- FindMarkers(CD8_subset, ident.1 = "HC", ident.2 
= "PS", verbose = FALSE) 
write.table(CD8_subset_HC_vs_PS, file = "CD8_subset_HC_vs_PS.csv", sep 
= ",", col.names = NA) 
 
CD8_subset_AS_vs_PS <- FindMarkers(CD8_subset, ident.1 = "AS", ident.2 
= "PS", verbose = FALSE) 
write.table(CD8_subset_AS_vs_PS, file = "CD8_subset_AS_vs_PS.csv", sep 
= ",", col.names = NA) 
 



 

 355 

 
##### MONOCYTES COHORT COMPARISON (CLUSTERS 1, 5, AND 6) ##### 
# Change identity class to "cohort" in the object 
Idents(Cl_1_5_6_subset) <- "cohort" 
 
Cl_1_5_6_subset_HC_vs_AS <- FindMarkers(Cl_1_5_6_subset, ident.1 = "HC
", ident.2 = "AS", verbose = FALSE) 
write.table(Cl_1_5_6_subset_HC_vs_AS, file = "Cl_1_5_6_subset_HC_vs_AS
.csv", sep = ",", col.names = NA) 
 
Cl_1_5_6_subset_HC_vs_PS <- FindMarkers(Cl_1_5_6_subset, ident.1 = "HC
", ident.2 = "PS", verbose = FALSE) 
write.table(Cl_1_5_6_subset_HC_vs_PS, file = "Cl_1_5_6_subset_HC_vs_PS
.csv", sep = ",", col.names = NA) 
 
Cl_1_5_6_subset_AS_vs_PS <- FindMarkers(Cl_1_5_6_subset, ident.1 = "AS
", ident.2 = "PS", verbose = FALSE) 
write.table(Cl_1_5_6_subset_AS_vs_PS, file = "Cl_1_5_6_subset_AS_vs_PS
.csv", sep = ",", col.names = NA) 
 
##### B CELL COHORT COMPARISON (CLUSTERS 7 AND 11) ##### 
# Change identity class to "cohort" in the object 
Idents(Cl_7_11_subset) <- "cohort" 
 
Cl_7_11_subset_HC_vs_AS <- FindMarkers(Cl_7_11_subset, ident.1 = "HC", 
ident.2 = "AS", verbose = FALSE) 
write.table(Cl_7_11_subset_HC_vs_AS, file = "Cl_7_11_subset_HC_vs_AS.c
sv", sep = ",", col.names = NA) 
 
Cl_7_11_subset_HC_vs_PS <- FindMarkers(Cl_7_11_subset, ident.1 = "HC", 
ident.2 = "PS", verbose = FALSE) 
write.table(Cl_7_11_subset_HC_vs_PS, file = "Cl_7_11_subset_HC_vs_PS.c
sv", sep = ",", col.names = NA) 
 
Cl_7_11_subset_AS_vs_PS <- FindMarkers(Cl_7_11_subset, ident.1 = "AS", 
ident.2 = "PS", verbose = FALSE) 
write.table(Cl_7_11_subset_AS_vs_PS, file = "Cl_7_11_subset_AS_vs_PS.c
sv", sep = ",", col.names = NA) 
 
 
#######################  
# Subset the PsA group to get a more accurate gene expression profile o
f AL365357.1 (i.e. in PsA only) 
# Change the class in the integrated dataset to cohort- to subset the c
ells based on cohort class 
Idents(object = cohorts.combined.integrated) <- cohorts.combined.integ
rated@meta.data$'cohort' 
PsA <- subset(cohorts.combined.integrated, idents = 'PS') 
 
# Change the class in the PsA object to "seurat clusters" so as to to g
et expression level for the clusters 
# within the PsA object 
Idents(object = PsA) <- PsA@meta.data$'seurat_clusters' 
VlnPlot(PsA, features = "AL365357.1") 
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# re-order the clusters in the PsA object 
# create a copy of the PsA object 
PsA_copy <- PsA 
# redefine the order and save under "my_levels" and assign to the PsA_
copy object 
my_levels <- c(0,3,4,2,8,9,7,11,1,5,6,13,10,12) 
Idents(PsA_copy) <- factor(Idents(PsA_copy), levels= my_levels) 
# create a violin plot with the re-defined order for the clusters 
VlnPlot(PsA_copy, features = c("AL365357.1")) 
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Appendix IV- Script for analysing THP-1 control (untreated) sample (Drop-seq 
data) 
 
# Load in relevant libraries 

 
library(Seurat) 
library(Matrix) 
library(dplyr) 
library(cowplot) 

 
# Set working directory to locate digital gene expression (DGE) files 
setwd("~/Desktop/Drop-seq_Dexamethasone/DGE_files") 

 

 
############ Upload data ############# 

 
# Load DGE data; header=T indicates that the file contains the names of the 

variables as its first line; row.names = 1 indicates 
# that the column 1 of the table contains the row names. 

 
TC1.data <- read.table("TC-1_top2700_dge.txt", 
                       header = T, row.names = 1) 

 
# Set up Seurat objects for the sample (object named TC1) 
# Initialize the Seurat object with the raw (non-normalized data). Include 

genes expressed in at least 5 cells. I 
# Include cells that express at least 100 genes 
TC1 <- CreateSeuratObject(counts = TC1.data, project = "TC1", min.cells = 

5, min.features = 100) 

 

 
############ Quality control ############# 

 
# Add percentage mitochondrial genes to the metadata of each object 

("percent.mito"), by finding genes that start with "MT-" 
# Check the header of each object metadata to ensure that the percent.mito 

data has been added. 
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TC1[["percent.mito"]] <- PercentageFeatureSet(TC1, pattern = "^MT-") 
head(TC1@meta.data) 

 
# Get a summary of the metadata statistics. 
summary(TC1@meta.data) 

 
# Visualize QC metrics as a violin plot, where nFeature_RNA = number of 

genes detected in each cell 
# and  nCount_RNA = number of unique molecular identifiers (UMI) detected 

in each cell. To determine quality control parameters 
VlnPlot(TC1, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"), 

ncol = 3) 

 
# FeatureScatter plot to visualise feature comparisons to determine quality 

control paramters 
plot1 <- FeatureScatter(TC1, feature1 = "nCount_RNA", feature2 = 

"percent.mito") 
plot2 <- FeatureScatter(TC1, feature1 = "nCount_RNA", feature2 = 

"nFeature_RNA") 
CombinePlots(plots = list(plot1, plot2)) 

 
# Filtering the data based on determined quality control parameters 
TC1 <- subset(TC1, subset = nFeature_RNA > 100 & nFeature_RNA < 2500 & 

percent.mito < 20) 

 
# Check how many cells remain after filtration 
TC1 

 
############ Normalisation ############# 
# Normalise each combined dataset 
TC1 <- NormalizeData(TC1, normalization.method = "LogNormalize", 

scale.factor = 10000) 

 
############ Feature selection ############# 

 
# Find top 2000 highly variable genes in the combined dataset 
TC1 <- FindVariableFeatures(TC1, selection.method = "vst", nfeatures = 
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2000) 

 
# Identify the 20 most highly variable genes 
top20_TC1 <- head(VariableFeatures(TC1), 20) 

 
# Plot variable features with and without labels 
plot1 <- VariableFeaturePlot(TC1) 
LabelPoints(plot = plot1, points = top20_TC1, repel = TRUE) 

 

 
############ Scale data ############# 
# Scale data based on the top 2000 genes identified in the dataset. 

Heterogeneity associated with mitochondrial genes regressed. 
TC1 <- ScaleData(TC1, vars.to.regress = "percent.mito") 

 
############ Cell cycle scoring and regression ############# 

 
# Load S phase gene markers list 
s.genes <- cc.genes.updated.2019$s.genes 

 
# Load G2/M phase gene markers list 
g2m.genes <- cc.genes.updated.2019$g2m.genes 

 
# Run principal component analysis  
TC1 <- RunPCA(TC1, features = VariableFeatures(TC1), nfeatures.print = 20, 

ndims.print = 1:20) 

 
# Assign each cell a score based on its expression of S and G2/M phase 

markers 
TC1 <- CellCycleScoring(TC1, s.features = s.genes, g2m.features = 

g2m.genes, set.ident = TRUE) 

 
# View cell cycle scores and phase assignments for the first few cells 
head(x = TC1@meta.data) 

 
# Run PCA based on the cell cycle genes to evaluate whether data separates 

based on cell cycle phase- visualise results using DimPlot function 
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TC1 <- RunPCA(TC1, features = c(s.genes, g2m.genes)) 
DimPlot(TC1) 

 
# Regress out cell-cycle effect by scaling data based on cell cycle score. 

This function models the relationship between gene expression 
# and the G2/M and S phase cell cycle score. A "corrected" expression matrix 

is produced that is used for downstream analysis. 
TC1 <- ScaleData(TC1, vars.to.regress = c("S.Score", "G2M.Score"), features 

= rownames(TC1)) 

 
# Re-running PCA to assess whether principal components associated with 

cell cycle genes are returned  
TC1 <- RunPCA(TC1, features = VariableFeatures(TC1), nfeatures.print = 10) 

 
# Visualise results based on cell cycle phase 
DimPlot(TC1, group.by = "Phase") 

 
############ Assess dimensionality of the data ############# 

 
# Run ElbowPlot function on the first 40 principal components to assess 

dimentionality  
# This function ranks the principal components based on the percentage of 

variance explained by each component 

 
ElbowPlot(object = TC1,  
          ndims = 40) 

 
# Carry out JackStraw procedure analysis to verify dimensionality of data. 

Significant principal components will show enrichment 
# of features with low p-values.  
TC1 <- JackStraw(TC1, num.replicate = 100) 
TC1 <- ScoreJackStraw(TC1, dims = 1:20) 
JackStrawPlot(TC1, dims = 1:15) 

 
############ Cluster cells ############# 

 
## Construct kNN/SNN graphs based on dimensionality identified by PCA (top 
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10 PCs) 
TC1 <- FindNeighbors(TC1, dims = 1:10) 

 
# Cluster cells based on Louvain algorithm with a resolution of 0.6 
TC1 <- FindClusters(TC1, resolution = 0.6) 

 
# Run non-linear dimensional reduction based on top 10 PCs 
TC1 <- RunUMAP(TC1, dims = 1:10) 

 
# Visualise clustering results (UMAP visualisation) 
DimPlot(TC1, reduction = "umap", label = F) 

 
# Change colours on the UMAP plot from default colours 
DimPlot(TC1, reduction = "umap", label = F, cols = c("cornflowerblue", 

"darkolivegreen", "rosybrown",  
                        "darkorange2", "darkorchid2", "darkgoldenrod2"), 

pt.size = 1) 

 

 
# Get a list of a number of cells in each cluster 
table(Idents(TC1)) 

 

 
########### Differential gene expression analysis ############### 
# Find all markers for each cluster using Wilcoxon Rank Sum test. Return 

all DEGs in each cluster, compared to the rest.Export results into 
# a csv file. 

 
# Cluster 0 
c0.markers <- FindMarkers(object = TC1, ident.1 = 0, only.pos = F) 
write.table(c0.markers, file = "c0_markers.csv", sep = ",", col.names = NA) 

 
# Cluster 1 
C1.markers <- FindMarkers(object = TC1, ident.1 = 1, only.pos = F) 
write.table(C1.markers, file = "c1_markers.csv", sep = ",", col.names = NA) 

 
# Cluster 2 
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C2.markers <- FindMarkers(object = TC1, ident.1 = 2, only.pos = F) 
write.table(C2.markers, file = "c2_markers.csv", sep = ",", col.names = NA) 

 
# Cluster 3 
C3.markers <- FindMarkers(object = TC1, ident.1 = 3, only.pos = F) 
write.table(C3.markers, file = "c3_markers.csv", sep = ",", col.names = NA) 

 
# Cluster 4 
C4.markers <- FindMarkers(object = TC1, ident.1 = 4, only.pos = F) 
write.table(C4.markers, file = "c4_markers.csv", sep = ",", col.names = NA) 

 
# Cluster 5 
C5.markers <- FindMarkers(object = TC1, ident.1 = 5, only.pos = F) 
write.table(C5.markers, file = "c5_markers.csv", sep = ",", col.names = NA) 

 
######### 

 
# Find markers for every cluster compared to all remaining cells, show only 

postive (upregulated) genes 
# Only return markers expressed in at least 25% of cells, and with a log 

fold change of at least 0.25 
TC1_all_markers <- FindAllMarkers(TC1, only.pos = T, min.pct = 0.25, 

logfc.threshold = 0.25) 

 
# Identify the top 10 most differentially expressed genes based on average 

log fold change; order according to average log fold change. 
top10 <- TC1_all_markers %>% group_by(cluster) %>% top_n(n = 10, wt = 

avg_logFC) 

 
# Create a heatmap displaying the top 10 genes for each cluster based on 

average log fold change 
DoHeatmap(TC1, features = top10$gene) + NoLegend() 

 
########## 

 
# Find markers that distinguish cluster 3 from cluster 0 
# Return genes that are expressed in at least 25% of cells; export reults 
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as csv file 
cluster3_0_de <- FindMarkers(TC1, ident.1 = 3, ident.2 = 0, min.pct = 0.25) 
write.table(cluster3_0_de, file = "cluster3_0_de.csv", sep = ",", col.names 

= NA) 

 
# Find markers that distinguish cluster 0 from cluster 1 
# Return genes that are expressed in at least 25% of cells; export reults 

as csv file 
cluster0_1_de <- FindMarkers(TC1, ident.1 = 0, ident.2 = 1, min.pct = 0.25) 
write.table(cluster0_1_de, file = "cluster0_1_de.csv", sep = ",", col.names 

= NA) 

 
########## 

 
########### Data visualisation ############### 

 
# Assess gene expression of particular marker (as specified by "features" 

argument), using Feature plot and violin plot 
FeaturePlot(TC1, features = ("CCR7"), cols = c("yellow", "darkgreen"), 

order = T, pt.size = 1,  
            label = F) 

 
VlnPlot(TC1, features = "HLA-DRB1") 
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Appendix V- Script for analysing THP-1 untreated  (TC1), Dex-treated (TC2), 
LPS-treated (TC3) and Dex/LPS-treated (TC4) samples (Drop-seq data) 
 

# Load in relevant libraries 
 

library(Seurat) 
library(Matrix) 
library(dplyr) 
library(cowplot) 
 

# Set working directory to locate digital gene expression (DGE) files 
setwd("~/Desktop/Drop-seq_Dexamethasone/DGE_files") 
 

############ Upload data ############# 
 

# Load DGE data; header=T indicates that the file contains the names of t
he variables as its first line; row.names = 1 indicates 
# that the column 1 of the table contains the row names. 
 

TC1.data <- read.table("TC-1_top2700_dge.txt", 
                       header = T, row.names = 1) 

 

TC2.data <- read.table("TC-2_top2500_dge.txt", 
                       header = T, row.names = 1) 

 

TC3.data <- read.table("TC-3_top2500_dge.txt", 
                       header = T, row.names = 1) 

 

TC4.data <- read.table("TC-4_top3200_dge.txt", 
                       header = T, row.names = 1) 

 

# Set up Seurat objects for each sample 
# Initialize the Seurat object with the raw (non-normalized data). Includ
e genes expressed in at least 5 cells. I 
# Include cells that express at least 100 genes. 
 

TC1 <- CreateSeuratObject(counts = TC1.data, project = "TC1", min.cells = 
5, min.features = 100) 

TC1 

 

TC2 <- CreateSeuratObject(counts = TC2.data, project = "TC2", min.cells = 
5, min.features = 100) 

TC2 

 

TC3 <- CreateSeuratObject(counts = TC3.data, project = "TC3", min.cells = 
5, min.features = 100) 

TC3 

 

TC4 <- CreateSeuratObject(counts = TC4.data, project = "TC4", min.cells = 
5, min.features = 100) 

TC4 

 

############ Quality control ############# 
 

# Add percentage mitochondrial genes to the metadata of each object ("per
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cent.mito"), by finding genes that start with "MT-" 
# Check the header of each object metadata to ensure that the percent.mit
o data has been added. 
 

TC1[["percent.mito"]] <- PercentageFeatureSet(TC1, pattern = "^MT-") 

head(TC1@meta.data) 
 

TC2[["percent.mito"]] <- PercentageFeatureSet(TC2, pattern = "^MT-") 

head(TC2@meta.data) 
 

TC3[["percent.mito"]] <- PercentageFeatureSet(TC3, pattern = "^MT-") 

head(TC3@meta.data) 
 

TC4[["percent.mito"]] <- PercentageFeatureSet(TC4, pattern = "^MT-") 

head(TC4@meta.data) 
 

 

# Get a summary of the metadata statistics. 
 

summary(TC1@meta.data) 
 

summary(TC2@meta.data) 
 

summary(TC3@meta.data) 
 

summary(TC4@meta.data) 
 

# Visualize QC metrics as a violin plot, where nFeature_RNA = number of g
enes detected in each cell 
# and  nCount_RNA = number of unique molecular identifiers (UMI) detected 
in each cell. To determine quality control parameters 
 

VlnPlot(TC1, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"), n
col = 3) 

VlnPlot(TC2, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"), n
col = 3) 

VlnPlot(TC3, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"), n
col = 3) 

VlnPlot(TC4, features = c("nFeature_RNA", "nCount_RNA", "percent.mito"), n
col = 3) 

 

 

# FeatureScatter plot to visualise feature comparisons to determine quali
ty control paramters 
 

plot1 <- FeatureScatter(TC1, feature1 = "nCount_RNA", feature2 = "percent
.mito") 

plot2 <- FeatureScatter(TC1, feature1 = "nCount_RNA", feature2 = "nFeatur
e_RNA") 

CombinePlots(plots = list(plot1, plot2)) 

 

plot3 <- FeatureScatter(TC2, feature1 = "nCount_RNA", feature2 = "percent
.mito") 

plot4 <- FeatureScatter(TC2, feature1 = "nCount_RNA", feature2 = "nFeatur
e_RNA") 

CombinePlots(plots = list(plot3, plot4)) 
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plot5 <- FeatureScatter(TC3, feature1 = "nCount_RNA", feature2 = "percent
.mito") 

plot6 <- FeatureScatter(TC3, feature1 = "nCount_RNA", feature2 = "nFeatur
e_RNA") 

CombinePlots(plots = list(plot5, plot6)) 

 

plot7 <- FeatureScatter(TC4, feature1 = "nCount_RNA", feature2 = "percent
.mito") 

plot8 <- FeatureScatter(TC4, feature1 = "nCount_RNA", feature2 = "nFeatur
e_RNA") 

CombinePlots(plots = list(plot7, plot8)) 

 

# Filtering each individual dataset based on determined quality control p
arameters 
TC1 <- subset(TC1, subset = nFeature_RNA > 100 & nFeature_RNA < 2500 & pe
rcent.mito < 20) 

TC2 <- subset(TC2, subset = nFeature_RNA > 100 & nFeature_RNA < 2500 & pe
rcent.mito < 20) 

TC3 <- subset(TC3, subset = nFeature_RNA > 100 & nFeature_RNA < 2500 & pe
rcent.mito < 20) 

TC4 <- subset(TC4, subset = nFeature_RNA > 100 & nFeature_RNA < 2500 & pe
rcent.mito < 20) 

 

# Check how many cells remain after filtration 
TC1 

TC2 

TC3 

TC4 

 

############ Normalisation ############# 
 

# Normalise each individual dataset 
TC1 <- NormalizeData(TC1, normalization.method = "LogNormalize", scale.fa
ctor = 10000) 

TC2 <- NormalizeData(TC2, normalization.method = "LogNormalize", scale.fa
ctor = 10000) 

TC3 <- NormalizeData(TC3, normalization.method = "LogNormalize", scale.fa
ctor = 10000) 

TC4 <- NormalizeData(TC4, normalization.method = "LogNormalize", scale.fa
ctor = 10000) 

 

############ TC1 Feature selection ############# 
# Find top 2000 highly variable genes in the dataset 
TC1 <- FindVariableFeatures(TC1, selection.method = "vst", nfeatures = 20
00) 

 

# Identify the 20 most highly variable genes 
top20_TC1 <- head(VariableFeatures(TC1), 20) 

 

# Plot variable features with and without labels 
plot1 <- VariableFeaturePlot(TC1) 
LabelPoints(plot = plot1, points = top20_TC1, repel = TRUE, xnudge = 0, y
nudge = 0) 

 

############ TC2 Feature selection ############# 
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# Find top 2000 highly variable genes in the dataset 
TC2 <- FindVariableFeatures(TC2, selection.method = "vst", nfeatures = 20
00) 

 

# Identify the 20 most highly variable genes 
top20_TC2 <- head(VariableFeatures(TC2), 20) 

 

# Plot variable features with and without labels 
plot1 <- VariableFeaturePlot(TC2) 
LabelPoints(plot = plot1, points = top20_TC2, repel = TRUE, xnudge = 0, y
nudge = 0) 

 

############ TC3 Feature selection ############# 
# Find top 2000 highly variable genes in the dataset 
TC3 <- FindVariableFeatures(TC3, selection.method = "vst", nfeatures = 20
00) 

 

# Identify the 20 most highly variable genes 
top20_TC3 <- head(VariableFeatures(TC3), 20) 

 

# Plot variable features with and without labels 
plot1 <- VariableFeaturePlot(TC3) 
LabelPoints(plot = plot1, points = top20_TC3, repel = TRUE, xnudge = 0, y
nudge = 0) 

 

############ TC4 Feature selection ############# 
# Find top 2000 highly variable genes in the dataset 
TC4 <- FindVariableFeatures(TC4, selection.method = "vst", nfeatures = 20
00) 

 

# Identify the 20 most highly variable genes 
top20_TC4 <- head(VariableFeatures(TC4), 20) 

 

# Plot variable features with and without labels 
VariableFeaturePlot(TC4) 
LabelPoints(plot = plot1, points = top20_TC4, repel = TRUE, xnudge = 0, y
nudge = 0) 

 

############ Scale data ############# 
# Scale data based on the top 2000 genes identified in the datasets. Hete
rogeneity associated with mitochondrial genes regressed 
 

TC1 <- ScaleData(TC1, vars.to.regress = "percent.mito") 

TC2 <- ScaleData(TC2, vars.to.regress = "percent.mito") 

TC3 <- ScaleData(TC3, vars.to.regress = "percent.mito") 

TC4 <- ScaleData(TC4, vars.to.regress = "percent.mito") 

 

############ Combine datasets ############# 
# Combine the datasets into a reference list (TC.combined) 
TC.combined <- c(TC1, TC2, TC3, TC4) 

 

############ Data integration ############# 
# Identify anchors using the 'FindIntegrationAnchors' function- this func
tion takes a list of Seurat objects as input (i.e TC.combined) 
TC.anchors <- FindIntegrationAnchors(object.list = TC.combined, dims = 1:
30) 
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# The identified anchors are passed to the 'IntegrateData' function. This 
function will return a new Assay with the integrated expression matrix da
ta. 
# Therefore, the original uncorrected values are still stored in the "RNA 
assay". 
TC.combined.integrated <- IntegrateData(anchorset = TC.anchors, dims = 1:
30) 

 

# Switch to integrated assay. The variable features of this assay are aut
omatically set during IntegrateData 
DefaultAssay(TC.combined.integrated) <- "integrated" 

 

# Scale data 
TC.combined.integrated <- ScaleData(TC.combined.integrated, verbose = FAL
SE) 

 

############ Cell cycle scoring and regression ############# 
 

# Load S phase gene markers list 
s.genes <- cc.genes.updated.2019$s.genes 
 

# Load G2/M phase gene markers list 
g2m.genes <- cc.genes.updated.2019$g2m.genes 
 

# Run principal component analysis on the intregrated data object 
TC.combined.integrated <- RunPCA(TC.combined.integrated,  
                                 features = VariableFeatures(TC.combined.
integrated), nfeatures.print = 20, ndims.print = 1:20) 
 

# Assign each cell a score based on its expression of S and G2/M phase ma
rkers 
TC.combined.integrated <- CellCycleScoring(TC.combined.integrated, s.feat
ures = s.genes, g2m.features = g2m.genes, set.ident = TRUE) 

 

# View cell cycle scores and phase assignments for the first few cells 
head(TC.combined.integrated[[]]) 
 

# Run PCA based on the cell cycle genes to evaluate whether data separate
s based on cell cycle phase- visualise results using DimPlot function 
TC.combined.integrated <- RunPCA(TC.combined.integrated, features = c(s.g
enes, g2m.genes)) 

DimPlot(TC.combined.integrated) 
 

# Regress out cell-cycle effect by scaling data based on cell cycle score
. This function models the relationship between gene expression 
# and the G2/M and S phase cell cycle score. A "corrected" expression mat
rix is produced that is used for downstream analysis. 
TC.combined.integrated <- ScaleData(TC.combined.integrated, vars.to.regre
ss = c("S.Score", "G2M.Score"), features = rownames(TC.combined.integrate
d)) 

 

# Re-running PCA to assess whether principal components associated with c
ell cycle genes are returned  
TC.combined.integrated <- RunPCA(TC.combined.integrated, features = Varia
bleFeatures(TC.combined.integrated), nfeatures.print = 10) 
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# Re-running PCA on only cell cycle genes only, to verify that prinicipal 
compnents are not assocated with cell cycle genes- visualise results usin
g DimPlot function 
TC.combined.integrated <- RunPCA(TC.combined.integrated, features = c(s.g
enes, g2m.genes)) 

DimPlot(TC.combined.integrated) 
 

############ Assess dimensionality of the data ############# 
 

# Run ElbowPlot function on the first 40 principal components to assess d
imentionality  
# This function ranks the principal components based on the percentage of 
variance explained by each component 
ElbowPlot(object = TC.combined.integrated,  

          ndims = 40) 

 

# Carry out JackStraw procedure analysis to verify dimensionality of data
. Significant principal components will show enrichment 
# of features with low p-values.  
TC.combined.integrated <- JackStraw(TC.combined.integrated, num.replicate 
= 100) 

TC.combined.integrated <- ScoreJackStraw(TC.combined.integrated, dims = 1
:20) 
JackStrawPlot(TC.combined.integrated, dims = 1:20) 
 

############ Cluster cells ############# 
 

# Run PCA on the first 15 principal components to carry forward for downs
tream analysis 
TC.combined.integrated <- RunPCA(TC.combined.integrated, npcs = 15, verbo
se = FALSE) 

 

# Run UMAP based on the top 15 principal components identified by PCA 
TC.combined.integrated <- RunUMAP(TC.combined.integrated, reduction = "pc
a", dims = 1:15) 
 

# Construct kNN/SNN graphs based on dimensionality identified by PCA (top 
15 PCs) 
TC.combined.integrated <- FindNeighbors(TC.combined.integrated, reduction 
= "pca", dims = 1:15) 
 

# Cluster cells based on Louvain algorithm with a resolution of 0.2 
TC.combined.integrated <- FindClusters(TC.combined.integrated, resolution 
= 0.2) 

 

# Visualisation clustering results (UMAP visualisation) 
# Visualise clustering based orig.ident (i.e. identity of each individual 
treatment sample) 
p1 <- DimPlot(TC.combined.integrated, reduction = "umap", group.by = "ori
g.ident") 

 

# Visualise clustering- showing individual clusters 
p2 <- DimPlot(TC.combined.integrated, reduction = "umap", label = TRUE) 
 

# Plot both p1 (orig.ident UMAP plot) and p2 (clusters UMAP plot) side-by
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-side 
plot_grid(p1, p2) 

 

# Create a UMAP plot based on orig.ident with specific colours as opposed 
to default colour scheme 
p1 <- DimPlot(TC.combined.integrated, reduction = "umap", group.by = "ori
g.ident", cols = c("grey", "chartreuse3", 

                                                                      "co

ral3", "blue3"), pt.size = 0.7) 

 

# Create a UMAP plot for clusters with specific colours as opposed to def
ault colour scheme 
p2 <- DimPlot(TC.combined.integrated, reduction = "umap", label = F,  

              cols = c("cornflowerblue", "darkolivegreen", "rosybrown", 

               "darkgoldenrod2", "darkorange2", "darkorchid2"), pt.size = 

1) 

 

# Plot both p1 (orig.ident UMAP plot) and p2 (clusters UMAP plot) side-by
-side, with new colours  
plot_grid(p1, p2) 

 

# Create PCA plots according to clusters and sample ID 
PCAPlot(TC.combined.integrated, group.by = "seurat_clusters") 

PCAPlot(TC.combined.integrated, group.by = "orig.ident") 

 

# Create UMAP plot with all samples side-by-side  
DimPlot(TC.combined.integrated, reduction = "umap", split.by = "orig.iden
t", label = F, 

        cols = c("cornflowerblue", "darkolivegreen", "rosybrown", 

                 "darkgoldenrod2", "darkorange2", "darkorchid2")) 

 

# Get a list of a number of cells in each cluster 
table(Idents(TC.combined.integrated)) 
 

# Number of cells in each identity 
table(TC.combined.integrated$orig.ident) 
 

############ Find conserved markers accross the cohorts in each cluster #
############ 
 

# Switch to RNA assay. 
DefaultAssay(TC.combined.integrated) <- "RNA" 

 

# Find the conserved markers in each cluster. Specify cluster in "ident.1
" argument. Using "write.table" function, save  
# the conserved markers for each list onto a csv file.  
 

# Cluster 0 
C0.markers <- FindConservedMarkers(TC.combined.integrated, ident.1 = 0, g
rouping.var = "orig.ident", verbose = FALSE) 

write.table(C0.markers, file = "cluster0_conserved_markers.csv", sep = ",
", col.names = NA) 

 

# Cluster 1 
C1.markers <- FindConservedMarkers(TC.combined.integrated, ident.1 = 1, g
rouping.var = "orig.ident", verbose = FALSE) 
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write.table(C1.markers, file = "cluster1_conserved_markers.csv", sep = ",
", col.names = NA) 

 

# Cluster 2 
C2.markers <- FindConservedMarkers(TC.combined.integrated, ident.1 = 2, g
rouping.var = "orig.ident", verbose = FALSE) 

write.table(C2.markers, file = "cluster2_conserved_markers.csv", sep = ",
", col.names = NA) 

 

# Cluster 3 
C3.markers <- FindConservedMarkers(TC.combined.integrated, ident.1 = 3, g
rouping.var = "orig.ident", verbose = FALSE) 

write.table(C3.markers, file = "cluster3_conserved_markers.csv", sep = ",
", col.names = NA) 

 

# Cluster 4 
C4.markers <- FindConservedMarkers(TC.combined.integrated, ident.1 = 4, g
rouping.var = "orig.ident", verbose = FALSE) 

write.table(C4.markers, file = "cluster4_conserved_markers.csv", sep = ",
", col.names = NA) 

 

# Cluster 5 
C5.markers <- FindConservedMarkers(TC.combined.integrated, ident.1 = 5, g
rouping.var = "orig.ident", verbose = FALSE) 

write.table(C5.markers, file = "cluster5_conserved_markers.csv", sep = ",
", col.names = NA) 

 

# Create a Feature plot or Violin plot to visualise relative expression o
f a particular marker, as specified by the "features" argument 
# across the clusters.  
FeaturePlot(TC.combined.integrated, features = c("CD52"), cols = c("yello
w", "darkgreen"), order = T, split.by = "orig.ident") 

VlnPlot(TC.combined.integrated, features = "TSC22D3") 

 

# Rename clusters 
new.cluster.ids <- c("MLCs", "HIST1H4C+", "TMEM161B-AS1+", "DCs", "Stress
ed MLCs", "MDMs") 

names(new.cluster.ids) <- levels(TC.combined.integrated) 
TC.combined.integrated <- RenameIdents(TC.combined.integrated, new.cluste
r.ids) 

 

# Save object to for faster future recovery of data. 
saveRDS(TC.combined.integrated, file = "TC.combined.integrated.rds") 

 

# Identify all differentially expressed markers in the combined integrate
d dataset (positive markers only) 
# Only return genes that are expressed in a minimum of 10% of cells and a
t a minimum lof fold change of 0.5, export results onto csv file 
markers_all <- FindAllMarkers(TC.combined.integrated, only.pos = T, logfc
.threshold = 0.5) 

write.table(markers_all, file = "all_markers_logFC_0.5.csv", sep = ",", c
ol.names = NA) 

 

# Identify the top 10 genes for each cluster based on average log fold ch
ange 
top10 <- markers_all %>% group_by(cluster) %>% top_n(n = 10, wt = avg_log
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FC) 

 

# Create a heatmap displaying the top 10 genes for each cluster based on a
verage log fold change 
DoHeatmap(TC.combined.integrated, features = top10$gene) + NoLegend() 
 

############# Differential gene expression analysis ############# 
 

# Find differentially expressed genes (DEGs) in a specific cluster compar
ed to the rest of the dataset using Wilcoxon Rank Sum test.  
# Report only the postive genes (i.e. genes that are upregulated; can hel
p with identifying the role of the cells). Export the results 
# onto a csv file.  
 

# Cluster 0 
c0.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 0
, ident.2 = NULL, only.pos = T) 

write.table(c0.de.markers, file = "c0_de_markers_onlypos.csv", sep = ",", 
col.names = NA) 

 

# Cluster 1 
C1.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 1
, ident.2 = NULL, only.pos = T) 

write.table(C1.de.markers, file = "c1_de_markers_onlypos.csv", sep = ",", 
col.names = NA) 

 

# Cluster 2 
C2.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 2
, ident.2 = NULL, only.pos = T) 

write.table(C2.de.markers, file = "c2_de_markers_onlypos.csv", sep = ",", 
col.names = NA) 

 

# Cluster 3 
C3.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 3
, ident.2 = NULL, only.pos = T) 

write.table(C3.de.markers, file = "c3_de_markers_onlypos.csv", sep = ",", 
col.names = NA) 

 

# Cluster 4 
C4.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 4
, ident.2 = NULL, only.pos = T) 

write.table(C4.de.markers, file = "c4_de_markers_onlypos.csv", sep = ",", 
col.names = NA) 

 

# Cluster 5 
C5.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 5
, ident.2 = NULL, only.pos = T) 

write.table(C5.de.markers, file = "c5_de_markers_onlypos.csv", sep = ",", 
col.names = NA) 

 

###### Find differentially expressed genes (DEGs) using Wilcoxon Rank Sum 
test, between specific clusters and create a csv file of the results. 
 

# Find all DEGs between clusters 5 and 11 
C5_11.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 
5, ident.2 = 11, only.pos = F) 
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write.table(C5_11.de.markers, file = "c5_11_de_markers.csv", sep = ",", c
ol.names = NA) 

 

# Find all DEGs between clusters 0 and 2 
C0_2.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 
0, ident.2 = 2, only.pos = F) 

write.table(C0_2.de.markers, file = "c0_2_de_markers.csv", sep = ",", col
.names = NA) 

 

# Find all DEGs between clusters 1 and 2 
C1_2.de.markers <- FindMarkers(object = TC.combined.integrated, ident.1 = 
1, ident.2 = 2, only.pos = F) 

write.table(C1_2.de.markers, file = "c1_2_de_markers.csv", sep = ",", col
.names = NA) 

 

###### Finding differentially expressed genes between the samples (instea
d of the clusters), using Wilcoxon Rank Sum test. 
 

# Change the object's identity class to sample ID (orig.ident) 
Idents(object = TC.combined.integrated) <- TC.combined.integrated@meta.da
ta$'orig.ident' 
 

# Find DEGs in each cohort using FindAllMarkers function. Results saved i
n csv file. 
DEG_TC_markers <- FindAllMarkers(TC.combined.integrated) 
write.table(DEG_TC_markers, file = "DEG_TC_markers.csv", sep = ",", col.n
ames = NA) 

 

# Test DEGs between TC1 vs TC2. Results saved in csv file. 
TC1_vs_TC2 <- FindMarkers(TC.combined.integrated, ident.1 = 'TC1', ident.
2 = 'TC2') 

write.table(TC1_vs_TC2 , file = "TC1_vs_TC2 _DEGs_markers.csv", sep = ","
, col.names = NA) 

 

# Test DEGs between TC1 vs TC3.Results saved in csv file. 
TC1_vs_TC3 <- FindMarkers(TC.combined.integrated, ident.1 = 'TC1', ident.
2 = 'TC3', ) 

write.table(TC1_vs_TC3, file = "TC1_vs_TC3_DEGs_markers.csv", sep = ",", c
ol.names = NA) 

 

# Test DEGs between TC1 vs TC4. Results saved in csv file. 
TC1_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = 'TC1', ident.
2 = 'TC4') 

write.table(TC1_vs_TC4, file = "TC1_vs_TC4_DEGs_markers.csv", sep = ",", c
ol.names = NA) 

 

# Test DEGs between TC2 vs TC3. Results saved in csv file. 
TC2_vs_TC3 <- FindMarkers(TC.combined.integrated, ident.1 = 'TC2', ident.
2 = 'TC3') 

write.table(TC2_vs_TC3, file = "TC2_vs_TC3_DEGs_markers.csv", sep = ",", c
ol.names = NA) 

 

# Test DEGs between TC2 vs TC4. Results saved in csv file. 
TC2_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = 'TC2', ident.
2 = 'TC4') 

write.table(TC2_vs_TC4, file = "TC2_vs_TC4_DEGs_markers.csv", sep = ",", c
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ol.names = NA) 

 

# Test DEGs between TC3 vs TC4. Results saved in csv file. 
TC3_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = 'TC3', ident.
2 = 'TC4') 

write.table(TC3_vs_TC4, file = "TC3_vs_TC4_DEGs_markers.csv", sep = ",", c
ol.names = NA) 

 

############ Differential gene expression between cell type condition 
# Identify gene expression changes between the different conditions for c
ells of the same type. 
 

# Create a column in the meta.data slot to store information about the ce
lltype and the cohort (celltype.cond) 
TC.combined.integrated$celltype.cond <- paste(Idents(TC.combined.integrat
ed), TC.combined.integrated$orig.ident, sep = "_") 

TC.combined.integrated$celltype <- Idents(TC.combined.integrated) 
 

# Switch the object's identity class to the celltype.cond column 
Idents(TC.combined.integrated) <- "celltype.cond" 

 

# Check that the celltype and condition information has been added to the 
meta.data slot 
head(TC.combined.integrated@meta.data) 
tail(TC.combined.integrated@meta.data) 
 

# Find genes that change in each cluster (using Wilcoxon Rank Sum test) b
etween the different conditions and export a csv table of the results 
# Compare each cluster for TC1 vs TC2, TC1 vs TC3 and TC1 vs TC4 
 

# CLuster 0 
C0_comp_TC1_vs_TC2 <- FindMarkers(TC.combined.integrated, ident.1 = "0_TC
1", ident.2 = "0_TC2", verbose = FALSE) 

write.table(C0_comp_TC1_vs_TC2, file = "C0_comp_TC1_vs_TC2.csv", sep = ",
", col.names = NA) 

 

C0_comp_TC1_vs_TC3 <- FindMarkers(TC.combined.integrated, ident.1 = "0_TC
1", ident.2 = "0_TC3", verbose = FALSE) 

write.table(C0_comp_TC1_vs_TC3, file = "C0_comp_TC1_vs_TC3.csv", sep = ",
", col.names = NA) 

 

C0_comp_TC1_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = "0_TC
1", ident.2 = "0_TC4", verbose = FALSE) 

write.table(C0_comp_TC1_vs_TC4, file = "C0_comp_TC1_vs_TC4.csv", sep = ",
", col.names = NA) 

 

# Cluster 1 
C1_comp_TC1_vs_TC2 <- FindMarkers(TC.combined.integrated, ident.1 = "1_TC
1", ident.2 = "1_TC2", verbose = FALSE) 

write.table(C1_comp_TC1_vs_TC2, file = "C1_comp_TC1_vs_TC2.csv", sep = ",
", col.names = NA) 

 

C1_comp_TC1_vs_TC3 <- FindMarkers(TC.combined.integrated, ident.1 = "1_TC
1", ident.2 = "1_TC3", verbose = FALSE) 

write.table(C1_comp_TC1_vs_TC3, file = "C1_comp_TC1_vs_TC3.csv", sep = ",
", col.names = NA) 
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C1_comp_TC1_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = "1_TC
1", ident.2 = "1_TC4", verbose = FALSE) 

write.table(C1_comp_TC1_vs_TC4, file = "C1_comp_TC1_vs_TC4.csv", sep = ",
", col.names = NA) 

 

# Cluster 2 
C2_comp_TC1_vs_TC2 <- FindMarkers(TC.combined.integrated, ident.1 = "2_TC
1", ident.2 = "2_TC2", verbose = FALSE) 

write.table(C2_comp_TC1_vs_TC2, file = "C2_comp_TC1_vs_TC2.csv", sep = ",
", col.names = NA) 

 

C2_comp_TC1_vs_TC3 <- FindMarkers(TC.combined.integrated, ident.1 = "2_TC
1", ident.2 = "2_TC3", verbose = FALSE) 

write.table(C2_comp_TC1_vs_TC3, file = "C2_comp_TC1_vs_TC3.csv", sep = ",
", col.names = NA) 

 

C2_comp_TC1_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = "2_TC
1", ident.2 = "2_TC4", verbose = FALSE) 

write.table(C2_comp_TC1_vs_TC4, file = "C2_comp_TC1_vs_TC4.csv", sep = ",
", col.names = NA) 

 

# Cluster 3 
C3_comp_TC1_vs_TC2 <- FindMarkers(TC.combined.integrated, ident.1 = "3_TC
1", ident.2 = "3_TC2", verbose = FALSE) 

write.table(C3_comp_TC1_vs_TC2, file = "C3_comp_TC1_vs_TC2.csv", sep = ",
", col.names = NA) 

 

C3_comp_TC1_vs_TC3 <- FindMarkers(TC.combined.integrated, ident.1 = "3_TC
1", ident.2 = "3_TC3", verbose = FALSE) 

write.table(C3_comp_TC1_vs_TC3, file = "C3_comp_TC1_vs_TC3.csv", sep = ",
", col.names = NA) 

 

C3_comp_TC1_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = "3_TC
1", ident.2 = "3_TC4", verbose = FALSE) 

write.table(C3_comp_TC1_vs_TC4, file = "C3_comp_TC1_vs_TC4.csv", sep = ",
", col.names = NA) 

 

# Cluster 4 
C4_comp_TC1_vs_TC2 <- FindMarkers(TC.combined.integrated, ident.1 = "4_TC
1", ident.2 = "4_TC2", verbose = FALSE) 

write.table(C4_comp_TC1_vs_TC2, file = "C4_comp_TC1_vs_TC2.csv", sep = ",
", col.names = NA) 

 

C4_comp_TC1_vs_TC3 <- FindMarkers(TC.combined.integrated, ident.1 = "4_TC
1", ident.2 = "4_TC3", verbose = FALSE) 

write.table(C4_comp_TC1_vs_TC3, file = "C4_comp_TC1_vs_TC3.csv", sep = ",
", col.names = NA) 

 

C4_comp_TC1_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = "4_TC
1", ident.2 = "4_TC4", verbose = FALSE) 

write.table(C4_comp_TC1_vs_TC4, file = "C4_comp_TC1_vs_TC4.csv", sep = ",
", col.names = NA) 

 

# Cluster 5 
C5_comp_TC1_vs_TC2 <- FindMarkers(TC.combined.integrated, ident.1 = "5_TC
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1", ident.2 = "5_TC2", verbose = FALSE) 

write.table(C5_comp_TC1_vs_TC2, file = "C5_comp_TC1_vs_TC2.csv", sep = ",
", col.names = NA) 

 

C5_comp_TC1_vs_TC3 <- FindMarkers(TC.combined.integrated, ident.1 = "5_TC
1", ident.2 = "5_TC3", verbose = FALSE) 

write.table(C5_comp_TC1_vs_TC3, file = "C5_comp_TC1_vs_TC3.csv", sep = ",
", col.names = NA) 

 

C5_comp_TC1_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = "5_TC
1", ident.2 = "5_TC4", verbose = FALSE) 

write.table(C5_comp_TC1_vs_TC4, file = "C5_comp_TC1_vs_TC4.csv", sep = ",
", col.names = NA) 

 

# Also check TC3 vs TC4 comparison  for cluster 5 
C5_comp_TC3_vs_TC4 <- FindMarkers(TC.combined.integrated, ident.1 = "5_TC
3", ident.2 = "5_TC4", verbose = FALSE) 

write.table(C5_comp_TC3_vs_TC4, file = "C5_comp_TC3_vs_TC4.csv", sep = ",
", col.names = NA) 

 

########### 
# Subsetting individual cluster and assessing gene expression in the clus
ter as per condition 
# First we set the identity class to seurat _clusters 
Idents(TC.combined.integrated) <- "seurat_clusters" 

 

# Cluster 3 
#  Subset cluster 3 
Cl_3 <- subset(TC.combined.integrated, idents = "3") 

 

# In the new subset cluster object, change the identity to "celltype.cond
" 
Idents(Cl_3) <- "celltype.cond" 

 

# Assess gene expression level of particular gene (as specified by "featu
res" argument) using violin plot 
VlnPlot(Cl_3, features = "HLA-DRA") 

 

# Cluster 5 
#  Subset cluster 5 
Cl_5 <- subset(TC.combined.integrated, idents = "5") 

 

# In the new subset cluster object, change the identity to "celltype.cond
" 
Idents(Cl_5) <- "celltype.cond" 

 

# Assess gene expression level of particular gene (as specified by "featu
res" argument) using violin plot 
VlnPlot(Cl_5, features = "CXCL8") 

 

# Cluster 2 
#  Subset cluster 2 
Cl_2 <- subset(TC.combined.integrated, idents = "2") 

 

# Assess overall CCL5 expression in cluster 2 
VlnPlot(Cl_2, features = "CCL5") 
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# In the new subset cluster object, change the identity to "celltype.cond
" 
Idents(Cl_2) <- "seurat_clusters" 

 

# Subset CCL5+ cluster 2 cells, based on average expression > 2- naming t
hem Cl_2_b 
Cl_2_b <- subset(Cl_2, subset = CCL5 > 2) 

 

# Subset CCL5- cluster 2 cells, based on average expression < 2- naming t
hem Cl_2_a 
Cl_2_a <- subset(Cl_2, subset = CCL5 < 2) 

 

# Set the identity class to celltype.cond in the Cl_2_a object 
Idents(Cl_2_a) <- "celltype.cond"  

 

# Find genes that change in cluster Cl_2_a between the different conditio
ns and export results in csv file 
Cl_2_a_TC1_vs_TC2 <- FindMarkers(Cl_2_a, ident.1 = "2_TC1", ident.2 = "2_
TC2", verbose = FALSE) 

write.table(Cl_2_a_TC1_vs_TC2, file = "Cl_2_a_TC1_vs_TC2.csv", sep = ",", 
col.names = NA) 

 

Cl_2_a_TC1_vs_TC3 <- FindMarkers(Cl_2_a, ident.1 = "2_TC1", ident.2 = "2_
TC3", verbose = FALSE) 

write.table(Cl_2_a_TC1_vs_TC3, file = "Cl_2_a_TC1_vs_TC3.csv", sep = ",", 
col.names = NA) 

 

Cl_2_a_TC1_vs_TC4 <- FindMarkers(Cl_2_a, ident.1 = "2_TC1", ident.2 = "2_
TC4", verbose = FALSE) 

write.table(Cl_2_a_TC1_vs_TC4, file = "Cl_2_a_TC1_vs_TC4.csv", sep = ",", 
col.names = NA) 

 

# Set the identity class to celltype.cond in the Cl_2_b object 
Idents(Cl_2_b) <- "celltype.cond"  

 

# Find genes that change in cluster Cl_2_b between the different conditio
ns and export a table 
Cl_2_b_TC1_vs_TC2 <- FindMarkers(Cl_2_b, ident.1 = "2_TC1", ident.2 = "2_
TC2", verbose = FALSE) 

write.table(Cl_2_b_TC1_vs_TC2, file = "Cl_2_b_TC1_vs_TC2.csv", sep = ",", 
col.names = NA) 

 

Cl_2_b_TC1_vs_TC3 <- FindMarkers(Cl_2_b, ident.1 = "2_TC1", ident.2 = "2_
TC3", verbose = FALSE) 

write.table(Cl_2_b_TC1_vs_TC3, file = "Cl_2_b_TC1_vs_TC3.csv", sep = ",", 
col.names = NA) 

 

Cl_2_b_TC1_vs_TC4 <- FindMarkers(Cl_2_b, ident.1 = "2_TC1", ident.2 = "2_
TC4", verbose = FALSE) 

write.table(Cl_2_b_TC1_vs_TC4, file = "Cl_2_b_TC1_vs_TC4.csv", sep = ",", 
col.names = NA) 

 

# Assess GNLY, CCL5, CD3D and IL7R expression in Cl_2_b cluster 
VlnPlot(Cl_2_b, features = c("CCL5", "GNLY", "CD3D", "IL7R")) 
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Appendix VI- Chapter 3 Supplementary Figure 1 
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Appendix VII- Chapter 3 Supplementary Figure 2 
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Appendix VIII- Chapter 3 Supplementary Figure 3 
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Appendix IX- Chapter 3 Supplementary Figure 4 
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Appendix X- Chapter 3 Supplementary Figure 5 
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Appendix XI- Chapter 3 Supplementary Figure 6 
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Appendix XII- Chapter 3 Supplementary Figure 7 
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Appendix XIII- Chapter 3 Supplementary Figure 8 
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Appendix XIV- Chapter 3 Supplementary Table 1 
Contact Professor Mark Lindsay for access to Chapter 3 Supplementary Table 1. 

 
Table legend: 
List of top 10 expressed genes in each cluster, with average log fold change adjusted p 

values (Bonferroni correction). 
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Appendix XV- Chapter 4 Supplementary Figure 1 
 

 
Supplementary Figure 1. MRI images and patient-reported pain maps in patients with early OA. MRI images showing supra, para and infra patellar regions using axial 
scan followed by lateral and medial sagittal scan (left panels) and patients reported pain maps (right panel). Grey arrows on MRIs indicate sites with synovial effusion and white 
arrows indicate sites with synovitis present. Black circles and black crosses on the patient-reported pain maps indicate regions where patients reported no pain and most pain 
respectively. Green and red circles represent the areas from which fibroblasts were isolated and designated as early OA non-painful and early OA painful respectively.     
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Appendix XVI- Chapter 4 Supplementary Figure 2 

 
Supplementary Figure 2. MRI images and patient-reported knee pain maps in patients with end-stage OA. MRI images showing supra, para and infra patellar regions 
using axial scan followed by lateral and medial sagittal scan (to the left) and patients reported pain maps (to the right). Grey arrows on MRIs indicate sites with synovial effusion 
and white arrows indicate sites with synovitis present. Black crosses on the patient-reported pain maps indicate regions where patients reported pain. Red circles represent areas 
from which fibroblasts were isolated and designated as end-stage OA painful. 

Supplemental Figure 2
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Appendix XVII- Chapter 4 Supplementary Figure 3 

 
Supplementary Figure 3. Analysis of 
synovial fluid cytokines of early and end-
stage OA patients. (A) Quantification of 105 
cytokines in synovial fluids from n=4 early OA 
patients (white bars) and n=4 end-stage OA 
patients (black bars) using a human proteome 
profiler antibody array (Qiagen). Blots were 
developed with ECL and the densitometry of 
spots quantified using ImageJ. (B) and (C) 
Images of the developed immunoblot 
membranes. Each membrane was spotted in 
duplicate with capture antibodies and then 
incubated with patient synovial fluid. (D) 
Representative image of membrane 
highlighting location of double blots for 
positive control (upper left, upper right and 
bottom left corner) and negative control 
(bottom right corner).  

Supplemental Figure 3
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Appendix XVIII- Chapter 4 Supplementary Figure 4 

 
Supplementary Figure 4. Representative genes of 
cluster 0 synovial fibroblasts.  FeaturePlots 
displaying expression of cluster specific markers on 
the t-SNE map along with violin plots showing the 
expression levels (y-axis) of these markers for each 
cluster (x-axis). Area highlighted on t-SNE map is 
representative localisation of cells present in cluster 
0.  
  

Supplemental Figure 4
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Appendix XIX- Chapter 4 Supplementary Figure 5 

 
Supplementary Figure 5. Representative genes of 
cluster 1 synovial fibroblasts.  FeaturePlots 
displaying expression of cluster specific markers on 
the t-SNE map along with violin plots showing the 
expression levels (y-axis) of these markers for each 
cluster (x-axis). Area highlighted on t-SNE map is 
representative localisation of cells present in cluster 1.  

  

Supplemental Figure 5
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Appendix XX- Chapter 4 Supplementary Figure 6 

 

 
Supplementary Figure 6. Representative genes of 
cluster 2 synovial fibroblasts.  FeaturePlots 
displaying expression of cluster specific markers on 
the t-SNE map along with violin plots showing the 
expression levels (y-axis) of these markers for each 
cluster (x-axis). Area highlighted on t-SNE map is 
representative localisation of cells present in cluster 2.  
  

Supplemental Figure 6
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Appendix XXI- Chapter 4 Supplementary Figure 7 

 

 
Supplementary Figure 7. Representative genes of 
cluster 3 synovial fibroblasts.  FeaturePlots displaying 
expression of cluster specific markers on the t-SNE map 
along with violin plots showing the expression levels (y-
axis) of these markers for each cluster (x-axis). Area 
highlighted on t-SNE map is representative localisation of 
cells present in cluster 3.  
 

Supplemental Figure 7
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Appendix XXII- Chapter 4 Supplementary Figure 8 

 
Supplementary Figure 8. Representative genes of 
cluster 4 synovial fibroblasts.  FeaturePlots 
displaying expression of cluster specific markers on the 
t-SNE map along with violin plots showing the 
expression levels (y-axis) of these markers for each 
cluster (x-axis). Area highlighted on t-SNE map is 
representative localisation of cells present in cluster 4.  
  

Supplemental Figure 8
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Appendix XXIII- Chapter 4 Supplementary Figure 9 

 
Supplementary Figure 9. Representative genes of 
cluster 5 synovial fibroblasts.  FeaturePlots 
displaying expression of cluster specific markers on the 
t-SNE map along with violin plots showing the 
expression levels (y-axis) of these markers for each 
cluster (x-axis). Area highlighted on t-SNE map is 
representative localisation of cells present in cluster 5.  
  

Supplemental Figure 9
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Appendix XXIV- Chapter 4 Supplementary Figure 10 

 

 
Supplementary Figure 10. Representative genes of 
cluster 6 synovial fibroblasts.  FeaturePlots 
displaying expression of cluster specific markers on the 
t-SNE map along with violin plots showing the 
expression levels (y-axis) of these markers for each 
cluster (x-axis). Area highlighted on t-SNE map is 
representative localisation of cells present in cluster 6.  
  

Supplemental Figure 10



 

 397 

Appendix XXV- Chapter 5 Supplementary Table S1 

 

Patient ID Patient cohort Gender Age 
T19 

Healthy control 

(HC) 

F 63 

T20 F 34 

T25 M 54 

T16 
Psoriatic 

arthritis (PsA) 

F 76 

T21 F 69 

T24 M 68 

T17 
Ankylosing 

spondylitis (AS) 

M 69 

T22 M 69 

T23 F 70 
 

Supplementary Table S1- Patient information table. Table to summarise patient 

cohort, gender and age; ‘F’ denotes female and ‘M’ denotes male.  
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Appendix XXVI- Chapter 5 Supplementary Table S2 

 
Contact Professor Mark Lindsay for access to Chapter 5 Supplementary Table S2. 

 
Table legend:  

Supplementary Table S2. Pathway analysis results performed on ClueGO. Table 

summarising ClueGO results performed for each group of cells with comparisons 

between DEGs in AS vs HC and DEGs between PsA vs HC.  
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Appendix XXVII- Chapter 5 Supplementary Table S3 

 
Contact Professor Mark Lindsay for access to Chapter 5 Supplementary Table S3. 

 
Table legend:  

Supplementary Table S3. Overexpressed genes in AS pDCs analysed against the 
Human Phenotype Ontology database. Table of results for phenotype ontology terms 

enriched in the list of DEGs identified in the AS pDCs. 
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Appendix XXVIII- Chapter 5 Supplementary Table S4 

 
Contact Professor Mark Lindsay for access to Chapter 5 Supplementary Table S4. 

 
Table legend:  

Supplementary Table S4. Overexpressed genes in PsA pDCs analysed against the 

Human Phenotype Ontology database. Table of results for phenotype ontology terms 

enriched in the list of DEGs identified in the PsA pDCs 
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Appendix XXIX- Chapter 5 Supplementary Figure S1 

 

 
Supplementary Figure S1- Assessing expression levels of canonical markers for lymphocytes and 
NK cells.  A) Clusters 0, 3 and 4 were identified as CD4+ T cells based on differential expression for CCR7 
and were further sub-classified into B) naïve (high SELL expression), activated (high HMGB2 expression) 
and effector (high CREM expression), CD4+ T cells, respectively. C) Clusters 2 and 8 were identified as 
CD8+ T cells based on high expression for CD8A and were further subclassified into D) naïve and activated 
CD8+ T cells respectively, based on HMGB2 expression. E) Clusters 2, 8 and 9 showed high expression for 
the cytotoxic marker GNLY, but F) NK cells were distinguished from the CD8+ T cells by showing high 
differential expression for TNFRSF9. 
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Appendix XXX- Chapter 5 Supplementary Figure S2  

 

 
Supplementary Figure S2- Assessing expression levels of canonical markers for 
monocytes, dendritic cells and B cells. A) Myeloid-lineage cells were identified based 
on high expression of LYZ (clusters 1, 5, 6, 10 and 13). Within these myeloid lineage-
cells, we found that monocytes could be classified according to B) classical monocytes 
(CM) with high CD14++ expression (cluster 1), C) non-classical monocytes (NCM) with 
high CD16++ expression (cluster 6) and intermediate monocytes (IM) showing both 
CD14+ and CD16+ expression (cluster 5).  D) We were able to confirm the identity of 
intermediate monocytes due to high expression of CTSL and CD68. E) Conventional 
dendritic cells (cDCs) were identified based on differential expression of CLEC10A 
(cluster 13). F) Mature DCs showed high differential expression for LAMP3 (cluster 10). 
G) Plasmacytoid DCs clustered close to the B cell population owing to their shared 
plasma identity and showed high expression for IRF8 (cluster 12). H) Clusters 7 and 11 
were classified as B cells based on differential expression of MS4A1 and were further 
classified into I) naïve and activated B cells respectively, based on MIR155HG 
expression. 
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Appendix XXXI- Chapter 5 Supplementary Figure S3 

 

  
Supplementary Figure S3- Bar graph comparing the number of cells in each 
cohort. Data is mean ± SEM, n=3 per cohort. Statistical significance was tested using 
one-way ANOVA amongst the cohorts in each cell type, compared to the HC. No 
significant difference was found. 
 




