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Abstract 
Chlamydia are Gram-negative, obligate intracellular bacterial pathogens responsible for a 

wide range of human and animal diseases. In humans, Chlamydia trachomatis is the most 

prevalent bacterial sexually transmitted infection (STI) worldwide and is the leading cause of 

trachoma (infectious blindness) in disadvantaged populations. If left untreated, infections can 

lead to more complex disease outcomes including infertility, ectopic pregnancy, epididymitis, 

prostatitis, and pelvic inflammatory disease. Due to widespread rates of infection and disease 

around the world and the associated economic costs, chlamydial infections remain a serious 

public health concern. All chlamydial species are defined by their unique intracellular 

developmental cycle. However, this has been a significant barrier restricting traditional 

molecular microbial investigation, such as transformation. As a result, we still do not have a 

comprehensive understanding of chlamydial gene function, particularly secreted effector 

proteins that modulate many host cell interactions. In the absence of a reliable and efficient 

transformation system, next generation sequencing (NGS) approaches enable the recovery of 

genome-wide expression patterns from a chlamydial or host point of view to aid in uncovering 

these functions and interactions. 

To help with further characterisation and identification of these host-chlamydial interactions, 

this work applied three novel NGS approaches using in vitro models of infection with C. 

trachomatis. Chapter 3 examines chromatin accessibility dynamics across the developmental 

cycle (1, 12, 24 and 48 hours) to identify epigenomic changes to host cells; Chapter 4 utilises 

single cell RNA-sequencing (scRNA-seq) from host cells to examine early developmental 

time points (3, 6 and 12 hours); and Chapter 5 simultaneously examines host and chlamydial 

expression (dual RNA-seq) from two time points (1 and 24 hours), with an experimental 

design aimed to examine different depletion techniques and to optimise the ratio of EBs per 

cell for infection models. 



 

xiii 

Examination of the host cell epigenome identified both conserved and distinct temporal 

changes genome-wide. Differentially accessible chromatin regions were associated with 

immune responses, re-direction of host cell nutrients, intracellular signalling, cell-cell 

adhesion, extracellular matrix, metabolism and apoptosis. Temporally enriched transcription 

factors identified a novel family of Krüppel-like-factors (KLFs) which are ubiquitously 

expressed in reproductive tissues and associated with a variety of uterine pathologies. 

Analyses from scRNA-seq highlight infection-specific host cell biology, including two 

distinct clusters separating 3 hour cells from 6 and 12 hours. Pseudotime analysis identified a 

possible infection-specific cellular trajectory for Chlamydia-infected cells, and differential 

expression identified temporally expressed genes involved with cell cycle regulation, innate 

immune responses, cytoskeletal components, lipid biosynthesis and cellular stress. 

Dual RNA-seq analysis showed that combining depletion methods (polyA and rRNA) 

increases the capture rate of chlamydial transcripts, but negatively impacts host-cell 

expression. Different MOIs (0.1, 1 and 10) highlighted that an MOI of 10 captures 

significantly more transcripts and is more beneficial for capturing chlamydial transcripts.  

Overall, this work highlights the complex nature of chlamydial infections, uncovering novel 

biological functions and regulatory activities. These results and analyses also provide further 

considerations and improvements for future in vitro experiments, but also enable the 

application of these genome-scale techniques to the investigation of complex disease models 

in vivo and in human tissues ex vivo. 
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1.1. Chlamydia trachomatis 

1.1.1. Introduction 

Chlamydia trachomatis is an obligate intracellular, human-specific bacterial pathogen that 

causes trachoma and urogenital infections, including lymphogranuloma venereum (LGV). 

Trachoma is predominantly found in countries with populations that have limited access to 

basic public health infrastructure, and can cause irreversible blindness if left untreated (Burton 

and Mabey, 2009). Australia is the only high resource country with endemic trachoma, where 

it is predominantly found in remote Aboriginal communities (Lange et al., 2017). Sexually 

transmitted C. trachomatis infections are the most common bacterial sexually transmitted 

infection (STI) worldwide with 131 million new cases occurring annually according to the 

World Health Organisation (WHO) (WHO, 2016b). Disease outcomes disproportionately 

impact women, and in many cases are largely asymptomatic (~70%) (Menon et al., 2015). If 

left untreated, ascending infection can cause pelvic inflammatory disease (PID), ectopic 

pregnancy and in some instances infertility (Menon et al., 2015). Although less common, 

urogenital infections in men can spread to the testicles and cause epididymitis (Ostaszewska 

et al., 2000). LGV infections are more invasive and virulent, and predominantly localised to 

men who have sex with men (MSM) (White, 2009). If left untreated, bowel obstruction in 

severe cases can lead to loss of life (Mabey and Peeling, 2002). Although chlamydial 

infections are treatable with antibiotics, symptoms are not present in many cases and can lead 

to more complex disease outcomes. Due to the widespread rates of infection and disease 

around the world and the associated economic costs, chlamydial infections remain a serious 

public health concern. 
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1.1.2. History 

Ancient civilizations as far back as 8,000 B.C have described disease manifestations similar 

to what is now called trachoma (Mohammadpour et al., 2016). The word trachoma originates 

from Greek ( ) which translates to ‘roughness’, and has been known by various other 

names throughout history including ‘opthalmia’ and ‘aspiritudo’ (Al-Rifai, 1988). There is 

speculation where trachoma originated from, with origins including the Middle East, 

specifically Egypt, or from Mongolia where invading nomads helped spread the disease 

westwards (Al-Rifai, 1988; Taborisky, 1952). The Ebers papyrus is one of the oldest 

preserved medical documents originating from ancient Egypt and dating back to 1550 B.C. It 

provides a detailed account of the disease, highlighting the persistent burden trachoma had on 

Egyptian society (The-Papyrus-Ebers, 1932). More recently in the 19th century, trachoma 

became heavily prevalent in Europe when soldiers were returning from the Napoleonic Wars, 

often from military camps with sub-standard hygiene levels. On their return, infected soldiers 

accelerated the spread across Europe (Larner, 2004). Improvements in hygiene and living 

standards helped reduce the epidemic, and by the early 20th century, the disease was 

essentially under control (Feibel, 2011). The discovery in 1938 that sulphonamide antibiotics 

can successfully treat trachoma helped to almost eliminate the disease from many countries 

including Europe and North America (Thygeson, 1939). However, in many developing 

countries with large populations living without access to reliable water or latrines, trachoma 

is still prevalent (Burton and Mabey, 2009). Surprisingly, Australia is the only high resource 

country that has not eradicated the disease, where remote indigenous communities with 

inadequate sanitation are still heavily burdened (Lange et al., 2017). 

The identification of the underlying infectious entities within cells (inclusions) was 

discovered in 1907 by Halberstaedter and von Prowazek from conjunctival scrapings in 

orang-utans (Halberstaedter, 1907). Exhibiting virus-like characteristics, it wasn’t until 1966 
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that the infection was correctly classified as bacterial in origin (Moulder, 1966). Shortly after 

this time, urogenital infections were identified and established as a sexually transmitted 

infection, which could lead to more complex disease outcomes (Dawson and Schachter, 1978; 

Schachter, 1977). Although the origins of the sexually transmitted strains of Chlamydia are 

unclear, cultural movements during the 1960-1970’s with slogans such as “make love, not 

war”, led to more casual attitudes towards sex and helped spread STIs (including Chlamydia) 

considerably. Genital strains have likely existed for a long time but have not been documented 

as well as trachoma, thus their natural history remains elusive (Szreter, 2019). 

 

1.1.3. Classification/taxonomy 

The genus Chlamydia belongs to the order Chlamydiales and the family Chlamydiaceae. To 

date, there are currently 13 taxonomically classified species and three Candidatus species 

recognised within the genus (Bommana and Polkinghorne, 2019). New species are discovered 

regularly, and have been more frequent with the increased use of genomic sequencing 

approaches. 

Evolutionary studies have estimated that the order Chlamydiales diverged from a common 

ancestor approximately 700 million years ago, whereas chlamydial species have been co-

evolving within their hosts over the last several million years (Horn et al., 2004). Despite the 

high similarity of chlamydial genomes (~99%), considerable variability exists within 

particular areas to distinguish each of the species. These include the commonly used 16S and 

23S rRNA genes (Meijer et al., 1997), over 700 orthologous genes (Nunes and Gomes, 2014), 

the ompA gene (Brunelle and Sensabaugh, 2006), chlamydial-specific protein signatures 

(Griffiths and Gupta, 2002; Griffiths et al., 2006), and the plasticity zone, which is a highly 

variable region close to the origin of replication (Read et al., 2000). 
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Figure 1.1: Chlamydial species, primary hosts and Chlamydia trachomatis 

biovars 

A) There are currently 16 identified chlamydial species comprised of 13 taxonomically 

classified and three Candidatus species. The bacterium has evolved to infect a wide range 

of hosts, with multiple species being able to infect humans.  B) Chlamydia trachomatis 

primarily infects human tissues that are characterised into different biovars and serovars 

exhibiting distinct disease outcomes. Adapted from (Phillips et al., 2019). 
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Chlamydial species can infect a wide range of hosts (Figure 1.1A). Within humans, C. 

trachomatis and C. pneumoniae are the primary pathogens, while other chlamydial species 

such as C. abortus and C. pecorum, have been able to co-evolve within and infect multiple 

hosts (Bachmann et al., 2014; Thomson et al., 2005). In addition, C. abortus, C. psittaci and 

C. suis can also cause zoonotic infections in humans upon exposure to infected animals or 

tissues (De Puysseleyr et al., 2017; Kieckens et al., 2018; Rohde et al., 2010). 

Everett et al (Everett et al., 1999) proposed to split the genus Chlamydia into two (Chlamydia 

and Chlamydophila) on the basis of 16S sequence data. However, after much debate, the 

proposal was dismissed, and a single genus remains. The underlying reasons for the reversion 

included that the proposal was based on limited sequence data, and that it ignored the highly 

conserved and unique biology shared by all chlamydial species (Sachse et al., 2015; Stephens 

et al., 2009). 

C. trachomatis is further divided into 18 different serovars, based on serological responses to 

the major outer membrane protein (MOMP). These 18 serovars are broadly categorised into 

two different biovars on different phenotypic characteristics. The trachoma biovars (A-C) 

predominantly infect ocular epithelial cells, while the D-K serotypes cause both ocular and 

urogenital infections. The lymphogranuloma venereum (LGV) biovars have serotypes of L1-

3 and infect lymphatic tissues (Stephens et al., 1982; Wang et al., 1985) (Figure 1.1B). There 

are limitations however to using MOMP for characterisation, as serotypes are not reflective 

of disease presentation or virulence (Byrne, 2010). Ideally identification would be based on 

taxonomic clustering from whole genomes (Seth-Smith et al., 2009), but this isn’t currently 

feasible due to the costs involved and the high number of clinical samples examined from 

hospitals and screening programs. Interestingly, serovar B strains are able to infect both ocular 

and genital epithelial cells, but have only been found in rare cases (Caldwell et al., 2003). 

Furthermore, a recent study identified trachoma-based isolates that were phylogenetically 
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placed within the urogenital clade, highlighting that tissue tropism can be dependent on only 

a small number of genes (Andersson et al., 2016). 

 

1.1.4. Disease manifestations 

1.1.4.1. Ocular infections 

C. trachomatis serotypes A-C cause ocular infections in humans, commonly referred to as 

trachoma. Early symptoms are discharge from an infected eye and can resemble conjunctivitis 

(Prost and Négrel, 1989). The bacteria can be easily spread if the discharge comes into contact 

with clothes, towels, hands, eye seeking flies, or even from coughing or sneezing (CDC, 

2019b; WHO, 2016a). Additionally, the bacteria can be passed from a mother infected with a 

C. trachomatis genital infection directly to a new-born infant, termed neonatal conjunctivitis 

(Darville, 2005). 

If caught early, infection can be eliminated by oral antibiotics (WHO, 2016b), but if left 

untreated, can eventually lead to irreversible blindness. Loss of sight is caused by repeated or 

long-term infections that ultimately induce scarring inside the eyelid. Scar contraction causes 

the eyelashes to turn in (entropion), abrading the corneal surface and causing large amounts 

of pain (Burton, 2009). As of early 2019, WHO estimates an estimated 1.9 million people are 

visually impaired by trachoma, and 142 million people are at the risk of blindness (WHO, 

2019). 

1.1.4.2. Urogenital infections 

Serotypes D-K are primarily linked to STI. Chlamydia is the most common bacterial STI 

worldwide, with latest data from the Centre for Disease Control and Prevention (CDC) 

reporting 1.7 million cases (a 22% increase since 2013) - the highest infection rates are in 
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woman, and in people below the age of 24 years (CDC, 2017). In Australia, Chlamydia is the 

most commonly reported bacterial STI, with 110,775 identified cases in 2017; people younger 

than 30 have the greatest risk of infection (Kirby-Institute, 2018). These numbers however 

are likely to be underestimated, due to high rates of undiagnosed and/or asymptomatic 

infections (CDC, 2019a). Symptoms vary between men and woman, but asymptomatic 

infections are common and if left untreated, can lead to more complicated infections and 

diseases (Menon et al., 2015). However, if caught early, oral antibiotics can be used to treat 

the infection (WHO, 2016b). 

In woman, an infection can cause inflammation of the cervix (cervicitis); symptoms include 

vaginal discharge, abnormal bleeding, and pain or a burning sensation when urinating (CDC, 

2019a). If the infection is left to spread into the upper genital tract, outcomes include PID, 

salpingitis, scarring and occlusion, which may result in an ectopic pregnancy or even result 

in future infertility (Haggerty et al., 2010; Oakeshott et al., 2010). The infection can also be 

passed on to unborn infants from an untreated mother, and lead to neonatal conjunctivitis and 

pneumonia (CDC, 2019a). In men, an infection can cause inflammation of the urethra 

(urethritis); symptoms include discharge from the penis and pain or a burning sensation when 

urinating, or pain and swelling in the testicles (CDC, 2019a). If the infection is left to spread 

into the testicles, it can lead to epididymitis, which in rare cases can lead to sterility (Bebear 

and de Barbeyrac, 2009). 

In rare cases, infection can lead to Reiter’s syndrome, also known as reactive arthritis. This 

autoimmune disease is associated with a genetic predisposition and appears to more common 

among men than women (Rahman et al., 1992). Inflammation of joints (commonly knees, 

ankles and feet) develops in response to infection from other parts of the body, particularly 

the urogenital or gastrointestinal tract (Amor, 1983). Antibiotic treatments exist, however in 

some patients the arthritis can become chronic (Gaston, 2000). 
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1.1.4.3. Lymphogranuloma Venereum (LGV) 

Serotypes L1-3 induce LGV; these serotypes are more invasive and more virulent compared 

to serotypes A-K (White, 2009). LGV is generally an uncommon STI, with infection rates 

that are generally between MSM, and in much fewer instances, in woman (CDC, 2015b). 

Although generally found in countries such as India and South America, in the last ten years 

LGV infections have begun to be recognised in Europe, the United Kingdom, North America 

and Australia (Kapoor, 2008; Stark et al., 2007). Infection occurs during sexual activity, 

where the bacterium predominantly infects macrophages and monocytes, allowing passage 

through the epithelial surface to regional lymph nodes, and can cause systemic disease 

(Mabey and Peeling, 2002). If diagnosed early, oral antibiotics can be used to treat the 

infection (WHO, 2016b). However, if untreated, disfiguration from ulceration, enlargement 

of external genitalia, and possible lymphatic obstructions may result (Stoner and Cohen, 

2015). 

LGV occurs in three stages. Stage 1 consists of a primary lesion, which is generally an 

unnoticed genital papule, pustule or ulcer that is painless and rapidly heals. Stage 2 occurs 2-

6 weeks after the primary lesion and consists of a painful inguinal lymphadenopathy. Stage 3 

which can occur a number of years after the original infection, is identified by proctocolitis, 

and is more common in MSM than woman (Meyer, 2016; Stoner and Cohen, 2015). 
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1.1.5. Detection and treatment 

1.1.5.1. Detection 

The first step in detecting a C. trachomatis infection requires obtaining a sample with a swab 

from the infected area, by either an invasive or non-invasive method (Haugland et al., 2010). 

Non-invasive methods such as first-void urine tests, can be collected privately, whereas 

invasive methods (which are becoming less common), such as cervical, urethral or vaginal 

swabs are generally carried out at a medical establishment (Chernesky, 2005; WHO, 2016b). 

Since invasive methods extract specimens directly from the environment, infections can be 

detected through culturing or by antigen or nucleic acid tests (Carlson et al., 2008). Non-

invasive methods however require a more sensitive Nucleic Acid Amplification Test (NAAT) 

due to the bacteria being difficult to culture outside of their preferred cellular environment 

(Chernesky, 2005). Today, NAATs are the preferred method as they are highly sensitive and 

specific, and samples can be obtained non-invasively (CDC, 2014; Meyer, 2016). 

1.1.5.2. Treatment 

A diagnosed Chlamydia infection can be treated with a course of oral antibiotics. Treatment 

options are currently azithromycin, which is usually prescribed in a single large dose, or a 

seven day course of doxycycline (CDC, 2015a; WHO, 2016b). Other antibiotics, such as 

levofloxacin, erythromycin and ofloxacin may also be employed with varying doses 

depending on the chlamydial serovar, severity of the infection, if the patient is pregnant, or 

existing conditions and medications cannot be taken together (CDC, 2015a; WHO, 2016b). 
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1.1.6. Chlamydial vaccine 

Although antibiotics can be used for treatment, three out of four infections are asymptomatic 

and as a result are often untreated (Newman et al., 2015). Untreated or repeat infections are 

the main driving force behind Chlamydia-associated morbidity and have negatively 

contributed to being able to control infection rates (Davies et al., 2016). The best way to 

control the epidemic would be through a preventative vaccine that could provide protective 

immunity against C. trachomatis, alleviating the current burden many people face. However, 

developing an effective human-based vaccine has remained elusive even after 220 reported 

vaccine trials that have examined a range of different chlamydial species and different hosts 

(Phillips et al., 2019). The main challenge has been from our incomplete knowledge of the 

underlying infection-based mechanisms, thus making successful vaccine targets difficult 

(Davies et al., 2016). A further challenge is that the majority (85%) of vaccine trials designed 

for humans have been performed in different hosts. These substitute hosts have been used as 

they are generally easier to obtain, administer, monitor and examine in detail (Phillips et al., 

2019). The most targeted chlamydial species has been C. muridarum reflecting the 

predominance of mouse models for vaccine development (77 trials), followed by C. 

trachomatis (67 trials), but with a range of different hosts including mice, non-human 

primates, pigs, guinea pigs and rabbits (Phillips et al., 2019). The advantage of using mice 

and guinea pigs as surrogate models is that their disease pathology reflects diseases in humans 

(Darville and Hiltke, 2010; Miyairi et al., 2010). However, most of the current vaccine-based 

knowledge has come from these surrogate models, and the main difficulty has been replicating 

results in other host species (Phillips et al., 2019). 

Across the 220 vaccine trials which have spanned over 70 years, a range of methods and 

techniques have been tried but ultimately not succeeded. These include different delivery sites 

(systemically and/or mucosally), different antigens (live attenuated or inactivated bacteria, 
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polymorphic membrane proteins, the major outer membrane protein, heat shock proteins and 

the chlamydial protease-like activity factor), all with and without different adjuvants (de la 

Maza et al., 2017; Hafner et al., 2014; Poston et al., 2017). To date, all of this research and 

knowledge has helped produce two commercially available animal-based chlamydial 

vaccines targeting C. felis in cats and C. abortus in sheep (Phillips et al., 2019). In humans, a 

recent breakthrough phase 1 trial was shown to be safe and tolerated, and produce antibodies 

against C. trachomatis (Davies et al., 2016). This is the first in-human trial, and although still 

in its early stages, the signs are encouraging. 
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1.2. Chlamydial biology 

1.2.1. Elementary bodies and reticulate bodies 

All members of the Order Chlamydiales are obligate intracellular Gram-negative bacteria that 

share a unique biphasic developmental cycle. In an uninterrupted cycle, the bacterium 

differentiates between two forms: an extracellular form called the elementary body (EB) and 

an intracellular form called the reticulate body (RB) (Matsumoto, 2019). Each form of the 

bacteria is morphologically and functionally distinct. EBs are able to survive in the harsh 

extracellular environment, they are infectious, have a tightly packed nucleoid, are 

morphologically similar with a diameter 0.3 μm, and have limited metabolic activity 

(Grieshaber et al., 2018). RBs are intracellular and more fragile, their nucleoid is less 

compacted, are larger and vary more in size with an average diameter of 1 μm (AbdelRahman 

and Belland, 2005; Omsland et al., 2014). RBs are metabolically active but do not have the 

capability to create all the proteins required throughout the developmental cycle. To account 

for these deficiencies, nutrients from the host’s cell cytoplasm, are obtained, which are 

primarily used for replication, but also allow a wider range of activity that includes general 

protein synthesis, additional nutrient transport mechanisms and defence (Bastidas et al., 2013; 

Saka et al., 2011). 

 

1.2.2. The development cycle 

C. trachomatis infection begins when an EB attaches and enters a suitable host cell through 

endocytosis (Elwell et al., 2016). Once inside the cell, the EB will remain within this 

membrane bound vacuole, which has been termed an inclusion. Within the first 2 hours of 

internalisation, the bacteria will transform from an EB into an RB. This involves the reduction 

of the disulphide-linked outer membrane, decondensation of the nucleoid, and the bacteria 
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increasing in size (AbdelRahman and Belland, 2005; Cocchiaro and Valdivia, 2009). Once 

transformed, the inclusion provides the EB an intracellular niche from which bacterial protein 

synthesis can begin. In the early stages (~6-8 hours), the RBs begin to replicate through a 

budding process (Abdelrahman et al., 2016), and if the conditions within the host cell are 

favourable, will continue to replicate through the mid-cycle stages (~8-24 hours) (Brunham 

and Rey-Ladino, 2005). In the late-cycle stages (~24-72 hours), RBs will asynchronously 

transition into EBs, and through either extrusion or host cell lysis, are released; providing new 

infectious bodies that can begin the cycle again (Hybiske and Stephens, 2007). 

 

Figure 1.2: Developmental cycle of Chlamydia trachomatis within a mucosal 

epithelial cell 

Infection begins when an elementary body (EB) attaches and enters the cell, creating an 

inclusion. In the early stages the EB differentiates into a reticulate body (RB). The RB will 

continue to replicate into the mid-cycle stages. The inclusion during this time can take over 
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most of the size of cell if the conditions are favourable. In the late cycle stages, RBs 

asynchronously transition back into EBs, and are released through cell lysis or exocytosis. 

In the presence of non-favourable conditions, RBs can transform into a non-replicating 

aberrant form (shown here as a persistent form). If the conditions become favourable again, 

the bacterium will revert back into the RB form and continue in the same late-cycle stages. 

Reproduced from (Brunham and Rey-Ladino, 2005). 

 

1.2.3. Persistence and recurrence 

If conditions are not favourable during the early to mid-cycle stages, the bacterium may 

transform into a non-replicating persistent form. This is either called an aberrant body (AB) 

(Brunham and Rey-Ladino, 2005), or an aberrant RB (aRB) (Bavoil, 2014). Non-favourable 

conditions can be induced from environmental factors, various stressors that include nutrient 

deficiency (Mpiga and Ravaoarinoro, 2006), the presence of host-factors such as interferon-  

(Kazar et al., 1971), in addition to antibiotics and cytokines which interfere with cell wall 

synthesis (Mpiga and Ravaoarinoro, 2006). The aberrant form provides a useful way of 

remaining dormant and avoiding the host immune system. Within this ‘persistent’ state, 

Chlamydia continues to transcribe genes but slows down DNA replication; it also stops 

dividing, becoming viable, but non-cultivable (Muramatsu et al., 2016; Ouellette et al., 2006). 

If the conditions do become favourable again, the aberrant form can transform back in to RBs 

and follow the same late stage cycle as previously discussed (Brunham and Rey-Ladino, 

2005). 

Persistent states and resulting aberrant forms have been widely identified and examined from 

in vitro studies, whereas in vivo studies have been limited in number and contained small 
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sample sizes (Panzetta et al., 2018). Although it is likely to occur within human infections, 

there is still limited evidence for persistence in vivo. 

 

1.2.4. Infection mechanisms 

All chlamydial species encode a Type III secretion system to release proteins that interact 

with host cells. Secreted proteins are initially used by EBs to help modify the cytoskeleton of 

host cells allowing uptake, entry, and separation from degradative pathways (Elwell et al., 

2016; Nans et al., 2015). Once the inclusion is formed, synthesised proteins are released and 

either inserted into the inclusion membrane (Incs), or released into the host cell cytosol 

(effector proteins). Different effectors and Inc proteins are expressed throughout the course 

of infection and at different developmental stages that assist growth and development (Kleba 

and Stephens, 2008; Valdivia, 2008). An example during the early stages of infection are Incs 

that interact with host cell dynein, utilising motor proteins that move the inclusion along 

microtubule filaments towards the microtubule-organizing centre (MTOC) (Grieshaber et al., 

2003). Once in this peri-nuclear location, effector proteins are in closer proximity to the Golgi 

apparatus and can redirect exocytic vesicles containing sphingomyelin and cholesterol, which 

are essential for growth (Hackstadt et al., 1996; Scidmore et al., 1996). Additionally, the 

inclusion engages with other host organelles, including the endoplasmic reticulum (Derré, 

2015), mitochondria (Liang et al., 2018), the cytoskeleton (Molloy, 2014), and the nucleus 

(Hobolt-Pedersen et al., 2009). Interactions provide the acquisition of amino acids, iron, 

lipids, energy metabolites, dampening pro-apoptotic signals (Betts-Hampikian and Fields, 

2010; Elwell et al., 2016), and avoiding host cell defences (Bastidas et al., 2013; Redgrove 

and McLaughlin, 2014).   
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1.2.5. Genomic manipulation 

An optimal way to comprehensively understand the chlamydial bacterium and its 

requirements for pathogenesis and growth is to attempt to understand the functionality and 

interactions of all the encoded proteins. In traditional bacterial models such as Escherichia 

coli, methods that include transposon mutagenesis, are used to inactivate genes to understand 

their importance in pathways and biological processes, such as virulence (Shuman and 

Silhavy, 2003). However, in Chlamydia, traditional molecular methods have not yet been 

possible due to the chlamydial intracellular developmental cycle, as the host cell, the 

inclusion, and bacterial membranes all act as barriers against genetic manipulation (Hooppaw 

and Fisher, 2016). With these restrictions, chemical mutagenesis methods have been used, 

allowing forward and reverse genetic screening of mutant libraries in combination with whole 

genome sequencing (Kari et al., 2011; Kokes et al., 2015; Nguyen and Valdivia, 2012). Other 

methods include site-specific group II intron insertion to inactivate genes (Johnson and Fisher, 

2013). Transformation systems in Chlamydia have also been hindered by these intracellular 

barriers. Ideally, genetically transformed mutants are grown and monitored based on 

predicted or unknown genetic changes. As a result, recombinant DNA vectors are constructed 

to propagate in two different hosts (shuttle vectors), and are only a recent development 

(Hooppaw and Fisher, 2016). Currently, there are various recombinant shuttle vectors that 

can provide stable transformants, allowing reverse genetic approaches such as homologous 

recombination (Hooppaw and Fisher, 2016; Wang et al., 2011). A further transformation 

method utilising a chlamydial suicide vector with Fluorescence-Reported Allelic Exchange 

Mutagenesis (FRAEM), has been able to generate mutant populations with targeted gene 

deletions (Mueller et al., 2016). More recently, a landmark study was able to apply transposon 

mutagenesis to C. trachomatis, generating single-insertion mutant clones and discovering a 

homolog likely involved with lateral gene transfer (LaBrie et al., 2019). Furthermore, a 
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FACS-based CRISPR screen of host protein coding genes helped to identify key molecules 

promoting C. trachomatis invasion and further our understanding of the underlying host 

factors (Park et al., 2019). With the discovery of these new methods, combined with the 

wealth of genome-wide NGS data that has recently accumulated, we may begin unravelling 

many of the current mysteries surrounding chlamydial pathogenesis. 
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1.3. Next generation sequencing and 
bioinformatic analyses 

1.3.1. Genome sequencing 

1.3.1.1. Chlamydial overview 

Owing to the small size of the Chlamydia spp. genome (~1Mbp) and the global burden of 

infection and disease, C. trachomatis (serovar D) was one of the first ten bacterial genomes 

to be completely sequenced following the advent of whole genome sequencing (Stephens et 

al., 1998). Since then, over 150 chlamydial genomes have been sequenced, encompassing 

numerous species and many clinical strains (Hooppaw and Fisher, 2016). Chlamydial species 

often carry a highly conserved plasmid (~7-7.5kbp) that has also been sequenced, with 

functional associations with virulence and pathogenicity (Zhong, 2017). With constant 

improvements to sequencing chemistry and technology, the accuracy of base calls is now 

extremely high, thus providing an accurate method for genome identification, particularly for 

bacteria (Quainoo et al., 2017). As a result, new species and hosts are constantly being 

discovered, broadening our understanding of Chlamydia and chlamydial-like bacteria 

(Phillips et al., 2019; Taylor-Brown et al., 2015). The wealth of genetic material that has 

accumulated has revealed that Chlamydia spp. are closely related, sharing a large pool of 

conserved genes, with differences attributed to the varying hosts and tissues (Sigalova et al., 

2019). Genome similarity of strains within the same species such as C. trachomatis, is as high 

as ~99%, with the ~1% allowing different disease manifestations such as trachoma and 

urogenital diseases (Brunelle et al., 2004; Carlson et al., 2004). 
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1.3.1.2. Sequencing overview 

Genome sequencing can examine either specified genes or whole genomes, and has been 

applied across all domains of life (Harris et al., 2003). Specified genes require custom primers 

that isolate the specified gene fragments to be captured, while whole genome sequencing uses 

universal adaptors to capture as many fragments as possible. When examining specific genes 

such as the rRNA genes, then likely outcomes are either species identification or will be 

phylogeny-based (Janda and Abbott, 2007). Although more expensive, whole genome-

sequencing provides an increased resolution allowing genome characterisation and 

comparative analyses (Besser et al., 2018). 

1.3.1.3. Bioinformatic analysis 

Phase 1 - Quality control: Sequenced reads are presented in Fastq files containing nucleotide 

base calls and the corresponding accuracy of each base, which are known as Phred quality 

scores. Phred scores are logarithmically linked to error probabilities, where 10=90% 

accuracy, 20=99%, 30=99.9% etc. Default cutoffs are generally set at 30, ensuring a high 

confidence of base calls (Bolger et al., 2014). Initial quality control steps remove reads that 

have low Phred scores, sequencing adaptors that were added in library preparation, and reads 

that are below a minimum specified length (Bolger et al., 2014). Further quality control (QC) 

steps can identify sources of contamination, highlighting when samples may not be usable 

(Wingett and Andrews, 2018) (Figure 1.3). Common QC software includes Trimmomatic 

(Bolger et al., 2014), Cutadapt (Martin, 2011) and FastQC (Andrews, 2010). These QC steps 

and tools are not specific to genome sequencing, and can are applied to all NGS datasets. 

When experiments generate long-reads, the underlying sequences are stored in FAST5 files. 

Although these short-read tools can be used for QC, more specialised tools are available such 

as PoreTools (Loman and Quinlan, 2014) and NanoPack (De Coster et al., 2018). 
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Phase 2 – Genome assembly: During assembly, multiple assemblers are generally run, often 

with varying parameters to ensure the final assembly is the best representation of the original 

genome. The choice of software and parameters depend on two main factors: 1) Are short-

reads (< 400bp) or long-reads (> 400bp) being assembled.  2) Is there an underlying reference 

genome that can assist with assembly (reference-based), or not (De novo). Ultimately, for the 

best genome assembly, high quality reads and sufficient sequencing depth is needed (~50x 

for bacterial genomes (Pightling et al., 2014)), and generally the longer the reads the better. 

Unfortunately, current sequencing technologies cannot produce all three. Illumina-based 

reads are high quality, but are often too short at < 400bp (Tan et al., 2019). Longer reads from 

Oxford Nanopore or Pacific Biosciences can reach upwards of 10kbp, but have a high rate of 

sequencing errors (5-15%) (Rang et al., 2018). To circumvent these issues, hybrid approaches 

combining short and long reads are becoming more popular, particularly when reconstructing 

more complex genomes such as polyploids, or to help determine highly repetitive genomic 

regions (Dominguez Del Angel et al., 2018). 

In instances when no primary genome is available, similar genome references from closely 

related species are frequently used (Lischer and Shimizu, 2017). Many of the alignment tools 

used for reference-based assembly were designed specifically for either short or long-reads. 

Recent adaptations (BWA and BWA-mem (Li, 2013)) or the inclusion of parameter 

adjustments (Bowtie2 and SOAP2) allow dual use, but often require much longer runtimes 

(Lindner and Friedel, 2012; Shang et al., 2014). If the reference is highly similar, standard 

alignment tools will likely be sufficient as they can capture small variants between the 

reference and the new assembly, such as inserts, deletions and gapped alignments (Langmead 

and Salzberg, 2012). It should be noted that transposable elements (DNA sequences that can 

change position within a genome) if present may disrupt alignment algorithms, and specific 

tools have been developed for their identification such as RepeatMasker (Tarailo-Graovac 
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and Chen, 2009). Ultimately, reference-based genome assemblies are only as accurate as the 

underlying reference. When the reference is not similar, and large segments of the aligned 

genome are missing combined with many unmapped reads, then a de novo assembly step is 

often included to increase resolution. 

De novo genome assemblies require more complicated algorithms due to the lack of any 

reference. Many of these algorithms are based on de Brujin graphs that construct contigs 

(continuous sequences) based on small overlapping sequences of a specific length (k), called 

k-mers. Different software allow different k-mer sizes and different input parameters, making 

it important that the assembly step is repeated with different software and parameters to find 

a consensus of contigs that can be merged into scaffolds. Comparisons can be performed with 

software such as QUAST (Gurevich et al., 2013), which provides metrics for evaluation and 

to help pick the best assembly. De novo software that are bacterial specific include Spades 

(Bankevich et al., 2012) and SMALT (sanger.ac.uk/resources/software/smalt/), both of which 

are frequently used in chlamydial genome studies (Hadfield et al., 2017; Harris et al., 2012; 

Sigar et al., 2014). Hybrid de novo assemblies will often generate a de Brujin graph assembly 

using short reads, and then long reads are used to improve assembly by closing gaps, re-

ordering contigs and resolving repetitive regions (Wick et al., 2017). Hybrid software tools 

include LoRDEC (Salmela and Rivals, 2014) and Unicycler, with Unicycler developed 

specifically for bacterial studies (Wick et al., 2017). Chlamydial studies have not utilised 

long-reads technology due to the small size of the species genome (~1Mbp), where short reads 

can be sufficiently assembled. 

Phase 3 – Accuracy of assembly: There is no specific tool or metric to determine if the final 

assembly has been constructed without any errors. However, statistical methods can help to 

identify potential problems and give an overall evaluation. N50 is a widely used metric to 

evaluate an assembly, where low numbers represent a high degree of fragmentation and high 
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numbers indicate less fragmentation and a more contigious assembly. To calculate, all contigs 

and scaffolds are aligned longest to shortest. Starting from the longest, the lengths are summed 

until the running total equals one-half of the total length of all the contigs and scaffolds in the 

assembly (Alhakami et al., 2017). A further consideration to increase the accuracy of short 

reads assemblies is the underlying sequencing technology used to capture genomic fragments. 

These include single-end reads, paired-end reads and strand-specific paired-end reads. 

Generally, the more detail that can be captured from each fragment the better the assembly 

will be. Single-end runs provide an economical alternative, but lack orientation and 

information from the opposite end of fragments. Capturing strand-specific paired-end reads 

results in information from 5’ and 3’ fragment boundaries and the fragments correct 

orientation, greatly assisting assembly algorithms (Khan et al., 2018). This is equally 

beneficial for de novo transcriptome assemblies to generate accurate transcriptome maps 

(Vivancos et al., 2010). 
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Figure 1.3: Bioinformatic analysis of genome sequencing data 

Phase 1) Quality control is performed on unprocessed reads after sequencing. Steps include 

removing sequencing adaptors and low-quality reads. Additionally, reads can be compared 

against different genomes to identify contaminants.  Phase 2) Reads can either be aligned 

to a reference genome, or de novo assembled if no suitable reference exists. Overlapping 

reads create contigs (contiguous segments), which can be merged to create scaffolds and 

ultimately genome assemblies.  Phase 3) Statistical methods are used to identify any 
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assembly-associated problems or compare different assemblies. N50 is a commonly used 

metric to evaluate a single assembly or different assemblies for fragmentation.  Phase 4 & 

5) Gene prediction, annotation and associated biological functions can be performed 

through either intrinsic and/or extrinsic methods. If both methods are used, then combiner 

software can merge the results and provide a more comprehensive and often more accurate 

genetic prediction and annotation. 

 

Phase 4 – Gene prediction and annotation: The process of accurately determining the 

location and structure of genes is well understood, particularly when identifying protein-

coding genes which have primarily been the main focus in older studies, and are thus easier 

to characterise (Dominguez Del Angel et al., 2018). In general, there are three main 

approaches involved with gene annotation that include intrinsic methods (also called ab 

initio), extrinsic methods and combiners (Yandell and Ence, 2012). Intrinsic methods require 

either development or training of statistical models which use existing data for gene 

prediction, such as Augustus (Stanke et al., 2008) and GeneMark (Besemer and Borodovsky, 

2005). Disadvantages include that the training data must be accurate and relevant, where 

advantages include the capability of predicting novel and fast evolving species specific genes 

(Dominguez Del Angel et al., 2018). Extrinsic methods rely on public data repositories (NCBI 

non-redundant protein database, RefSeq and UniProt), making them more universally 

applicable and generally easier to run. Existing sequence data such as RNA-seq can generate 

transcript maps that can also be utilised in extrinsic methods to increase resolution 

(Dominguez Del Angel et al., 2018). The job of a combiner such as EuGene (Schiex et al., 

2000) and Maker (Campbell et al., 2014), is to integrate information from the intrinsic and/or 

extrinsic methods to provide accurate gene models, which are ultimately only as accurate as 

the input data. Each method can be run separately without the use of a combiner if required, 
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or if suitable associated data is available. Specialist annotation tools exist for bacteria and 

prokaryotes as standalone tools such as Prokka (Seemann, 2014) and DFAST (Tanizawa et 

al., 2017), and generally can be run on desktop computers in < 10 minutes due to the small 

size of their genomes. 

Phase 5 – Functional annotation: Depending on experimental outcomes, assigning 

functional information to genes and proteins will likely be required. Many of these tools such 

as Uniprot (Apweiler et al., 2004) are available online, where nucleotides from either a single 

gene or a Fasta file comprising whole genomes can be uploaded and analysed. Further 

examples include SignalP and TargetP, which can predict signal peptides and the subcellular 

locations of proteins (Emanuelsson et al., 2007); while tools such as BLAST, HMMER and 

LAST can perform sequence similarity matches to associate gene names, IDs and closely 

related species in a high throughput manner (Dominguez Del Angel et al., 2018). To assist in 

chlamydial annotation and functional analysis, the online chlamydial-specific database 

ChlamBase (Putman et al., 2019), can be used to characterise evidence-based genes from 

multiple species and strains that include C. trachomatis, C. muridarum and C. pneumoniae. 
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1.3.2. Transcriptomics 

1.3.2.1. Overview 

Transcriptomics provides a genome-scale method to capture RNA (transcripts) within cells, 

and has provided insights into gene expression from an incredibly wide range of organisms 

and species (Stark et al., 2019). Early genome-scale approaches used arrays containing DNA 

oligonucleotide ‘probes’ that are complementary to a set of target genes. A typical array can 

contain up to 1 million probes that represent different genes or known variants of these genes 

(Liu et al., 2010). Fluorescently labelled target RNA is washed over the array, allowing 

matching transcripts to hybridise to each probe. As more target RNA binds to a probe, the 

emitted signal intensifies; capturing expression levels within a sample and allowing direct 

comparisons between conditions (Bumgarner, 2013). The main drawback to using 

microarrays is that a known gene sequence is needed to generate a probe. Tiling arrays solved 

this issue by allowing novel genes to be identified (through custom probes), but both methods 

are still limited by the number of probes that can be placed on a chip (Mockler et al., 2005; 

Siezen et al., 2010). 

RNA-seq was developed in 2009 (Wang et al., 2009) and has since become the method of 

choice for examining gene expression. The main advantages include high quality single base-

pair resolution combined with high throughput sequencing that was not limited by the number 

of probes. Initial protocols used oligo(dT) primers that only captured transcripts with 

polyadenylated tails, such as mRNA. Later, randomly designed primers allowed the capture 

of a greater range of transcripts, making it suitable for organisms where transcripts are not 

polyadenylated, such as bacteria (Armour et al., 2009). (Wang et al., 2009)Advancements in 

protocols and sequencing platforms now allow the capture of many types and transcripts from 

the 5’ end (Adiconis et al., 2018), 3’ end (Gruber et al., 2016), full length transcripts (Ju et 

al., 2019), and of late, RNA-sequencing directly within a cell (Depledge et al., 2019). 
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RNA-seq has been successfully applied to Chlamydia-infected cells and has been a highly 

useful approach to examine gene expression from the host (Alvesalo et al., 2008; Vasileva et 

al., 2018; Wang et al., 2013), from the chlamydial bacterium (Brinkworth et al., 2018; Carlson 

et al., 2008; Song et al., 2013), and simultaneously from both organisms (Humphrys et al., 

2013). In the absence of an easily applied transformation system, genome-wide expression 

studies have been useful for enhancing our understanding of infection related mechanisms, 

pathways and significant gene sets. 

1.3.2.2. Chlamydial-specific gene expression sequencing overview 

Using the search criteria with a combination of “Chlamydia” + “transcriptome”, 

transcriptomics, “RNA-seq”, “microarray”, “arrays” or “NGS”, from Pubmed and bioRxiv, 

resulted in 77 gene expression-based studies. The collation of these results highlight that that 

the number of publications is consistently increasing (Figure 1.4A), with three main 

chlamydial species being examined C. trachomatis (63%), C. pneumoniae (19%), and C. 

muridarum (12%) (Figure 1.4B). The proportion of host-based research is nearly 3x higher 

than chlamydial-based research (Figure 1.4C), and in the last 6 years, 10 different sequencing 

approaches have been utilised to capture expression-based infection changes (Figure 1.4D). 

Although methylation isn’t strictly gene expression-based, the studies were included to 

highlight a new area of bacterial epigenetics and epigenome regulation effecting gene 

expression. 
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Figure 1.4: Gene expression-based research focused on chlamydial infection 

A) The number of chlamydial-based gene expression publications per year. Search criteria 

from PubMed and bioRxiv included a combination of “Chlamydia” + “transcriptome”, 

transcriptomics, “RNA-seq”, “microarray”, “arrays” or “NGS”.  B) The range of 

chlamydial species sequenced per year, with the overall percentages summarised in the 

doughnut chart.  C) Numbers of studies examining either host or chlamydial-specific 

responses, with inserted pie chart showing the overall proportions.  D) The number and 

type of sequencing approach per year. The FAIRE-seq and single-cell RNA-seq sequencing 

approaches that appear in 2019 are preprints of Chapters 3 and 4 from this thesis. 
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1.3.2.3. Bioinformatic analysis 

Phase 1 & 2 – QC and Alignment: Once reads have been quality checked and prepared (see 

Phase 1 from the genome sequencing section), they are aligned to genomic coordinates from 

either an annotated genome or transcriptome (Figure 1.5). In more complex organisms where 

genes are combined of introns and exons (i.e. humans), the aligning software needs to have 

the capability of determining alternatively spliced transcripts, such as STAR (Dobin et al., 

2012). Although isoform-based transcripts have been observed in bacterial systems (Conway 

et al., 2014), the absence of introns reduces the complexity of the underlying operons, and of 

the alignment software, where non-splice aware aligners are used, such as Bowtie2 

(Langmead and Salzberg, 2012). If longer reads were captured, short-read alignment software 

can be used, but long-read specific aligners are recommended such as Graphmap2 (Mari  et 

al., 2019) and Minimap2 (Li, 2018). 

Phase 3 –Quantification: If reads were aligned to an annotated genome, then additional 

software is required to quantify read abundances for individual genes. Common software 

includes HTSeq (Anders et al., 2015) and FeatureCounts (Liao et al., 2014), and can be used 

irrespective of the underlying organism. These tools will generally disregard many aligned 

reads to avoid ambiguity. This includes reads that map to multiple genomic locations, and 

reads that span multiple features. If reads were aligned to transcripts using an alignment-free 

assembly such as RSEM (Li and Dewey, 2011) or Kallisto (Bray et al., 2016), transcript 

estimates are produced from the software, removing the need for quantification software. 

Each tool quantifies differently, with RSEM utilising ambiguous reads using expectation 

maximisation, while Kallisto directly includes these reads, potentially biasing results. If 

estimating transcript abundances from long reads, software such as deSALT (Liu et al., 2019) 

and SQANTI (Tardaguila et al., 2018) are more suited, particularly when dealing with the 

high error rates that are common. Deciding between a genome-based or transcript-based 
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assembly ultimately comes down to the underlying experiment. Transcript-based software has 

demonstrated a strong performance in identifying highly abundant and long transcripts, but 

appears to be less accurate when quantifying low abundance or short transcripts (Wu et al., 

2018). For example, if examining a bacterial experiment that expects to capture low quantities 

of transcripts from an early time point (i.e. many chlamydial studies), then using a genome-

based approach would be more suited as the quantification would be more accurate. 

Phase 4 – Filtering and normalisation: The resulting output after quantification is an 

expression matrix, where rows are genes or transcripts, columns are the samples, and values 

are read counts or estimated transcript abundances. To improve the accuracy of underlying 

statistical models which are used for detecting differentially expressed genes, low expressed 

genes are generally removed during a filtering step (Gentleman R, 2011). Specific parameters 

depend on the organism and experiment. For example, the human genome contains 

approximately 50k genes and after filtering may be reduced to 15 or 20k, whereas the 

chlamydial genome contains ~ 1,000 genes and filters need to be more constrictive. 

Normalisation of the expression matrix is more complex, requiring statistical transformations 

to account for differences in sequencing depth (library size) and technical biases (Risso et al., 

2014). Many normalisation methods exist, and are often bundled with differential expression 

software, including upper quantile and the trimmed mean of M-values (TMM) method 

(Robinson and Oshlack, 2010). Normalisation methods can be applied to any organism, with 

multiple methods usually tested and visually inspected using relative log expression (RLE) 

plots before and after normalisation. Particular methods are chosen based on the underlying 

statistical assumptions and the fit to the experimental data. A further visualisation tool that 

can help confirm if the correct normalisation method was used is principal component 

analysis (PCA) plots. Genes from each sample within the expression matrix are clustered 
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based on their similarities, where replicates from the same conditions should cluster together; 

additionally, PCA plots can help to highlight potential outlier samples. 

Phase 5 & 6 – Differential expression and biological analysis: Depending on the 

experimental design, differential expression tools can be modelled to examine simple 

differences between infected and uninfected conditions, or more complex experimental 

designs containing additive models and blocking effects. Common tools include edgeR 

(Robinson et al., 2010) and DESeq2 (Love et al., 2014), and typically utilise generalised linear 

models to allow for these comparisons (Stark et al., 2019). These two tools in particular, are 

widely used as they provide comparable results and have easy to follow user guides and 

tutorials. For each comparison, fold changes and p-values are calculated for each gene, 

identifying their expression differences and significance respectively. Significant gene sets 

can then be analysed with enrichment software, detecting if subsets of genes are correlated 

with biological pathways, processes or functions. Common pathway analysis includes the 

Kyoto encyclopedia of genes and genomes (KEGG) (Kanehisa and Goto, 2000), Panther (Mi 

et al., 2017) and David (Huang da et al., 2009); while Gene Ontologies (GO) can identify 

biological processes, molecular functions and predict cellular locations of where transcripts 

originated (The-Gene-Ontology-Consortium, 2019). The underlying databases that these 

tools use can often vary significantly, highlighting different biological outcomes (García-

Campos et al., 2015; Young et al., 2010). Often multiple sources are used to confirm validity, 

and if lab resources are available, qPCR can be used for quantitative validation. 
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Figure 1.5: Bioinformatic analysis of RNA-seq data 
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Quantifying aligned reads helps to remove ambiguous reads that map to multiple locations 

or overlapping features.  Phase 4) By filtering genes with low expression, library 

normalisation approaches can be more accurate and help to give more accurate downstream 

analyses. Visualisation from plots can help determine what the best normalisation methods 

are, and include relative log expression (RLE) and principal component analysis (PCA).  

Phase 5) Differential expression software allows comparisons to be made between different 

conditions, such as infected and uninfected samples. Subsets of genes will be highlighted, 

identifying the significance of each differentially expressed gene and the amount of change 

that occurred.  Phase 6) Significant genes are examined for their biological relevance 

through pathway analysis, enrichment, and interactions with other genes. 
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1.3.3. Single cell transcriptomics 

1.3.3.1. Overview 

Until recently, transcriptomic sequencing focused on generating data from large populations 

of cells or tissues. These datasets represent a summary of all cellular expression profiles in 

the population, which is essentially an average of the total (Hebenstreit, 2012). Subsets of 

cells that have a higher or lower expression profile can skew this average ( abaj et al., 2011), 

resulting in smaller but potentially equally important subsets and their corresponding 

expression profiles being obscured. Thus the measured expression profile of a cell population 

can be misleading (Kolodziejczyk et al., 2015). By sequencing single cells within the 

originating population, these biases may be removed. The resulting expression data is 

therefore linked to each cell, and cells with similar expression profiles cluster together. This 

separation provides different subsets of cells often with varying expression profiles to be 

further examined, allowing a much deeper understanding of inter-population heterogeneity, 

cell states and interactions, and gene regulation (Kolodziejczyk et al., 2015; Shapiro et al., 

2013). 

A major difficulty of working with single cells is the small amounts of available genetic 

material. For example, a diploid human cell contains approximately 7pg of DNA (Macaulay 

and Voet, 2014) and less than 1pg of mRNA (Kawasaki, 2004). New methods are 

continuously been developed, often to increase transcript yields (Svensson et al., 2017), 

capture specific cell types (Hwang et al., 2018), and increase the speed in which cells can be 

processed (Svensson et al., 2018). Initial experiments were low-throughput such as the 

Fluidigm C1 instrument, capturing hundreds of cells, whereas Chromium 10x platforms can 

generate hundreds of thousands of cells in parallel (Svensson et al., 2018). 
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The underlying laboratory procedures for scRNA-seq methods can be broken down into three 

main steps: 1) Efficient isolation of single cells, 2) Isolation of DNA or RNA from each cell, 

and 3) Accurate amplification of that genetic material, which is then used for sequencing 

(Kolodziejczyk et al., 2015). Some methods allow the addition of unique molecular identifiers 

(UMIs), providing a more accurate representation of the transcripts inside each cell by 

integrating unique barcodes or identifiers into the primers (Islam et al., 2013). Adding a 

known amount of selectively chosen RNA into the experimental process (spiked-in RNA), 

can provide a control that is used for calibration during normalisation (Lun et al., 2017). Both 

UMIs and spiked-in controls help reduce noise in the resulting datasets, which is still a 

common problem in scRNA-seq (Kolodziejczyk et al., 2015). It should also be noted that 

these methods predominately capture polyadenylated (PolyA) transcripts, limiting their use 

to eukaryotic and viral studies. 

1.3.3.2. Bacterial-based scRNA-seq 

Due to this limitation, many scRNA-seq studies focusing on bacterial infections have 

predominantly focused on host responses alone (Avraham et al., 2015; Bossel Ben-Moshe et 

al., 2019; Saliba et al., 2016). Only a limited number of bacterial-specific scRNA-seq studies 

have been undertaken, examining Burkholderia thailandensis (Kang et al., 2011), 

Synechocystis (Wang et al., 2015), malaria parasites (Poran et al., 2017; Reid et al., 2018), 

and Salmonella typhimurium (Avital et al., 2017). These underlying protocols utilise more 

complex techniques to capture a wider range of transcripts, such as rolling circle amplification 

(RCA) (Kang et al., 2015), RNA-based single-primer isothermal amplification (Ribo-SPIA) 

(Wang et al., 2015), random hexamer primers (Avital et al., 2017), and a template switching 

mechanism (Reid et al., 2018). There are still improvements to be made however, as these 

methods either have low capture rates, or capture all RNAs including rRNA and tRNA, 

compromising the overall coverage of mRNA. In addition, no methods currently exist that 
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can efficiently capture long-reads from single cells, but due to the interest in single cell omics, 

methods will likely be developed in the not too distant future. 

1.3.3.3. Bioinformatic analysis of single cell sequence data 

Phase 1 – Quality checking, alignment and quantification: Although many single cells are 

being sequenced, initial quality control of sequencing reads remains the same (see Phase 1 - 

Quality control from genome sequencing) (Figure 1.6). The same applies to alignment and 

quantification, where the same tools can be used irrespective of whether the data is bulk RNA-

seq or scRNA-seq, with methods being repeated relative to the number of cells (see Phase 2 

– Alignment from transcriptomics). To help organise the large number of corresponding 

metrics during these initial stages, software such as MultiQC (Ewels et al., 2016) collates and 

groups this output into single useful reports. 

Phase 2 – Cell quality control and filtering: The additional steps used to isolate, capture 

and sequence single cells bring additional biases that need to be identified and controlled. 

These include how many transcripts were sequenced and aligned, and how many genes were 

counted and quantified above a threshold. Additional steps include examining cell expression 

levels of rRNA as a measure of depletion success, and mitochondrial gene expression as an 

indicator of cell stress (Zhao et al., 2002). Additionally, genes directly involved with the cell 

cycle are measured and cell states predicted, providing further biological insights and filtering 

criteria (Scialdone et al., 2015). Depending on the sequencing protocol and technology, other 

factors such as the proportion of reads mapping to spiked in controls and detecting when more 

than one cell was captured within a droplet (doublets), should be taken into consideration 

(Brennecke et al., 2013; McGinnis et al., 2019). Filtering based on these parameters can be 

either set with predetermined thresholds, or can use statistical approaches that are calculated 
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based on the protocol and the underlying cell expression profiles (Lun et al., 2016b; McCarthy 

et al., 2017). 

Phase 3 – Library normalisation, removing confounding effects and imputation: 

Normalising and removing confounding effects from a scRNA-seq derived count matrix helps 

to account for any technological and biological variability that has occurred, thereby allowing 

a more accurate comparison of the expression levels across all of the cells (Stegle et al., 2015). 

Technical variability can be introduced from steps such as isolation, amplification and 

different batches of sequencing; whereas biological variation includes differences such as cell 

size, cell cycle, and the amount of RNA per cell (Stegle et al., 2015; Vallejos et al., 2016). 

The normalisation approach to remove differences between library sizes will depend on the 

experimental setup if UMIs, or spike-ins were or weren’t used (Ding et al., 2017). 

Consideration should also be given to the statistical method depending on the amount of 

variability in the dataset. Normalisation methods can be used on either bulk or single cell 

datasets, which include transcripts per kilobase million (TPM) and TMM (Hwang et al., 

2018). Single cell specific methods allow for the increased variability that appears between 

cells, such as quantile regression (Bacher et al., 2017) and deconvoluting size factors from 

clusters of (Lun et al., 2016a) cells. 

Additional software is required to remove technical confounding effects resulting from 

different reagents, isolation methods and the different batches of sequenced cells. Using the 

underlying metadata of the experiment (batch etc), software can identify and remove sources 

of variation from the expression data that is not related to the biological signal of interest. 

Different approaches include using spike-ins, regression tactics, housekeeping genes and 

control samples/cells; from software such as RUVSeq (Risso et al., 2014) and Combat 

(Johnson et al., 2007b). The best way to determine which normalisation method to use, or if 

confounding effects need to be removed, is through the use of visualisation tools such as RLE 
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plots and or PCA plots. RLE plots are useful to compare the effectiveness of different library 

normalisations, and PCA plots can help highlight when additional confounding effects are 

having an impact on expected clustering outcomes. 

Due to the small amounts of RNA per cell and often low efficiency in capture rates, many 

genes that are potentially being expressed are not captured. This is called the dropout effect, 

with recent imputation software aiming to provide in silico corrections (Eraslan et al., 2019; 

Li and Li, 2018). Since we do not know what are technical artefacts and when transcripts are 

truly absent, imputation is a difficult challenge and current methods will likely introduce 

false-positives in downstream analyses (Andrews and Hemberg, 2018a). 

Phase 4 – Dimensionality reduction, clustering and feature selection: Large datasets 

accompany scRNA-seq experiments, and it is often beneficial to apply a form of 

dimensionality reduction to significantly reduce noise, making the data easier to visualise in 

a two- or three-dimensional space. Methods include PCA and t-distributed stochastic 

neighbour embedding (tSNE) plots, and depending on the dataset, often a log-transformation 

will be applied to further increase resolution and biological relevance (Luecken and Theis, 

2019). Resulting scatterplots will display each cell and will usually be coloured based on 

experimental data, such as time point or cell type. Clustering cells based on the similarity of 

their expression profiles can be performed by supervised or unsupervised approaches. 

Supervised methods require experimental input and will try to cluster based on these 

parameters, such as CellAssign (Zhang et al., 2019) and Garnett (Pliner et al., 2019). 

Unsupervised clustering solely relies on expression profiles, which can be particularly 

challenging when working with scRNA-seq datasets that contain high levels of technical and 

biological noise (Kiselev et al., 2019). Unsupervised methods include hierarchical clustering, 

k-means clustering and graph-based clustering (Hwang et al., 2018). 
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To understand which genes are contributing to the separation of the clusters, or between 

different biological conditions of interest, feature selection can be an important step. It can 

also be used to remove genes that contribute to technical noise from downstream analysis 

(Luecken and Theis, 2019). Different approaches exist that detect for highly variable genes 

(HVG) or for marker genes between conditions or clusters. Underlying methods can compare 

mean expression differences such as Seurat (Satija et al., 2015), or are based on statistical 

models such as a M3Drop, which uses a michaelis-menten curve (Andrews and Hemberg, 

2018b). 

Phase 5 – Biological analysis: Biological interpretation can be separated into either gene 

level analysis or cell-based analysis. Gene level analysis includes differential expression 

(DE), regulatory networks and gene-set or pathway analysis. All of these methods can be 

applied to bulk or scRNA-seq experiments and are outlined in the transcriptomics section 

(Phase 5 – Differential expression and biological analysis). However, many existing bulk DE 

software performs poorly when a large number of zero counts are present (from events such 

as dropouts) (Luecken and Theis, 2019). This has led to scRNA-seq specific DE software 

such as SCDE (Kharchenko et al., 2014) and MAST (Finak et al., 2015), accounting for 

differences in the underlying distributions and generally lower counts. However, 

improvements can still be made as many of the tools generally don’t allow complex 

experimental designs, they instead only allow simple comparisons such as the differences 

between clusters or experimental conditions. 

Cell-based analyses are specific to scRNA-seq experiments, with > 200 tools currently 

available (Zappia et al., 2018). A major advantage is the ability to identify cell types and sub-

populations from a heterogeneous population of cells (Kolodziejczyk et al., 2015). Coupled 

with reference databases such as the Human Cell Atlas (Regev et al., 2017) or the Allen Brain 
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Atlas (Sunkin et al., 2013), clusters of cells and individual cells can be compared and 

classified, potentially identifying rare and disease-related cell subsets. 

Trajectory analysis (pseudotemporal ordering and inference) can help to understand the 

various lifecycle and differentiation profiles of each cell (Bacher and Kendziorski, 2016). For 

example, at the unique snapshot in time when each cell was lysed and sequenced; each cell 

may have been undergoing transformation into a different cell type, or undergoing cellular 

division, or even apoptosis (Leng et al., 2015; Stegle et al., 2015). Depending on the huge 

variety of biological pathways a cell can take, will ultimately alter its transcriptional profile 

(Linnarsson, 2015). Trajectory analysis groups cells that have similar expression profiles to 

generate small clusters (similar to sub-population software). Once a number of clusters have 

been identified, a pathway will be created linking up each of the clusters. This creates a two-

dimensional pathway of the varying cellular states in a mock time setting, or ‘pseudotime’ 

(Trapnell et al., 2014).  
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Figure 1.6: Bioinformatic analysis of single cell RNA-seq data 

100

80

60

40

20

Human

%
 M

ap
pe

d

Chlamydia Mouse

One hit/one library Multiple hits/one library

One hit/multiple libraries Multiple hits/multiple libraries

No hitsrRNAAdaptorsEcoli

Phase 3a: Library norm. and removing confounding effects Phase 3b: Imputation

0 0 0

1 2 1

0 1 0

0 1 1

1 2 2

1 1 0

Phase 4a: Dimensionality reduction and clustering Phase 4b: Feature selection

Phase 5a: Biological analysis - Gene level Phase 5b: Biological analysis - Cell based

Cardiac muscle contraction

Parkinson's disease

Huntington's disease

Aminoacyl−tRNA biosynthesis

Alzheimer's disease

Oxidative phosphorylation

Graft−versus−host disease

Proteasome

Pathways in cancer

Prostate cancer

Pyrimidine metabolism

DNA replication

ECM−receptor interaction

Primary immunodeficiency

Cell cycle

0.01

0.02

0.03

0.04

p.adjust

GeneRatio

0.025

0.050

0.075

0.100

0.125

Remove adaptors and low quality reads Identifying and removing contaminants Alignment and quantification

Phase 1: Quality checking, alignment and quantification

Cell quality control Gene-level filtering

Phase 2: Cell quality control and filtering

Sample 1 Sample 2 Sample 3

Gene 1 17 9 24

Gene 2 12 21 5

Gene 3 5 13 1

Gene 4 25 2 3

Gene 5 0 1 0

Gene 6 0 0 0

Gene 7 6 13 1

Gene 8 0 0 0

Gene 9 22 1 5

Gene 10 0 0 0

Gene 11 0 1 0

Gene 12 11 1 4

Sample 1 Sample 2 Sample 3

Gene 1 17 9 24

Gene 2 12 21 5

Gene 3 5 13 1

Gene 4 25 2 3

Gene 7 6 13 1

Gene 9 22 1 5

Gene 12 11 1 4

Before After

Trajectory analysis Cell and cluster annotation

Signaling pathway

MMP1

FADS2

ADIPOQ

PCK1

FABP4

HMGCS2

PLIN1



Literature review 

42 

Phase 1: Quality control helps to remove sequencing adaptors and low-quality reads, in 

addition to identifying potential contaminant reads. Processed reads can be aligned to either 

a reference genome or transcriptome. If a genome is used, then the aligner may need to be 

capable of determining alternatively spliced transcripts. The quantification of aligned reads 

helps to remove ambiguous reads that map to multiple locations or overlapping features.  

Phase 2) A cell quality control step will use thresholds from metrics such as read depth and 

mapping rates to filter out low quality cells. Within the remaining cells, genes will also be 

filtered based on their expression levels.  Phase 3a) Normalising for differences in library 

size between cells can be performed with some bulk RNA-seq approaches or single cell 

specific tools. Relative log expression (RLE) plots are useful way to visualise comparisons 

between methods. Confounding effects are introduced mostly from technical factors, such 

as different reagents and sequencing machinery. Different tools exist and are usually 

performed after library normalisation.  Phase 3b) Due to the low amount of DNA/RNA per 

cell, single cell sequencing techniques generally cannot capture all of the associated 

material. As a result, some genes that are expressed are not captured, resulting in a dropout 

effect. Imputation software aims to correct for these errors through statistical methods.  

Phase 4a) Dimensionality reduction reduces the complexity of the combined expression 

matrix of all cells, providing two or three dimensions at a time to help visualise cellular 

clustering.  Phase 4b) Feature selection helps improve the signal to noise ratio which can 

enhance downstream analyses such as clustering and pseudotime analysis.  Phase 5) 

Biological analysis can occur at the gene level or cell-based level, identifying statistically 

relevant genes and pathways, in addition to predicting cell trajectories and annotating 

clusters. 
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This technique is useful in identifying genes that regulate cellular states (Linnarsson, 2015), 

and genes that are involved in switch like mechanisms controlling differentiation (Tang et al., 

2010). Additionally, trajectory analysis has been used to highlight key stages within infection-

associated settings (Kunz et al., 2018). Different trajectory analysis software packages are 

available, such as Monocle (Trapnell et al., 2014) and Slingshot (Street et al., 2018). 

Compositional analysis is a further cell-based approach where clusters can be analysed in 

terms of their compositional structure and the proportions of cells within. For example, in 

response to Salmonella infection, an increase in the proportion of enterocytes was identified 

in the mouse intestinal epithelium (Haber et al., 2017). 
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1.3.4. Epigenetics 

1.3.4.1. Overview 

Epigenetic regulation was defined to explain the occurrence of phenotype changes without 

any genotype changes. The name epigenetics has been attributed to Conrad Waddington 

(1905–1975) who theorised that developmental processes occur as a series of ‘decisions’ that 

could be represented as ‘valleys’ and ‘forks’ within a landscape (Figure 1.7) (Waddington, 

1956). Through a small manipulation of this landscape, one channel would be more favoured 

than another, showing how the same genome (represented by the starting sphere) can lead to 

different phenotypes. Today, epigenetic mechanisms are associated with DNA and RNA and 

attributed to wide range of developmental processes, immunological disorders and diseases 

(Kiefer, 2007; Portela and Esteller, 2010). Epigenetic mechanisms have been identified not 

just in mammalian cells, but are found in many organisms including plants, bacteria and 

viruses (Pikaard and Mittelsten Scheid, 2014; Willbanks et al., 2016). 

 

Figure 1.7: Waddington's developmental landscape and epigenetic interactions 

A) The path of the sphere corresponds to the developmental trajectory based on the 

landscape and underlying influences.  B) The proposed complex system of interactions that 

define the epigenetic landscape. The black rectangles represent genes, the lines represent 
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the chemical signals from each gene. The landscape is controlled by these genetic 

interactions and chemical signals, influencing the path the sphere takes. Adapted from 

(Waddington, 1957). 

Although the term epi refers to features associated above genomic elements, structural 

adaptations associated with chromatin structure also fall under the same epigenetic term. 

Regulation mainly includes DNA modifications which include methylation, post-translational 

histone modifications, chromatin remodelling and non-coding RNAs (Zhang and Cao, 2019). 

Sequencing protocols have been developed to capture each of these specific modifications 

(Figure 1.8). 

1.3.4.2. Regulatory mechanisms and associated sequencing protocols 

Methylation 

DNA methylation is a process where methyl (CH3) groups have been added to cytosine bases 

at specific regions throughout a genome, altering gene expression. Hypermethylated bases 

can block transcription and silence gene expression, whereas the removal of the methyl group 

(hypomethylation) can activate gene expression. DNA methylation arrays can identify the 

locations of these methyl groups, however, the underlying microarrays are limited to the 

number of probes the array can target (Wilhelm-Benartzi et al., 2013). For whole genome 

methylation studies, bisulphite sequencing is more commonly used, due to its high throughput 

nature and ability to capture methylation patterns genome-wide. DNA is treated with sodium 

bisulphite, resulting in unmethylated cytosines converting to uracil, and thus identifiable (Li 

and Tollefsbol, 2011). CpG sites (cytosine and guanine appearing consecutively on the same 

strand) are of importance when examining methylation patterns, as the cytosine belonging to 

the CG-pair is frequently methylated. When CpG sites occur frequently within a genomic 
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region, they are called CpG islands, and are commonly used as probes in array-based studies 

(Bibikova et al., 2011). 

Chromatin accessibility 

Eukaryotic DNA is highly condensed within the nucleus of each cell. This is achieved by 

tightly wrapping DNA around histone proteins, which are referred to as nucleosomes. This 

occurs across the whole genome, with the resulting condensed fibres called chromatin (Figure 

1.8). The regulation of genes and cellular processes occur when chromatin fibres become less 

condensed (open chromatin), providing accessibility to transcription factors and regulatory 

binding machinery (Klemm et al., 2019).  

The process of condensing and recondensing is a consistently occurring dynamic process. A 

simple example might be a small region of DNA which encodes a gene that is required to be 

transcribed. A more complex example might be a large gene that undergoes alternative 

splicing events which results in only the first part of the gene being transcribed. Furthermore, 

the genes promoter may also be influenced by an enhancer/silencer region at a different 

location within the genome. These are only a few examples of how an incredibly diverse 

number of regulatory mechanisms are directly associated with the accessibility of chromatin, 

and how examining regions of open and closed chromatin can assist in uncovering these 

events. 

Examining chromatin accessibility to identify regions of open and closed chromatin can be 

achieved from protocols that include Assay for Transposase-Accessible Chromatin using 

sequencing (ATAC-seq), using a Micrococcal Nuclease (MNase-seq), and formaldehyde-

assisted isolation of regulatory elements (FAIRE-seq). FAIRE-seq involves crosslinking 

DNA with formaldehyde, where samples are then lysed and sonicated. After 

phenol/chloroform extraction, the aqueous layer is purified and sequenced, identifying 
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regions of open chromatin (Simon et al., 2012). FAIRE-seq is a slightly older method that 

contains a higher background signal and shows a higher affinity for enhancer regions 

compared to more recent methods such as ATAC-seq (Tsompana and Buck, 2014). MNase-

seq utilises a micrococcal nuclease digestion, followed by sequencing. Nucleosomes protect 

associated DNA from digestion by the nuclease, whereby unveiling areas of the genome 

occupied by nucleosomes and regulatory factors. The resulting fragments reveal nucleosome 

location information, and provide an indirect method to probe chromatin accessibility (Cui 

and Zhao, 2012). Although an accurate method, a large number of cells are required and 

preparation steps need to be carried out precisely to allow for accurate and reproducible results 

(Tsompana and Buck, 2014). ATAC-seq uses Tn5 transposases which preferentially attach to 

areas of open chromatin. The transposases simultaneously fragment and add adaptors at these 

regions, which are ultimately sequenced and reveal nucleosome-free (open chromatin) 

regions genome-wide (Buenrostro et al., 2013). Advantages of ATAC-seq include a simple 

protocol, high sensitivity and high resolution (Klemm et al., 2019), making it the current 

preferred method to examine chromatin accessibility. 

Histone modifications 

Histone proteins (as discussed above) facilitate in condensing chromatin fibres by acting as 

spools which DNA can wrap around. The histone core is comprised of an octamer of grouped 

proteins, with only two (H3 and H4) containing long tails that protrude from the nucleosome 

(Mariño-Ramírez et al., 2005). Due to the major role histones play with condensing DNA, 

modifications directly affect gene expression. Although modifications are associated with 

some core proteins, they are predominantly located within the protruding tails and include 

methylation, acetylation, phosphorylation and ubiquitination (Mersfelder and Parthun, 2006). 

Chromatin immunoprecipitation followed by sequencing (ChIP–seq) is a protocol that can 

map DNA binding proteins and histone modifications genome-wide. The method uses 
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antibodies to immunoprecipitate proteins crosslinked to chromatin (non-histone ChIP), or to 

modified nucleosomes (histone ChIP) (Johnson et al., 2007a). Antibodies specific to the 

protein or histone modification are used to enrich the crosslinked regions, identifying different 

regulatory factors such as TF binding sites and histone modifications. Currently, ChIP–seq is 

the preferred method to examine histone modifications and associated DNA-binding proteins 

due to the flexibility of the protocol, the sensitivity and specificity and high quality of data 

(Park, 2009). 

Chromosome conformation 

Many regulatory elements such as enhancers and silencers are often placed distally to the 

genomic loci they can control, with some even located on different chromosomes (Ong and 

Corces, 2011). Regulation can occur when open chromatin from both regions comes into close 

proximity through mechanisms including looping, tracking and linking (Khan and Zhang, 

2015). Therefore, there is an inherent advantage of combining chromatin accessibility 

dynamics with additional sequencing approaches that can examine the 3D structure of 

genomes such as Hi-C (Belton et al., 2012) and Chromatin Interaction Analysis by Paired-

End Tag sequencing (ChIA-PET) (Li et al., 2014). Results from both analyses can identify 

genome-wide events such as enhancer-promoter interactions to be identified more accurately 

and precisely. 

Single-cell approaches 

Recently, epigenetic-based single cell approaches have been developed, such as scChIP-seq 

(Rotem et al., 2015), scATAC-seq (Buenrostro et al., 2015) and scBS-seq (Smallwood et al., 

2014). These methods and others allow epigenetic mechanisms to be identified in single cells 

instead of from populations of cells where the regulatory effects are often averaged. As 

described in the scRNA-seq section, single cell approaches can identify subsets of cells with 
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differing expression profiles that may provide novel biological insights that would typically 

be obscured by bulk sequencing methods. This is still a developing field, and as a result, 

refinements are still needed to increase the resolution and capture rates, as well as lower costs 

to increase sequencing depths (Rahmani et al., 2019; Schwartzman and Tanay, 2015; Shema 

et al., 2019). Additionally, more computational tools need to be developed or existing tools 

modified specifically for single cell methods; again, similar to what has been seen in scRNA-

seq, where underlying distributions and statistical assumptions are potentially not valid when 

examining populations of single cells. 

 

Figure 1.8: Ways in which epigenetic changes can alter gene expression 
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Epigenetic factors can modify DNA in various ways that alter gene expression. Common 

technologies to examine these modifications include methylation arrays, which identify 

methylated cytosine bases. Hypermethylation involves the addition of a methyl group 

which can silence gene expression, while hypomethylation can activate gene expression. 

Bisulfite sequencing involves treating DNA with sodium bisulphite, causing unmethylated 

cytosines to convert to uracil. Sequencing can then reveal where the methylated cytosine 

bases are throughout a genome. Assay for transposase-accessible chromatin using 

sequencing (ATAC-seq) uses a Tn5 transposase to attach to areas of open chromatin. These 

enzymes insert sequencing adaptors in open areas, which are cut out, purified, amplified 

and sequenced, revealing regions of open chromatin. Chromatin immunoprecipitation 

followed by sequencing (ChIP-seq) uses antibodies to immunoprecipitate proteins 

crosslinked to chromatin. Sequencing can identify where different regulatory factors bind 

throughout the genome. Formaldehyde-assisted isolation of regulatory elements (FAIRE-

seq) involves crosslinking DNA with formaldehyde, where samples are then lysed and 

sonicated. After phenol/chloroform extraction, the aqueous layer is purified and sequenced, 

identifying regions of open chromatin. Micrococcal nuclease sequencing (MNase-seq) 

sequencing utilises a micrococcal nuclease digestion, followed by sequencing. This 

distinguishes nucleosome positioning, allowing regions of closed chromatin to be identified 

along with locations of regulatory DNA-binding proteins. Modified from (Nature-

Research, 2019). 
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1.3.4.3. Bacterial epigenetics 

Bacterial gene expression was initially thought to be a simple process compared to eukaryotic 

systems, where mechanisms such as alternative splicing and an array of non-coding genes 

help regulate transcription. More recently however, this simplistic view has begun to shift as 

we now understand that bacterial systems have RNA-based biological mechanisms and 

functions that rival eukaryotes. These include metabolite-sensing riboswitches, RNA 

thermometers, and a wide range of small non-coding RNA (sRNA) (Hor et al., 2018). 

Furthermore, one-third of Escherichia coli operons contain internal promoters and 

terminators, generating multiple transcription units (TUs) with differing expression patterns 

(Conway et al., 2014). Unfortunately, the limiting factor to further explore these mechanisms 

is a lack of usable, reproducible and genome-wide methods. 

Bacteria also have the ability to alter epigenetic marks and machinery for their own benefit 

within hosts. Their range of activity is surprisingly diverse, where bacterial effector proteins 

from species including Anaplasma phagocytophilum, Shigella flexneri and Mycobacterium 

tuberculosis, will hijack cellular signalling pathways, alter histone modifications to silence 

host defence genes, and control chromatin complexes (Bierne et al., 2012; Zhang and Cao, 

2019). As discussed in previous sections, the intracellular developmental cycle of Chlamydia 

has delayed the functional characterisation of effector proteins, thus hindering possible 

discoveries of chlamydial specific epigenetic alterations. Due to this restriction, limited 

epigenetic-based studies have been published. An initial study identified a novel 

methyltransferase (NUE) from C. trachomatis acting as a Type III secretion system (T3SS) 

effector with methyltransferase activity. NUE enters the host nucleus and methylates 

eukaryotic histones H2B, H3 and H4 in vitro (Pennini et al., 2010), indicating that Chlamydia 

may have the capacity to directly modulate host cell epigenetic regulation. However, NUE 

targets and any subsequently affected pathways remain uncharacterised. 
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More recently, genome-wide methylation studies have emerged, examining differentially 

methylated genomic regions from within the host (Kessler et al., 2019; Raji  et al., 2017; 

Xiong et al., 2019). An advantage of these studies was they didn’t need to examine chlamydial 

effector proteins directly, but instead look at potential infection-induced changes. Results 

identified numerous differentially methylated regions (DMR) within fallopian tube organoids 

from in vitro C. trachomatis infections, and from lung tissues of C. pneumoniae-infected 

patients, suggesting the likelihood of chlamydial-derived epigenetic modulators which are 

thus potential candidates for drug targets. However, as highlighted by Kessler et al., 2019, 

more complex infection models or controls are needed to separate chlamydial-induced effects 

from infection-induced effects. While a lot more work is still required to decipher what 

epigenetic-based mechanisms Chlamydia affect, it is exciting to see new sequencing 

approaches being applied and new discoveries made.  

Although different epigenetic-based protocols and pipelines exist, the following 

bioinformatic analysis is focused on chromatin accessibility as used in Chapter 3, and is 

applicable to protocols including MNase-seq, ATAC-seq and FAIRE-seq. 

1.3.4.4. Bioinformatic analysis 

Phase 1 & 2 – QC and Alignment: Reads are initially quality checked and prepared (see 

Phase 1 from the genome sequencing section) followed by alignment to an annotated genome. 

In theory, any aligner will work as the fragmented areas of chromatin are not subjected to 

alternative splicing. Due to their speed, ease of use and reproducibility, Bowtie2 (Langmead 

and Salzberg, 2012) and BWA (Li and Durbin, 2009) are the most commonly used aligners. 

After alignment, further QC from software such as deepTools (Ramírez et al., 2014) can help 

evaluate the quality of each sample. Metrics include the number of aligned reads, overall 

alignment rates, and the similarity of replicates within the same conditions. Duplicate reads 
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that may have arisen during library construction and reads mapping to blacklist regions 

(problematic regions with high signals) should be removed as recommended from the 

encyclopaedia of DNA elements (ENCODE) guidelines (Landt et al., 2012). 

Phase 3 – Peak calling: Determining how peaks are represented is an important step as most 

downstream analysis is reliant on their correct identification and determination. 

Considerations include the sequencing approach and any associated biases, such as FAIRE-

seq which generates broader peaks compared to ATAC-seq, which generates more defined 

and generally narrower peaks over regulatory regions (Meyer and Liu, 2014). If single end 

sequencing was performed, quality checked reads can be directly used to identify peaks, while 

paired end reads need to be combined first. This involves merging the 5’ and 3’ tags that 

represent the same peak, into a single peak (Figure 1.9). Different merging or centering 

approaches exist depending on the software, such as MACS2 which extends the reads in the 

3’ direction to the fragment length obtained from an underlying statistical model (Zhang et 

al., 2008). A further software-specific parameter that influences peak calling is defining the 

difference between what constitutes a background signal and a significantly enriched region 

(Meyer and Liu, 2014). Although default thresholds can be used, the alignment metrics and 

depth of sequencing should direct if this needs to be changed. Many peak calling software 

tools exist (> 30), with different implementations and algorithms to identify significant peaks 

(Thomas et al., 2016). These include spatial clustering approaches such as SLICER (Zang et 

al., 2009) and F-Seq (Boyle et al., 2008), while MACS2 (Zhang et al., 2008) and CSAW use 

a sliding window approach throughout a genome to identify peaks (Lun and Smyth, 2016). 

Phase 4 – Normalisation and filtering: After peak calling, normalisation is needed to 

account for differences in sequencing depth across samples which may affect peak widths and 

heights. The first step is to count the reads under each peak by defining peak boundaries. After 

repeating this for all samples, a count matrix similar to RNA-seq exists with samples as 
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columns and genomic regions (peaks) as rows. To help identity outlier samples and removing 

low abundant regions, peaks from all samples can be combined to create a consensus peak set 

(Stark and Brown, 2019). A threshold can be set to remove peaks if they do not appear in a 

particular amount of samples. Also, the fraction of reads in peaks (FRiP) can be calculated 

from the consensus peak set, highlighting samples with low enrichment and thus possible 

outliers (Landt et al., 2012). With the filtered count matrix, normalisation approaches are 

again similar to RNA-seq with options including TMM and RPKM (Meyer and Liu, 2014; 

Stark and Brown, 2019). More specific options include using peak widths, heights, and/or the 

location of the highest point of the peak, which is required for some experimental outcomes 

(Ross-Innes et al., 2012; Wang et al., 2018). 

Phase 5 – Differential comparisons: Further advantages of using a count matrix is the ability 

to use RNA-seq based tools to identify differential chromatin accessibility between samples. 

Packages such as Diffbind combine commonly used DE software (edgeR and DESeq2), 

allowing simple comparisons, or more complex designs requiring features such as blocking 

factors (Stark and Brown, 2019). Differential results generate p-values and fold-changes, 

making it possible to infer open and closed states of chromatin from any protocol. However, 

this can potentially introduce some bias from what the protocol captures to the distribution of 

fold-changes. For example, FAIRE-seq and ATAC-seq were designed to identify open 

chromatin, while MNase-seq identifies closed chromatin (Tsompana and Buck, 2014). 

Phase 6 – Peak annotation: The annotation of significant peaks requires their overlap with 

known biological features such as promoters, introns, intergenic regions, TSSs and TTSs. 

Different annotating options exists that can give conflicting results, especially with large 

peaks that overlap more than one feature. For example, underlying software will allow you to 

select which part of the peak to use (left, right, or middle) that is associated to or overlaps the 

closest feature (Zhu et al., 2010). This is a known challenge, especially when the peak covers 
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multiple features, or the significant region contains more than one identifiable peak (Salmon-

Divon et al., 2010). Often highly significant peaks are viewed in a genome browser and 

adjusted accordingly. However, common analyses identify hundreds or thousands of peaks, 

and viewing each annotation isn’t realistic. Therefore, in many outcomes a small percent of 

annotated peaks are likely false-positives. Annotating software includes ChIPpeakAnno (Zhu 

et al., 2010), Homer (Heinz et al., 2010) and GREAT (McLean et al., 2010). 

In humans, < 2% of the genome is encoded with protein coding genes (Lander et al., 2001), 

often resulting in many peaks being assigned to unannotated intergenic regions. Initially, these 

intergenic regions were labelled ‘junk DNA’ (Wong et al., 2000), but have continuously been 

associated with a range of non-coding regulatory features such as enhancers, silencers and 

insulators (Kolovos et al., 2012; Thurman et al., 2012). Features are often highly associated 

with specific cell lines and tissues, and therefore cannot be included in a general analysis (Gao 

et al., 2016). To overcome this, specific databases, methods and software exist containing 

experimentally validated and in silico predicted features that can be compared against. 

Databases include EnhancerAtlas (Gao et al., 2016) and VISTA (Visel et al., 2006), while 

software and methods from (Huang et al., 2019) and (Doni Jayavelu et al., 2018) can identify 

silencers and enhancers, predominantly within intergenic regions. 

Phase 7 – Motif identification and annotation: The underlying regions from significant 

peaks can also be inspected for putative transcription factor (TF) binding sites. Regions can 

be scanned and either compared against online databases to identify ‘known’ TF motifs, or 

novel binding sites can be discovered from de novo approaches. Software includes MEME 

(Bailey et al., 2009), Homer (Heinz et al., 2010) and CompleteMotif (Kuttippurathu et al., 

2011). A limitation to de novo discovery is during the annotation step, where predicted TFs 

are assigned based on the closest match to internal lists. To help confirm these annotations 

(which are often biased or restricted based on the underlying lists), motifs of interest should 
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be compared to find overlapping matches from multiple online databases such as JASPAR 

(Mathelier et al., 2014), TRANSFAC (Matys et al., 2006) and UniPROBE (Newburger and 

Bulyk, 2009). 

Phase 8 – Biological analysis: Once peaks have been annotated to their nearest genomic 

feature and putative TFs identified, their biological interpretation can be further examined 

using pathway and gene set enrichment analyses as outlined in the transcriptomics section 

(Phase 5 – Differential expression and biological analysis). 
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Figure 1.9: Bioinformatic analysis of chromatin accessibility data 
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to a reference genome to identify regulatory regions of chromatin.  Phase 3) Peak calling 

is performed in three steps. First, 5’ and 3’ tags are shifted or merged together to identify 

specific regions. The second step involves defining what constitutes the background or non-

significant data. The final step defines peaks widths and fold-changes relative to a 

background signal.  Phase 4) Filtering peaks that either only appear in a limited number of 

samples or are comprised of minimal reads are removed. This helps when normalising for 

differences in library size. Normalisation methods are based on RNA-seq and can include 

peak widths and their heights. Relative log expression (RLE) plots are useful to visualise 

which method is best suited to a particular dataset.  Phase 5) Software allowing the 

comparison of experimental conditions are based on RNA-seq methods but can identify 

regions of open and closed chromatin relative to each condition.  Phase 6) Significant peaks 

or peaks of interest can be annotated based on their proximity to genomic features such as 

enhancers, promoters, introns and exons.  Phase 7) Motifs can be searched for within 

selected peaks, identifying binding sites for putative transcription factors.  Phase 8) Genes 

from associated peaks and/or transcription factors can be examined for their biological 

significance through pathway analysis, gene set enrichment and gene-to-gene interactions. 
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1.4. Thesis summary 

1.4.1. Overview 

Chlamydia trachomatis is an obligate intracellular bacterial pathogen with multiple disease 

outcomes in humans. Due to the experimental barriers created by its intracellular 

developmental cycle, genomic manipulation until recently has been minimal and remains 

restrictive, limiting our knowledge of infection-based biological processes. This thesis details 

bioinformatic analyses of multiple novel next generation sequencing datasets, examining the 

host epithelial cell response to C. trachomatis using in vitro models of infection over different 

time courses. All Results chapters were designed to be exploratory analyses, providing new 

methods to explore disease mechanisms and ultimately their applicability for further use in 

more advanced settings, such as in vivo models and ex vivo clinical samples. 

 

1.4.2. Chapter summary and knowledge gaps 

Chapter 3 – Examining chromatin accessibility dynamics 

Through the use of Formaldehyde-Assisted Isolation of Regulatory Elements (FAIRE-seq), 

chromatin accessibility of open and closed regions of DNA was identified from host cells. 

Two conditions of infected and mock-infected cells were examined to distinguish infection-

relevant responses. Four key time points throughout the development cycle were examined 

(1, 12, 24 and 48 hours), with three biological replicates for each condition. This study is 

among a small number of chromatin accessibility studies examining bacterial infections and 

the first examining host responses to chlamydial infection. Analyses identified both conserved 

and distinct temporal changes genome-wide. Differentially accessible chromatin regions were 

linked to genomic features and genes associated with metabolism, apoptosis, intracellular 
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signalling, cell-cell adhesion, re-direction of host cell nutrients and immune responses. 

Transcription factors within the same regions across the developmental cycle identified 

different Krüppel-like-factors (KLFs) which are ubiquitously expressed in reproductive 

tissues and associated with a variety of uterine pathologies; identifying a novel association 

with chlamydial infection. 

Chapter 4 – Exploring cellular heterogeneity from individually infected host cells 

The transcriptional responses from individually infected host cells were captured using single 

cell RNA-seq (scRNA-seq). This pilot dataset provided a more detailed resolution than 

traditional bulk RNA-seq approaches that average expression over many cells. 264 cells were 

captured and equally divided into infected and mock-infected cells from three early infection 

associated time points (3, 6 and 12 hours). This study is among a small number of scRNA-

seq experiments examining bacterial infections and the first examining host responses to 

chlamydial infection. Analyses highlighted infection-specific host cell biology, including two 

distinct clusters separating 3 hour cells from 6 and 12 hours, confirming that host-cell 

responses to infection can be distinguished by time. Pseudotime analysis identified a possible 

infection-specific cellular trajectory for Chlamydia-infected cells, and differential expression 

identified temporally expressed genes involved with cell cycle regulation, innate immune 

responses, cytoskeletal components, lipid biosynthesis and cellular stress. Overall, this pilot 

dataset and analyses highlighted the complex nature of infections, providing considerations 

for future single-cell-based experiments. 

Chapter 5 – Examining different MOIs and depletion methods 

This chapter captured host and chlamydial transcripts from two time points (1 and 24 hours) 

using RNA-seq. Within each time point, three MOIs (0.1, 1 and 10) were generated. Within 

each condition, six biological replicates were used, with three subjected to rRNA depletion 

and three subjected to rRNA depletion plus the depletion of polyadenylated transcripts. This 
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study is amongst a growing number of host-pathogen RNA-seq analyses and the second 

examining chlamydial infection. It also belongs to limited group of research examining MOIs 

and depletion methods, particularly in chlamydial research. Analyses identified that combing 

depletion methods increases the capture rate of chlamydial transcripts, but impacts host-cell 

expression. When the MOI is increased to 10, sequence capture rates significantly increase at 

both times, and are more beneficial for capturing chlamydial transcripts. Comparative 

analysis between MOIs show increased expression of inflammatory and immune-based genes, 

while chlamydial expression is more dynamic relative to the developmental stage. Overall, 

this work will help influence future NGS-based experimental designs by increasing capture 

rates and highlighting the impact different MOIs have, whereby achieving more specific 

infection-related biological outcomes. 
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2.1. Laboratory-based methods and materials 

2.1.1. Chlamydial tissue culture and infections 

Human epithelial type 2 (HEp-2) cells (American Type Culture Collection, ATCC No. CCL-

23) were grown as monolayers in 6 x 100 mm tissue culture dishes until cells were 90% 

confluent. To harvest EBs for the subsequent infections, additional monolayers were grown 

and infected with C. trachomatis serovar E in sucrose phosphate glutamate (SPG) as 

previously outlined (Tan et al., 2009). The resulting EBs and cell lysates were then harvested 

and used to infect new HEp2 monolayers. 

Infections for each dataset used the previously prepared HEp2 monolayers, infecting with C. 

trachomatis serovar E in 3.5 mL SPG buffer as previously described (Tan et al., 2009); using 

centrifugation to synchronise infections. The ratio of EBs was 1:1 (MOI 1) for the FAIRE-

seq and scRNA-seq samples, whereas bulk-RNA-seq samples contained three different MOIs 

(0.1, 1 and 10). Mock-infected samples were generated using the same HEp-2 monolayers 

without the presence of any EBs. To remove non-viable or dead EBs, each sample was 

incubated at 25ºC for 2 hours, and washed twice in SPG. Cell monolayers were incubated at 

37ºC with 5% CO2, including the addition of 10 ml of fresh medium (DMEM+10% FBS, 25 

g/ml gentamycin, 1.25 g/ml Fungizone). After each infection time point, the infected and 

mock-infected dishes were harvested by scraping and resuspending in 150 l sterile PBS. 

Resuspended samples were stored at 80°C. 
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2.1.2. Library preparation and sequencing 

The detailed methods for each sequencing approach applied in this thesis (FAIRE-seq, 

scRNA-seq and bulk RNA-seq) are available from each chapter. All sequencing and library 

preparations were performed at the Genome Resource Center, Institute for Genome Sciences, 

University of Maryland School of Medicine. 

2.1.2.1. FAIRE-seq 

Infected and mock-infected samples were prepared by crosslinking with formaldehyde, 

followed by cell lysis and sonication to generate an average DNA fragment size of 

approximately 300-400 bp. Phenol-chloroform extraction separated cross-linked DNA 

(representing fragments of open chromatin) to the aqueous layer, which were then extracted 

and purified; all steps were performed as previously described (Simon et al., 2012). Libraries 

were prepared in triplicate from infected and mock-infected samples at 1, 12, 24 and 48 hours, 

using the Illumina TruSeq Sample Prep kit. The subsequent libraries were sequenced on an 

Illumina HiSeq2000 using the 100 bp paired-end protocol. 

2.1.2.2. scRNA-seq 

Single cells were obtained from monolayers grown to 3, 6 and 12 hours, from both infected 

and mock-infected conditions. Single cells were isolated and collected using the C1 Single-

Cell Auto Prep IFC microfluidic chip (Fluidigm). A balanced design was applied across three 

96-well plates, with each plate comprising all three time points and both conditions. Each 

plate contained the same design, but in different configurations, to minimise any plate or 

experiment-related confounding effects. Libraries were constructed using Illumina’s Nextera 

XT library prep kit per the recommended Fluidigm protocol and were sequenced on an 

Illumina HiSeq 4000, using the 150 bp paired-end protocol. 
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2.1.2.3. Dual RNA-seq 

Two kits were used simultaneously (Human/Mouse/Rat and Gram-negative) to deplete 

samples of both human and gram-negative bacterial rRNA. Each sample was equally 

separated, with one half further subjected to poly-A depletion. This removed host-derived 

poly-A transcripts, thus enriching samples for bacterial transcripts. Magnetic beads were used 

to bind to poly-A mRNAs and were extracted from the solution with a magnet. The mRNA 

libraries were prepared from depleted samples at 1 and 24 hours post infection, using the 

TruSeq RNA Sample Prep kit. The resulting libraries were sequenced on an Illumina 

HiSeq2000 using the 100 bp paired-end protocol. 

 

2.2. Bioinformatic methods 

Each of the three experimental chapters contain detailed bioinformatic analysis specific to 

their sequencing approach and can be referred to separately for the full analyses. The 

following subsections contain bioinformatic analysis overlapping all three sequencing 

approaches, highlighting different software and the underlying methods across common steps.  

With the ever-increasing amount of tools available for each task, software packages were 

chosen based on the following criteria: 1) good documentation with examples; 2) 

reproducibility; and 3) is consistently being updated. 
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2.2.1. Quality control 

FastQC (Andrews, 2010) was used to check the quality of raw sequencing reads, in addition 

to confirmation of the removal of adaptors, low quality reads and other sequencing-based 

metrics. FastQ Screen (Wingett and Andrews, 2018) was used to align the trimmed reads 

against a pre-selection of indexed genomes, looking for sources of contamination. This 

highlighted the 3 hour mock-infected cells from scRNA-seq, which aligned to Escherichia 

coli and Mus musculus genomes. 

Throughout each of the quality control steps and subsequent analysis outlined below, 

MultiQC (Ewels et al., 2016) was used to collate output from software into single reports. 

This was especially useful for scRNA-seq with over 300 cells, bulk RNA-seq (32 replicates) 

and FAIRE-seq (24 replicates). 

 

2.2.2. Mapping and feature counting 

Both the scRNA-seq and bulk RNA-seq datasets were generated from sequenced transcripts, 

allowing the same underlying mapping and feature counting software to be used. Mapping 

the transcripts to the human genome was completed with the splice-aware aligner STAR 

(Dobin et al., 2013), allowing alternatively spliced transcripts to be aligned correctly. In 

addition, the bulk RNA-seq dataset required alignment of transcripts to the chlamydial 

genome. As bacteria including Chlamydia do not typically undergo alternative splicing-based 

mechanisms to their operonic structures, the non-splice-aware aligner Bowtie2 (Langmead 

and Salzberg, 2012) was used. FeatureCounts (Liao et al., 2014) was used to count the aligned 

transcripts within genomic features (genes), discarding transcripts that aligned to more than 

one gene, or aligned within an area where two or more genes overlapped. 
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Sequenced open chromatin fragments from FAIRE-seq were aligned to the human genome 

using Bowtie2 (Langmead and Salzberg, 2012), as alternative splicing events are not able to 

be determined. Annotation was performed with Homer (Heinz et al., 2010), providing a range 

of genomic features that included promoters, introns, exons, and intragenic regions. To 

identify enhancers, intragenic regions were uploaded to two online databases, dbSuper (Khan 

and Zhang, 2015) and Enhancer atlas (Gao et al., 2016); both containing experimentally 

validated enhancers from HeLa cells (S3 and S4). 

 

2.2.3. Filtering, normalisation and confounding effects 

The majority of NGS experiments capture DNA and RNA fragments from an entire genome. 

The challenge is identifying key biological signals from background signals, such as low 

expressed genes that can disrupt the underlying statistical models (Chen et al., 2016). To 

reduce the background signal, genomic regions/genes or are discarded if the number of 

aligned reads are less than a pre-determined threshold. To further increase statistical power, 

confounding effects that include variability in the library sizes, are identified and significantly 

reduced or removed. 

Counted features from the scRNA-seq dataset were stored in a count matrix containing rows 

of genes and columns representing each cell. Filtering lowly expressed genes (counts needed 

to be greater than zero in four or more cells) reduced the number of genes from 58k to 23k. 

To normalise the variation in library sizes, the single cell specific deconvolution method from 

Scran (Lun et al., 2016) was used. Next, a custom filter was created to remove low quality 

cells, consisting of four steps: 1) total mapped reads should be greater than 1,000,000;  2) 

total features greater than 5,000;  3) expression from mitochondrial genes less than 20% 

(identifying stressed and damaged cells (Zhao et al., 2002)); and  4) expression from rRNA 
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genes less than 10% (confirming rRNA removal was successful). RUVSeq (Risso et al., 2014) 

was then used to remove confounding effects resulting from sequencing different batches of 

cells and other biological factors, such as the cell cycle. 

In the bulk RNA-seq dataset, human and chlamydial reads were separated by time point due 

to vast differences in library sizes between MOIs 0.1 and 10. The human count matrix was 

filtered using genefilter (Gentleman et al., 2018) ensuring that expression was greater than 50 

in at least 3 replicates (reduced to 15k genes at 1 hour and 10k genes at 24 hours). The 

chlamydial count matrix containing only ~1,000 genes had a more relaxed filtering condition 

with expression above 10 in at least 3 replicates (reduced to 457 genes at 1 hour and 986 genes 

at 24 hours). To normalise for differences in library size, the trimmed mean of M-values 

(TMM) method (Robinson and Oshlack, 2010) was used for both species. 

In the FAIRE-seq dataset, aligned reads corresponded to peaks representing areas of open 

chromatin. MACS2 (Zhang et al., 2008) was used to highlight statistically significant enriched 

genomic regions (peaks) genome-wide. Peaks from each time point were grouped, creating 

four consensus peak sets, each with six samples. Low abundant peaks were removed if they 

did not appear in at least two replicates. Further ‘low coverage’ peaks were removed if they 

contained < 3 mapped reads after normalising for library size. 

 

2.2.4. Differential comparisons 

All three experimental designs were created to identify infection-specific mechanisms by 

comparing an infected condition against an equivalent mock-infected condition. 

The scRNA-seq comparisons examined differences between infected and mock-infected cells 

at 6 and 12 hours, but not 3 hours due to the loss of the mock-infected cells. In addition, 

comparisons between the two main clusters of cells (as identified through unsupervised 
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clustering) were also examined. Due to the limitation that differential expression software for 

single-cell data only allow for basic comparisons (i.e. cluster A vs cluster B), edgeR 

(Robinson et al., 2010) (predominantly used for bulk RNA-seq) was used, allowing for more 

complex experimental designs to be incorporated. With guidance from one of the developers 

(Professor Gordon Smyth, Walter and Eliza Hall Institute of Medical Research), a model was 

created comparing the two main clusters that took into consideration infected and mock-

infected cells, and the absence of the 3 hour mock-infected cells. 

To compare differences across MOIs from the bulk RNA-seq dataset, edgeR (Robinson et al., 

2010) was also used. To increase the statistical significance by using all six replicates at each 

MOI, the depletion methods were added as a blocking factor to each comparative model. 

Using the consensus peak sets from the FAIRE-seq dataset, differential comparisons between 

infected and mock-infected peaks were identified using the inbuilt DESeq2 method from 

within Diffbind (Stark and Brown, 2011). Although DESeq2 was developed for RNA-seq 

experiments, the underlying count matrix was designed in a similar format allowing 

comparisons to be made; with columns as individual replicates, rows as genomic features, 

and populated with the number of aligned fragments. Positive fold changes therefore 

correspond to an increase in open chromatin, and negative fold changes to a decrease in open 

chromatin. 

 

2.2.5. Figure creation and manipulation 

Base R and GGplot2 (Wickham, 2009) were used to create the majority of graphs and related 

graphical output. Other numerical-based figures were created using R-based packages, for 

example PCA and volcano plots from PCAtools (Blighe and Lewis, 2018), and heatmaps 

from Pheatmap (Kolde, 2011). 
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Adobe Photoshop and Illustrator CC were used to create and manipulate individual figure 

components, including lifecycle diagrams and genomic annotation. Illustrator was used as the 

underlying tool to organise and collate sub-elements for each main figure. 

 

2.2.6.  Computational resources 

All raw files, quality control steps, mapping, and other analysis that required extensive 

computational resources, were run on the ARCLab high performance computing cluster 

operated by the University of Technology Sydney. The underlying nodes were built on 

various distributions of RedHat Linux, with the majority of bioinformatic-based software 

installed using Bioconda (Grüning et al., 2018) where available. The Intersect 

(https://intersect.org.au) cloud-based data repository ‘SpaceShuttle’ was used to store all raw 

and processed files, using Aspera (https://asperasoft.com) for file transfers. 
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3.1. Abstract 

Chlamydia are Gram-negative, obligate intracellular bacterial pathogens responsible for a 

broad spectrum of human and animal diseases. In humans, Chlamydia trachomatis is the most 

prevalent bacterial sexually transmitted infection worldwide and is the causative agent of 

trachoma (infectious blindness) in disadvantaged populations. Over the course of its 

developmental cycle, Chlamydia extensively remodels its intracellular niche and parasitises 

the host cell for nutrients, with substantial resulting changes to the host cell transcriptome and 

proteome. However, little information is available on the impact of chlamydial infection on 

the host cell epigenome and global gene regulation. Regions of open eukaryotic chromatin 

correspond to nucleosome-depleted regions, which in turn are associated with regulatory 

functions and transcription factor binding.  

We applied Formaldehyde-Assisted Isolation of Regulatory Elements enrichment followed 

by sequencing (FAIRE-seq) to generate temporal chromatin maps of C. trachomatis-infected 

human epithelial cells in vitro over the chlamydial developmental cycle. We detected both 

conserved and distinct temporal changes to genome-wide chromatin accessibility associated 

with C. trachomatis infection. The observed differentially accessible chromatin regions, may 

help shape the host cell response to infection. These regions and motifs were linked to 

genomic features and genes associated with immune responses, re-direction of host cell 

nutrients, intracellular signalling, cell-cell adhesion, extracellular matrix, metabolism and 

apoptosis. 

This work provides another perspective to the complex response to chlamydial infection, and 

will inform further studies of transcriptional regulation and the epigenome in Chlamydia-

infected human cells and tissues. 
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3.2. Introduction 

Members of the genus Chlamydia are Gram-negative, obligate intracellular bacterial 

pathogens responsible for a broad spectrum of human and animal diseases (Schachter et al., 

1973). In humans, Chlamydia trachomatis is the most prevalent bacterial sexually transmitted 

infection (STI) (Reyburn, 2016), causing substantial reproductive tract disease globally 

(Menon et al., 2015), and is the causative agent of trachoma (infectious blindness) in 

disadvantaged populations (Burton, 2007). All members of the genus exhibit a unique 

biphasic developmental cycle where the non-replicating infectious elementary bodies (EBs) 

invade host cells and differentiate into replicating reticulate bodies (RBs) within a membrane-

bound vacuole, escaping phagolysomal fusion (Fields and Hackstadt, 2002). Chlamydia 

actively modulates host cell processes to establish this intracellular niche, using secreted 

effectors and other proteins to facilitate invasion, internalisation and replication, while 

countering host defence strategies (Betts-Hampikian and Fields, 2010; Dautry-Varsat et al., 

2004). At the end of the developmental cycle, RBs condense into EBs, which are released 

from the host cell by lysis or extrusion to initiate new infections (Hybiske and Stephens, 

2007). 

Bacterial interactions with mammalian cells can induce dynamic transcriptional responses 

from the cell, either through bacterial modulation of host cell processes or from innate 

immune signalling cascades and other cellular responses (Alonso and Garcia-del Portillo, 

2004; Brunham and Rey-Ladino, 2005; Ribet and Cossart, 2015). In addition, effector 

proteins specifically targeting the nucleus (nucleomodulins) can influence cell physiology and 

directly interfere with transcriptional machinery including chromatin remodelling, DNA 

replication and repair (Bierne and Cossart, 2012). Host cell epigenetic-mediated 

transcriptional regulatory changes, including histone modifications, DNA methylation, 

chromatin accessibility, RNA splicing, and non-coding RNA expression (Bierne et al., 2012; 
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Grabiec and Potempa, 2018; Hamon and Cossart, 2008) may also be arbitrated by bacterial 

proteins and effectors. Consistent with host cell interactions with other bacterial pathogens, 

C. trachomatis infection alters host cell transcription over the course of its developmental 

cycle (Humphrys et al., 2013) and may also modulate the host cell epigenome. For example, 

NUE (NUclear Effector), a C. trachomatis type III secreted effector with methyltransferase 

activity, enters the host nucleus and methylates eukaryotic histones H2B, H3 and H4 in vitro 

(Pennini et al., 2010). However, the ultimate gene targets of NUE activity or the affected host 

transcriptional networks are uncharacterised, as is the influence of chlamydial infection on 

the host cell epigenome in general. 

Genetic information in eukaryotes is compactly organised within the nucleus of each cell in 

highly ordered structures composed of DNA and proteins, designated chromatin. Cellular 

processes occur when chromatin fibres become less condensed, providing areas of open 

chromatin which allow transcription to proceed. Areas of open chromatin are associated with 

active DNA regulatory elements, including promoters, enhancers, silencers, and insulators. 

Chromatin accessibility is also relevant to alternative splicing, alternative promoter usage and 

alternative polyadenylation, where different forms of RNA are generated from the same gene 

(Reyes and Huber, 2018). Thus, the underlying structures (introns, exons, TSS and TTS) can 

be differentially used and thus differentially accessed. To examine the impact of chlamydial 

infection on host cell chromatin dynamics, we applied FAIRE-seq (Formaldehyde-Assisted 

Isolation of Regulatory Elements sequencing) (Simon et al., 2012) to C. trachomatis-infected 

HEp-2 epithelial cells and time-matched mock-infected cells, spanning the chlamydial 

developmental cycle (1, 12, 24 and 48 hours post infection). FAIRE protocols rely on the 

variable crosslinking efficiency of DNA to nucleosomes by formaldehyde, where 

nucleosome-bound DNA is more efficiently crosslinked. DNA fragments that are not 

crosslinked are subsequently enriched in the aqueous phase during phenol-chloroform 
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extraction. These fragments represent regions of open chromatin, which in turn can be 

associated with regulatory factor binding sites. In FAIRE-seq, libraries are generated from 

these enriched fragments, followed by sequencing and read mapping to a reference genome 

(Simon et al., 2012), allowing patterns of chromatin accessibility to be identified (Giresi et 

al., 2007). We identify infection-responsive changes in chromatin accessibility over the 

chlamydial developmental cycle, and identify several candidate host transcription factors that 

may be relevant to the cellular response to chlamydial infection. 

 

3.3. Methods 

3.3.1. Cell culture, infection and experimental design 

HEp-2 cells (American Type Culture Collection, ATCC No. CCL-23) were grown as 

monolayers in 6 x 100mm TC dishes until 90% confluent. Monolayers were infected with C. 

trachomatis serovar E in sucrose-phosphate-glutamate (SPG) as previously described (Tan et 

al., 2009). Additional monolayers were mock-infected with SPG only. The infection was 

allowed to proceed 48 hours prior to EB harvest, as previously described (Tan et al., 2009). 

C. trachomatis EBs and mock-infected cell lysates were subsequently used to infect fresh 

HEp-2 monolayers. Fresh monolayers were infected with C. trachomatis serovar E in 3.5 mL 

SPG buffer for an MOI ~ 1 as previously described (Tan et al., 2009), using centrifugation to 

synchronize infections. Infections and subsequent culture were performed in the absence of 

cycloheximide or DEAE dextran. A matching number of HEp-2 monolayers were also mock-

infected using uninfected cell lysates. Each treatment was incubated at 25°C for 2h and 

subsequently washed twice with SPG to remove dead or non-viable EBs. 10 mL fresh medium 

(DMEM + 10% FBS, 25 g/ml gentamycin, 1.25 g/ml Fungizone) was added and cell 

monolayers incubated at 37°C with 5% CO2. Three biological replicates of infected and mock-
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infected dishes per time were harvested post-infection by scraping and resuspending cells in 

150 L sterile PBS. Resuspended cells were stored at -80°C. 

We note that the experimental design used here cannot distinguish Chlamydia-mediated 

effects from infection-specific or non-specific host cell responses. Further experiments with 

inactivated Chlamydia or selected gene knock-outs or knock-downs will help to elucidate the 

extent of specific Chlamydia-mediated interference with the host cell epigenome. We also 

note that the use of in vitro immortalized HEp-2 epithelial cells means that, despite their utility 

and widespread use in chlamydial research, the full diversity of host cell responses that are 

likely to be found within in vivo infections will not be captured. 

 

3.3.2. FAIRE enrichment and sequencing 

Formaldehyde-crosslinking of cells, sonication, DNA extraction of FAIRE-enriched fractions 

and Illumina library preparation was performed as previously described (Simon et al., 2012). 

Libraries were prepared in triplicate from infected and mock-infected samples at 1, 12, 24 and 

48 hours (24 samples), using the Illumina TruSeq Sample Prep kit, and were sequenced on 

the Illumina 2500 platform (101 bp paired-end read protocol) at the Genome Resource Centre, 

Institute for Genome Sciences, University of Maryland School of Medicine. Sequence data is 

available from the NCBI GEO archive GSE132448. 

 

3.3.3. Bioinformatic analyses 

Raw sequencing reads were trimmed and quality checked using Trimmomatic (0.36) (Bolger 

et al., 2014) and FastQC (0.11.5) (Andrews, 2010). Trimmed reads were aligned to the human 

genome (GRCh 38.87) using Bowtie2 (2.3.2) (Langmead and Salzberg, 2012) with additional 
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parameters of ‘no mismatches’ and ‘–very-sensitive-local’. Duplicate reads were removed 

using Picard tools (2.10.4) (Wysoker et al., 2017). Additional replicate quality control was 

performed using deepTools (2.5.3) (Ramírez et al., 2014) and in-house scripts. 

Peak calling of open chromatin regions was performed using MACS2 (2.1.1) (Zhang et al., 

2008) in paired-end mode, with additional parameters of ‘–no-model –broad –q 0.05’ and 

MACS2 predicted extension sizes. Care was taken to ensure parameters were best suited for 

FAIRE-seq data, particularly as peaks are generally broader than other methods as well as 

exhibiting a slightly higher background signal (Tsompana and Buck, 2014). All replicates 

were called separately, with significant peaks determined against the software-predicted 

background signal. Any peaks that fell within ENCODE blacklisted regions (regions 

exhibiting ultra-high signal artefacts) (Kundaje, 2016), or were located on non-standard 

chromosomes such as (ChrMT and ChrUn) were removed. 

Consensus peak sets were created by combining significant peaks from the infected and 

mock-infected replicates for each time using Diffbind (Ross-Innes et al., 2012). Peaks were 

removed if they appeared in less than two replicates. Reads were counted under each peak 

within each consensus peak set; the resulting read depths were normalised to their relative 

library sizes. The resulting count matrices from each consensus peak set were used to look at 

the differences in chromatin accessibility between infected and mock-infected replicates at 

each time using the built in DESeq2 method of Diffbind (FDR < 0.05). This created a list of 

differential chromatin accessible regions with fold-changes relative to the mock-infected 

conditions. Although the FAIRE protocol only detects open chromatin regions, corresponding 

patterns of closed chromatin to be identified from regions with negative fold-changes. 

Annotation of the set of differential chromatin accessible regions was performed with Homer 

(v4.9) (Heinz et al., 2010) and separated into three main categories: Intragenic, Promoter and 

Intergenic. Intergenic: located >1kbp upstream of the transcriptional start site (TSS), or 
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downstream from the transcription termination site (TTS); Promoter: located within 1kb 

upstream or 100bp downstream of the TSS (all promoter regions taken from RefSeq); and, 

Intragenic: annotated to a 3’UTR, 5’UTR, intron, exon, TTS, miRNA, ncRNA or a 

pseudogene. When regions overlapped multiple features, the resulting annotation was ordered 

by promoter, intragenic feature, then intergenic regions. To identify enhancers, all intergenic 

regions were compared against enhancer regions from HeLa cells using Hacer (Wang et al., 

2018), Enhancer-atlas (Gao et al., 2016) and dbSuper (Khan and Zhang, 2016). The use of 

Hacer allowed enhancers from ENCODE and FANTOM5 to also be used. All enhancer 

regions were converted from hg19 to hg38 using the UCSC LiftOver tool (Hinrichs et al., 

2006). 

Motif analysis was performed with Homer (Heinz et al., 2010). Target sequences were regions 

with significant differential chromatin accessibility as identified by DESeq2, while the 

number of background sequences were software-determined randomly selected regions 

throughout the human genome (excluding target regions and normalised for GC content). 

Additional parameters included using a hypergeometric distribution, searching for motifs 

between 8-16 bp long and allowing for four mismatches as recommended by the software. To 

confirm motif significance within the 120 conserved regions, the number of background 

sequences was varied, and only motifs that appeared across a consensus of values were used. 

Motif enrichment was also performed with Homer (Heinz et al., 2010), followed by filtering 

and assessment of human tissue specificity of the enriched transcription factors (TF). Time-

specific TFs filtering was controlled by p-value < 0.01 and >5% of target sequences, due to 

the large number of results. From the 120 conserved regions, TFs were filtered based on a p-

value < 0.05, due to the lower number of input regions and resulting hits. For significant de 

novo TFs, motif matrices were compared against the Jaspar (Khan et al., 2018) and TomTom 
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(Gupta et al., 2007) databases, where enriched TFs were discarded unless the Homer 

annotation matched top hits in either database, and were also human-tissue specific. 

All identified TFs from the conserved and time-specific regions were examined against 

relevant gene expression data to ensure that each TF is expressed in HEp2 cells (unpublished 

data). To confirm their relevance during infection, TF expression was also examined across a 

range of different times (0.5, 1.5, 3, 6, 12, 24, 30 and 48 hours), cell lines (HEp2, HeLa and 

endocervical) and across different C. trachomatis-based infection models (Ohmer et al., 2019; 

Xiang et al., 2019; Zadora et al., 2019) and (unpublished data). 

To identify lncRNAs (long non-coding RNA) affecting cell growth and proliferation in HeLa 

cells, supplementary data was obtained from (Liu et al., 2018) . To confirm suitable 

candidates, genes with a screen score > 2 were kept, as outlined in their methods. 

The annotation of small groups of genes or singular genes was performed manually through 

numerous online databases including NCBI (Ncbi Resource Coordinators, 2016), Uniprot 

(The UniProt Consortium, 2016), WikiGenes (Hoffmann, 2008) and GeneCards (Stelzer et 

al., 2016). Genes were annotated this way as pathway analyses are typically designed to work 

with large gene lists and when run with low numbers of genes, pathway-associated p-values 

were generally not significant or the results were biased on subsets of specific genes. Gene 

Ontology analysis was performed on the 48-hour time-specific differential chromatin regions 

due to a higher number of input genes. The underlying bioinformatic code used to analyse the 

data throughout this manuscript can be viewed here: 

https://github.com/reganhayward/Manuscripts-code. 
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3.4. Results and Discussion 

3.4.1. Chromatin accessibility landscapes of Chlamydia-infected 
and mock-infected cells 

We applied FAIRE-seq to C. trachomatis serovar E-infected and mock-infected human HEp-

2 epithelial cells in triplicate at 1, 12, 24, and 48 hours post-infection (hpi). Following initial 

quality control measures, a single C. trachomatis-infected replicate was identified as an 

outlier and was removed from further analysis. The remaining replicates were mapped to the 

human genome (GRCh38), resulting in 52,584,839 mapped reads for mock-infected replicates 

and 98,802,927 mapped reads for Chlamydia-infected replicates (151,387,766 in total) (Table 

3.1). 

 

Table 3.1: Summary of mapped reads, separated by time and condition 

  Mock-infected  Infected 

Time  Mean S.D  Mean S.D 

 1 2,603,472 ± 417,306  2,686,613 ± 554,905 

 12 6,328,838 ± 2,952,657  6,437,002 ± 2,511,144 

 24 3,841,611 ± 3,818,015  9,903,858 ± 2,394,999 

 48 6,034,896 ± 1,553,435  14,802,374 ± 8,475,785 

Mapped reads per 
condition 52,584,839    98,802,927  

Total mapped reads    151,387,766  

 

Significant peaks, representing regions of open chromatin, were subsequently identified from 

these mapped reads. Each peak file was examined in IGV to ensure peaks were dispersed 

genome-wide without discernible chromosomal biases (Supplementary File 3.1). The total 
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number of significant peaks from each replicate varied across the examined times and 

conditions, ranging between 1,759 and 17,450 peaks (Figure 3.1A). 

 

 

Figure 3.1: Identifying significant peaks and creating consensus peaksets 

A) Significant peaks per replicate (p-value < 0.05).  B) Consensus peaks were created for each

time by combining significant peaks from Chlamydia-infected and mock-infected conditions, 

retaining peaks which appeared in > 2 replicates.  C) PCA plots demonstrating tight clustering

within each consensus peak set grouping infected and mock-infected replicates. 
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Diffbind (Ross-Innes et al., 2012) was used to group and filter peaks at each time post 

infection by removing regions with low coverage or any regions that were not represented 

across a consensus of replicates (Figure 3.1B). After normalisation for library size, principal 

component analysis (PCA) of the consensus peak sets led to the removal of one further outlier 

at 24 hours (mock-infected). The remaining peak sets exhibit tight clustering between mock-

infected and infected conditions respectively at each time (Figure 3.1C). Total consensus 

peak numbers increased across the chlamydial developmental cycle, independent of the total 

mapped reads over time. 

 

3.4.2. C. trachomatis infection is associated with temporal 
changes to chromatin accessibility in host cells 

We identified genomic regions with significant differences in chromatin accessibility between 

infected and mock-infected conditions throughout the development cycle (FDR<0.05). The 

resulting set of differential chromatin accessible regions identifies both open and closed 

chromatin (relative to mock-infection). The total number of significant differentially 

accessible regions rose over the development cycle, with the number of regions increasing 

(3.6x) from 1 hpi (864) to 48 hpi (3,128) (Figure 3.2A). Open chromatin regions predominate 

over closed chromatin regions at each time (86-99%), suggesting that host cell transcription 

and regulatory activity increases in response to infection. We also find that closed chromatin 

regions increase over time, but at a much lower frequency. This may be related to the 

underlying FAIRE protocol that enriches open chromatin. 

At 12 hours, the number of significant differentially accessible regions was lower (8%), 

compared to the other times (64% at 1 hpi, 43% at 24 hpi and 72% at 48 hpi). The number of 

mapped reads was similar for all 12 hour replicates across conditions, and similar to other 

times, suggesting minimal bias from the variability of the underlying mapped reads (Table 
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3.1) and significant peaks (Figure 3.1A). In addition, each replicate had consistent peak 

coverage across the human genome (Supplementary Figure 3.1). Furthermore, 12 hour peak 

annotation is similar to other times (Figure 3.3B), and the distribution of peaks around the 

TSS are within promoter regions, as also seen at 48 hours (Figure 3.3D). Thus, in the absence 

of any discernible bias, the lower number of significant differentially accessible regions at 12 

hours may reflect a lower efficiency of formaldehyde crosslinking, or that this time in the 

course of chlamydial infection is relatively quiescent. 

 

Figure 3.2: Changes in chromatin accessibility throughout the chlamydial 

developmental cycle 

A) Volcano plots highlighting changes in chromatin accessibility between infected and mock-

infected conditions. Regions of closed chromatin are represented as blue dots, while open 
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chromatin regions are red dots. Peaks unique to a specific time have darker shading.

Percentages above the plots show the proportion of consensus peaks with significant changes 

of chromatin accessibility between conditions (FDR < 0.05).  B) Unique and conserved 

regions of differential chromatin accessibility across the developmental cycle. 

 

120 differentially accessible chromatin regions are common at all examined times (Figure 

3.2B), indicating a conserved response to chlamydial infection-associated events or general 

disruption of cellular homeostasis, irrespective of infection progression. Conversely, unique 

sets of differentially accessible regions are found at each time post-infection, highlighting the 

dynamism of the cellular response to infection over time, particularly at 48 hpi (Figure 3.2B). 

Differential chromatin accessible regions were annotated based on four categories as 

described in the Methods and portrayed in (Figure 3.3A). It should be noted that although 

the enhancer region displayed in the figure is upstream of an associated promoter, they can 

appear anywhere throughout the genome. Enhancers often interact with the promoter region 

of genes through looping of DNA (Figure 3.3A), but can also interact through tracking, 

linking and relocation mechanisms (Khan and Zhang, 2016). Most infection-associated 

differential chromatin accessible regions were annotated to either intergenic or intragenic 

regions (Figure 3.3B). Intergenic regions spanned considerable distances upstream and 

downstream from the closest gene (Figure 3.3C), while enhancers that were identified from 

within these regions appear much closer to the TSS. Intragenic regions were predominantly 

(>90%) annotated to intronic regions (Supplementary File 3.1), consistent with other 

chromatin accessibility studies (Gaulton et al., 2010; He et al., 2014), and the overall 

distribution of protein-coding genes within the human genome (Gregory, 2005). The 

distribution of differential chromatin-accessible regions around TSSs (+/- 5kb) at 12 and 48 

hpi show that many regions are in close proximity to TSSs, with many regions directly 
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upstream. Due to our strict classification of overlapping RefSeq–based promoters (-1,000 to 

100 bp from TSS), we are confident these directly represent infection-specific promoters. At 

24 hpi we also see a large number of regions directly upstream of the TSS, but also an increase 

of regions and variability further up and downstream. At 1 hpi the regions exhibit a slight bi-

modal distribution (Bimodality coefficient 0.67), with fewer regions directly surrounding the 

TSS (Figure 3.3D). The increased number of regions not immediately surrounding TSSs at 1 

and 24 hpi is suggestive of additional regulatory mechanisms such as different transcription 

initiation sites or that differential intron/exon usage may be contributing to or influencing the 

regulatory response to infection-associated events. 

 

 

Figure 3.3: Annotation of significant peaks 

A) Example illustration of annotating significant differential peaks to enhancer, promoter,

intragenic or intergenic regions.  B) Number of peaks per annotated category, separated by
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time.  C) All intergenic peaks plotted based on their proximity to the TSS of the closest gene. 

All enhancers were identified from within these regions and are coloured green.  D) Frequency 

distribution of significant peaks and their proximity to the TSS of their associated genes (+/-

5KB). 

 

3.4.3. Differential chromatin accessibility at promoter regions 

The proportion of all differentially accessible regions mapping to promoter regions is 0.5% 

(4) at 1 hpi, 4.8% (14) at 12 hpi, (1.5% (21) at 24 hpi and (8.5% (265) at 48 hpi (Figure 3.4A). 

Notably, 48 hpi exhibits a >10-fold increase in the number of significant regions compared to 

24 hpi, with the majority of regions showing a reduction in chromatin accessibility, likely 

representing down-regulation of promoter-associated genes (Figure 3.4A). The large number 

of differentially accessible chromatin regions within promoters at 48 hours is a likely 

reflection of the diversity of events occurring at this late stage of the developmental cycle, 

including apoptosis, necrosis, lysis and cellular stress. Associated 48 hpi genes are linked with 

heat-shock stress (DNAJB1, DNAJB5, DNAJC21 and HSPA1B), cell defence (ILF2, 

MAP2K3 and STAT2), and cell stress/apoptosis (ATF3, PPM1B, GAS5, BAG1 and 

TMBIM6). ATP7A, which has a promoter exhibiting an increase in chromatin accessibility, 

is a key regulator of copper transport into phagosomes as part of a host cell response to 

intracellular infection (Hodgkinson and Petris, 2012; Ladomersky et al., 2017). 

Fifteen promoter-specific differentially accessible regions are found at two or more times. 

Two promoter regions are associated with genes encoding sorting nexin 16 (SNX16) and 

oligosaccharyltransferase complex subunit (OSTC) respectively (Figure 3.4B). The promoter 

region of OSTC exhibits increased chromatin accessibility at 24 and 48 hours; OSTC is linked 

to cellular stress responses (Parnas et al., 2015). Conversely, SNX16 shows a reduction in 



Chromatin accessibility dynamics of Chlamydia-infected epithelial cells  

121 

chromatin accessibility at both 1 and 48 hpi. Sorting nexins are a family of 

phosphatidylinositol binding proteins sharing a common PX domain that are involved in 

intracellular trafficking. Sorting nexins are a key component of retromer, a highly conserved 

protein complex that recycles host protein cargo from endosomes to plasma membranes or 

the Golgi (Seaman, 2012). 

 

 

Figure 3.4: Differential chromatin accessibility within promoter regions 
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Heatmaps of significant differential peaks that were annotated to a promoter region.  A) All 

promoter regions from each time post-infection.  B) Promoters overlapping two or more times 

post-infection. Red and blue shading indicates fold-changes, while grey indicates no 

significant peaks.  C) Genes which contained significant differential peaks within a promoter

region and also within one or more intragenic regions. 

 

Retromer is targeted by several intracellular pathogens, including Chlamydia, as a key 

strategy for intracellular survival (Elwell and Engel, 2018). The C. trachomatis effector 

protein, IncE, binds to sorting nexins 5 and 6, disrupting retromer-mediated host trafficking 

pathways (Elwell and Engel, 2018) and potentially perturbing the endolysomal-mediated 

bacterial destruction capacity of the host cell (Paul et al., 2017). However, SNX16 is a unique 

member of this family, containing a coiled-coil domain in addition to a PX domain, and is not 

associated with retromer (Xu et al., 2017). SNX16 is instead associated with the recycling 

and trafficking of E-cadherin (Xu et al., 2017), which mediates cell-cell adhesion in epithelial 

cells, and is associated with a diversity of tissue specific processes, including fibrosis and 

epithelial-mesenchymal transition (EMT) (Schneider and Kolligs, 2015). Separately, C. 

trachomatis infection has been shown to downregulate E-cadherin expression via increased 

promotor methylation, potentially contributing to EMT-like changes (Rajic et al., 2017). 

Thus, downregulation of SNX16, as inferred by the observed reduction in promotor-

associated chromatin accessibility may contribute to chlamydial fibrotic scarring outcomes. 

In other bacterial pathogens, modulation of E-cadherin is a known virulence mechanism 

where it is degraded by proteases, such as HtrA, disrupting tight and adherens junctions to 

facilitate invasion through the epithelial barrier (Backert et al., 2017; Boehm et al., 2018). 

Although chlamydial HtrA has been detected outside the inclusion and in exported blebs (Wu 

et al., 2011), E-cadherin has not yet been identified as a chlamydial HtrA target. Nevertheless, 
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HtrA has been shown to be critical for in vivo chlamydial infections, indicating that this 

functionality may be revealed in the future (Gloeckl et al., 2013). 

All promoter-regulated genes were overlapped with genes containing differentially accessible 

intragenic peaks (Figure 3.4C). Of these 12 genes, only one gene (CSMD3) appeared at more 

than one time point. All genes exhibited regulation at intronic regions apart from DNAJB5 

(involved in heat-stress as indicated above), which exhibited an increase in chromatin 

accessibility at its promoter and TTS. DGKB was the only gene to exhibit regulation at its 

promoter and more than one intronic region, each with decreased chromatin accessibility. 

DGKB is a diacylglycerol kinase that metabolises 1,2,diacylglycerol (DAG) to produce 

phosphatidic acid (PA), a key precursor in the biosynthesis of triacylglycerols and 

phospholipids, and a major signalling molecule (Topham and Prescott, 1999). Chlamydia 

obtains and redirects host-derived lipids through multiple pathways (Yao et al., 2015a), and 

as further identified in the enriched time-specific GO section below. Regulation occurring in 

patterns like these is generally associated with alternative-splicing mechanisms. 

Unfortunately, there is limited annotation of the alternatively-spliced transcripts from these 

genes, particularly in an infection-based setting. Their identification could provide suitable 

targets for follow-up studies, or overlapped with RNA-seq or expression-based studies that 

allow the capture alternative-splicing events and their resulting transcripts/proteins, allowing 

these events to be examined in more detail. 

 

3.4.4. Differential chromatin accessibility from enhancer-
regulated genes 

Changes in chromatin accessibility of regions overlapping tissue-specific enhancers from a 

range of online databases were examined, identifying 316 enhancer and 13 “super-enhancer” 

regulated genes (Figure 3.5A-B). The super-enhancers used are defined as clusters of 
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transcriptional enhancers that drive cell-type-specific gene expression, are crucial to cell 

identity, and can contain disease-associated sequence variations (Hnisz et al., 2013). Each 

enhancer can regulate more than one gene, explaining the substantial increase in the number 

of enhancer-associated genes reported here (Figure 3.5A), compared to just the enhancer 

regions that were reported earlier (Figure 3.3B). The majority of super-enhancers exhibited 

a decrease in chromatin accessibility, and were associated with genes mediating energy 

production (SDHB and CDHC), cell protection (IER3) and the stress-regulated polyubiquitin 

gene UBC (ubiquitin C) (Bianchi et al., 2018), which is discussed in further detail below. 

Only one super-enhancer regulated gene appeared across three times (SGK1 at 1, 12 and 48 

hours) and exhibited an increase in chromatin accessibility. This serum/glucocorticoid 

regulated kinase has been associated with coordinating a range of different cellular processes 

that are crucial to reproductive activities, with deregulation resulting in reproductive disorders 

such as pregnancy loss, infertility and endometriosis (Lou et al., 2017). 

The majority of enhancer regions were identified at 48 hours (78%) and predominantly 

exhibited decreased chromatin accessibility (Figure 3.5A). Enrichment of closed chromatin 

regions identified the biological process “long-chain fatty acid biosynthetic process 

(GO:0042759)” with the greatest significance. Decreased regulation of long-chain fatty acids 

(lauric acid and capric acid) has been shown to be an effective way to inactivate C. 

trachomatis (Bergsson et al., 1998). Reduced expression of other long-chain fatty acids such 

as oleic acid has negative impacts regarding the inclusion membrane, as it cannot be 

synthesised and is directly required from the host (Yao et al., 2015b). 

We also identify the molecular function “type I transforming growth factor beta receptor 

binding (GO:0034713)”. Transforming growth factor beta (TGF- ) is a multifunctional 

cytokine involved with roles in both host defence and immunopathogenesis (Williams et al., 

1996). As a result, TGF-  is regarded as an important signalling marker during and after 
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infection (Sharkey et al., 2012; Ziklo et al., 2019). A reduction in chromatin accessibility at 

enhancer regions regulating many of the underlying genes is surprising, considering the 

universal role that TGF-  plays during infection as previously described. 

Four enhancer-regulated genes were identified (CROCCP2, LA16c-321D4.2, LINC00514 

and RP5-1173A5.1) by overlapping lncRNAs affecting cell growth and proliferation in HeLa 

cells (Liu et al., 2018). All enhancer regions exhibited decreased chromatin accessibility 

(log2FC ranging between -3.3 to -4.6). Due to the lack of annotation of many lncRNAs, 

understanding their specific functions still remains challenging. However, as identified in the 

associated CRISPR-based study, these lncRNAs directly affect the survival of HeLa cells, 

further highlighting the complex nature involved with chlamydial infections, but also 

identifying a novel direction to explore the role of non-coding RNAs as seen in other 

pathogenic bacteria (Duval et al., 2017; Ortega et al., 2014). 
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Figure 3.5: Differential chromatin accessibility within enhancer regions 

Significant differential peaks annotated as intergenic were compared against tissue-specific 

enhancers. A) All enhancer regions across each of the four times.  B) Super-enhancer 

regulated genes. Red and blue shading indicate fold-changes, while grey indicates that no 

significant peaks were associated with that enhancer at that time. Some enhancer regions 

contain more than one peak, explaining why there are multiple fold-changes at some times.

C) Gene Ontology enrichment from the large number of enhancer-associated genes at 48 

hours. 
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3.4.5. Conserved host responses to infection over the chlamydial 
developmental cycle 

Differential chromatin accessible regions that are present at all four times during infection 

demonstrate a conserved host cell response to chlamydial infection (Figure 3.2B). Time-

specific differential chromatin accessibility is also evident over the chlamydial developmental 

cycle (Figure 3.2B). To investigate the conserved host cell response, we focused upon 58 of 

the 120 differential chromatin accessible regions (intragenic, promoter or enhancer regions) 

identified above, excluding the likely ambiguous intergenic regions (Figure 3.6A). 56 were 

within intronic regions, one within a 3’UTR (FECH) and one within a promoter region 

(RPL27A). Only 54 of these 58 significant differentially accessible regions show a decrease 

in overall chromatin accessibility. However, these same regions also exhibit increased 

chromatin accessibility at different intragenic locations at 48 hpi, further highlighting the 

potential for infection-related alternative splicing mechanisms (Figure 3.6A). The remaining 

conserved differentially accessible regions were associated with genes involved in infection-

relevant cellular processes, including C8A as part of the complement cascade, and lipase 

activity from LIPI that is essential for chlamydial replication (Cocchiaro et al., 2008); while 

multiple genes (HDAC2, HNRNPUL1, NCOA7 and YAP1) are known transcriptional 

regulators. We also examined any differential chromatin accessible regions that appeared 

across three times. This identified further effects of infection on the complement cascade. Key 

components of the membrane attack complex (MAC) and complement activation pathways 

exhibit increased differential chromatin accessibility (C8B at 1, 12 and 24 hours and CFHR5 

at 24 and 48 hours). Conversely, C6 exhibits decreased chromatin accessibility at 48 hours. 

All conserved regions were also examined for commonly occurring motifs and their 

associated transcription factors (TFs) to identify potential master-regulators of infection 

(Figure 3.6B). Four TFs were identified (ETS1, POU3F2, TFAP4 and PKNOX1), containing 
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binding sites within 49 different intergenic and intragenic regions. An increase in chromatin 

accessibility (positive fold-changes) was seen at all binding sites and across all time points. 

Functional annotation of the TFs identified that TFAP4 (Transcription Factor AP-4) functions 

as an activator of gene-expression of both cellular and viral genes, that can also form 

functional dimers to control transcriptional networks during cellular differentiation (Hu et al., 

1990). ETS1 (ETS Proto-Oncogene 1, Transcription Factor) also functions as an activator and 

is able to directly control expression levels of cytokine and chemokine genes within a wide 

array of cellular dynamics and contents (Wasylyk et al., 2002; Yordy et al., 2004). 

Interestingly, each of these TFs have highlighted that a large proportion of the binding sites 

fall within un-annotated intergenic regions. Their direct association with infection-based 

mechanisms across all four time points highlights their relevance, and could be interesting 

targets for future studies.  

For each of the four TFs identified above, we isolated significant regions containing the 

associated motif. Regions that overlapped intergenic features were then compared against 

gene expression data to examine expression changes during different infection settings 

(Supplementary Figure 3.2). POU3F2 was unable to be compared as both regions 

overlapped intergenic regions that could not be compared. The comparison of fold changes 

from the remaining three TFs shows a mean decrease in regulation across the 9 different 

datasets, with the greatest changes occurring at 3 hours post infection. Many of the genes do 

exhibit an increase in regulation as described above, but due to the complexities from 

sampling at different time points and from different tissues, the regulation does vary 

considerably. 
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Figure 3.6: Conserved host cell response to infection 
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A) 120 differentially accessible regions found in all four times were extracted, representing a 

conserved host cell response to infection. Intergenic regions were removed due to the

ambiguity of annotating to the closest feature. If a gene contained more than one peak within

a specific time, the different fold changes are split out evenly within the column at that time.

B) Significant motifs, enriched transcription factors (TFs) and associated information based

on the associated chromatin accessibility within these conserved regions. 

 

 

3.4.6. Time-specific host responses to infection over the 
chlamydial developmental cycle 

We identified unique differentially accessible regions across the chlamydial developmental 

cycle (Figure 3.7A). At 1, 12 and 24 hpi, there are a relatively small number of significant 

differential chromatin accessible regions. In contrast, 48 hpi exhibits over 1,400 regions, 

further reflecting the diverse processes associated with the end of the in vitro developmental 

cycle as indicated previously. As mentioned in the conserved section above, we focused on 

differential chromatin accessibility within promoters, enhancers and intragenic regions (50 at 

1 hpi, 17 at 12 hpi, 27 at 24 hpi and 866 at 48 hpi) (Figure 3.7B, Supplementary File 3.2). 

We illustrate the in vitro C. trachomatis developmental cycle into three stages (early, mid and 

late) outlining key biological events, and giving a visual representation of the expected 

biology from the times that were extracted (Figure 3.7C). Due to the limited number of 

differential regions at the first three times, each of the genes were individually annotated 

through multiple online sources and grouped into biological sub-categories. 
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Figure 3.7: Enrichment of time-specific differential chromatin regions 

A) The numbers of significant differential chromatin accessible regions at each time.  B) The 

annotation of each of these regions.  C) The in vitro C. trachomatis developmental cycle 

separated in to three stages, representing known biological events from the times that were 

examined.  D) Annotated time-specific differential chromatin regions associated with 1 hour,

12 hours E), and  24 hours F). Where genes have been grouped into annotated categories,
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multiple underlying sources were used for verification.  G) At 48 hours, a substancial increase

in genes allowed Gene Ontology (GO) enrichment. All three GO categories were enriched,

with the top ten p-values across the categories displayed. 

 

At 1 hpi, increased chromatin accessibility was associated with a variety of genes involved in 

the regulation of host cell defences (CD44, IFNAR1, LGALS8, STAT1, SLA2 and DDAH1), 

transcription and translation (ZNF461, ZNF800, PHF2, RPS13 and SIN3A), the cell cycle 

(NIPBL, CEP57L1 and CMTM4) and BCL2L14 (Apoptosis facilitator Bcl-2-like protein 14) 

a member of the Bcl-2 Family of proteins that are linked to apoptosis (Guo et al., 2001) 

(Figure 3.7D). At 12 hours, four ncRNAs were identified (RPPH1, RN7SK, RN7SL2 and 

RMRP) that are involved in RNA processing, signalling and transcriptional regulation (Baer 

et al., 1990; Egloff et al., 2018; Hermanns et al., 2005; Ullu and Weiner, 1984). The remaining 

genes at 12 hours exhibited decreased chromatin accessibility, encompassing the cell cycle 

and DNA replication (SDCCAG8 and ORC2), and ubiquitination (PJA2 and FBXO46) 

(Figure 3.7E). At 24 hours, all genes were associated with decreased chromatin accessibility 

and were grouped into two sub-categories: cell cycle (WAPL, SMARCB1 and CDC20) and 

energy production (HK1, ACO1 and SLC25A13) (Figure 3.7F). 

 

3.4.7. Increased changes to differential chromatin accessibility 
at the end of the developmental cycle  

With the increased number of differential chromatin regions at 48 hours, GO enrichment was 

performed and separated by regions exhibiting an increase in open chromatin (positive fold-

changes) and regions exhibiting an increase in closed chromatin (negative fold-changes) 

(Figure 3.7G). Significantly enriched ontologies associated with regions of increased 

chromatin accessibility include the ErbB signalling pathway (GO:1901184), which is linked 
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to a wide range of cellular functions including growth, proliferation and apoptosis. ErbB 

transmembrane receptors are also often exploited by bacterial pathogens for host cell invasion 

(Ho et al., 2017). Notably, epidermal growth factor receptor (EGFR), a member of the ErbB 

family, is the target receptor for C. pneumoniae Pmp21 as an EGFR-dependent mechanism 

of host cell entry (Mölleken et al., 2013). The C. trachomatis Pmp21 ortholog, PmpD, also 

has adhesin-like functions (Paes et al., 2018), however the host ligands are unknown. 

Nevertheless, EGFR inhibition results in small, immature C. trachomatis inclusions, with 

calcium mobilisation and F-actin assembly disrupted (Patel et al., 2014), indicating the 

functional importance of EGFR and the ErbB signaling pathway for C. trachomatis 

attachment and development. 

Three enriched biological processes share the term ‘cell-cell adhesion via plasma membrane 

adhesion molecules’ (GO:0098742, GO:0016339 and GO:0007157). Several genes common 

to these categories with infection-responsive differential chromatin accessibility are 

associated with cadherins (CDH4, CDH12, CDH17, CDH20, FAT4 and PTPRD), which are 

calcium-dependent transmembrane glycoproteins associated with the actin cytoskeleton and 

an essential structural component to maintain cells bind together (Wallis et al., 1996). 

Disruption of cadherin function has been described in C. trachomatis infection, and is linked 

to the alteration of adherens junctions and the induction of EMT events that may underlie 

chlamydial fibrotic outcomes (Igietseme et al., 2018; Rajic et al., 2017). Altered chromatin 

accessibility for a further cadherin-relevant locus was apparent in the promoter region of 

SNX16 (see above), suggesting that alteration or disruption of cadherin regulation is a key 

feature of chlamydial infection. The molecular function of snoRNA binding was a surprise 

addition as there is limited information of small nuclear RNA regulation from bacterial 

infections. The lipid-based ontology ‘Membrane lipid biosynthetic process (GO:0030148) 

was also associated with regions of open chromatin. Chlamydia scavenges a range of host-
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cell-derived metabolites for intracellular growth and survival, particularly lipids (Elwell and 

Engel, 2012; van Ooij et al., 2000). 

Significantly enriched ontologies associated with regions of decreased chromatin accessibility 

include the ‘I-Smad (inhibition of Smad) binding, (GO:0070411)’. I-Smads (Inhibitory-

Smads) are one of three sub-types of Smads that inhibit intracellular signalling of TGF-  by 

various mechanisms including receptor-mediated inhibition (Miyazawa and Miyazono, 

2017). This coincides with the appearance of ‘Type 1 transforming growth factor beta 

receptor binding (GO:0034713)’. In addition, four genes (SMAD2, DDX5, SMURF1 and 

SMAD6) are associated with closed chromatin and ‘R-Smad binding (GO:0005814)’, which 

are part of the R-Smad sub-family that regulates TGF-  signalling directly (Attisano and Tuen 

Lee-Hoeflich, 2001; Takimoto et al., 2010). TGF-  induces I-Smad expression, and has been 

hypothesised to be a central component of dysregulated fibrotic processes in Chlamydia-

infected cells, provoking runaway positive feedback loops that generate excessive ECM 

deposition and proteolysis, potentially leading to inflammation and scarring (Humphrys et al., 

2013). 

We also identify over ten genes localised within the cellular component ‘Microtubule 

organising centre (GO:0044450)’. Dynein-based motor proteins have been shown to move 

the chlamydial inclusion via the internal microtubule network to the MTOC (Microtubule-

Organizing Centre); the close proximity to the MTOC is thought to facilitate the transfer of 

host vesicular cargo to the chlamydial inclusion (Grieshaber et al., 2003). 

Two similar ontologies ‘Ubiquitin-like protein ligase binding (GO:0044389)’ and ‘Ubiquitin 

protein ligase binding (GO:0031625)’ are involved in ubiquitination and protein quality 

control. The eukaryotic ubiquitination modification marks proteins for degradation and 

regulates cell signalling of a variety of cellular processes, including innate immunity and 

vesicle trafficking (Zhou and Zhu, 2015). The deposition of ubiquitin onto intracellular 
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pathogens is a conserved mechanism found in a diverse range of hosts (Manzanillo et al., 

2013). In Chlamydia, host cell ubiquitin systems can mark chlamydial inclusions for 

subsequent destruction (Haldar et al., 2016) and there is emerging evidence that various 

Chlamydia species, using secreted effectors and other proteins, are able to subvert or avoid 

these host ubiquitination marks for intracellular survival (Haldar et al., 2016; Misaghi et al., 

2006). Our observation of decreased chromatin accessibility of numerous ubiquitination 

genes, further highlighting the complex role of ubiquitination in chlamydial infection. 

 

3.4.8. Identification of transcription factor binding motifs 

Transcription factor (TFs) binding sites were identified from motifs within the significant 

differential chromatin accessible regions at each time post-infection (Supplementary File 

3.3). Eleven of the most significant TF motifs are shown in (Table 3.2), spanning across the 

development cycle. 

 

Table 3.2: Motifs and enriched transcription factors 

Target sequences are significant differential peaks and background sequences are randomly 

selected throughout the genome to determine significance. A star (*) denotes a de-novo motif 

where various sources were used to annotate the corresponding transcription factor. 

Time Motif P.value

Target 

sequences 

with Motif (%)

Background 

sequences with 

Motif (%)

Transcription 

factor 

1 
 

1e-13 10.53 3.84 IRF3* 

   

24 
 

1e-12 17.45 9.78 Homeobox* 
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48 
 

1e-28 7.67 1.82 Sp1(Zf) 

 
 

1e-22 6.30 1.58 KLF9(Zf) 

 
 

1e-21 7.58 2.40 KLF3(Zf) 

 
 

1e-15 32.58 23.46 MEF2C* 

 
 

1e-13 9.81 4.90 KLF6(Zf) 

 
 

1e-10 6.30 2.87 KLF10(Zf) 

 
 

1e-7 11.06 7.18 KLF5(Zf) 

 
 

1e-7 10.45 6.71 NFYB 

 
 

1e-6 5.37 2.87 E2F3 

 

IRF3 (Interferon Regulatory Factor) motifs are enriched at 1 hpi; IRF3 is a key transcriptional 

regulator of type I interferon (IFN)-dependent innate immune responses and is induced by 

chlamydial infection. The type I IFN response to chlamydial infection can induce cell death 

or enhance the susceptibility of cells to pro-death stimuli (Di Paolo et al., 2013), but may also 

be actively dampened by Chlamydia (Gyorke and Nagarajan, 2018; Sixt et al., 2017). 

Specificity Protein 1 (Sp1) is a zinc-finger TF that binds to a wide range of promoters with 

GC-rich motifs. Sp1 may activate or repress transcription in a variety of cellular processes 

that include responses to physiological and pathological stimuli, cell differentiation, growth, 

apoptosis, immune responses, response to DNA damage and chromatin remodelling (Deniaud 

et al., 2009; Tan and Khachigian, 2009). 

XCPE1 (X Core Promoter Element 1) is an activator-dependent core promoter that drives 

RNA polymerase II transcription. It’s found in approximately 1% of core promoters in human 

genes, particularly in TATA-less promoters (Tokusumi et al., 2007). The heterotrimeric TF 

NFY(CAAT), or “CAAT-binding factor” binds specifically to the human H ferritin promoter 

on the B site. Transcription of the gene is controlled by two promoter elements A and B 
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located upstream of the TSS (Faniello et al., 1999). Element A binds Sp1 and typically 

controls about 50% of transcription. Element B is recognised by the CAAT sequence on the 

non-coding strand, increases transcription in differentiating cells and is also the binding site 

of cAMP signalling (Bevilacqua et al., 1995; Bevilacqua et al., 1997; Bevilacqua et al., 1992). 

The majority of TF motifs enriched at 48 hours correspond to Krüppel-like-factors (KLFs). 

KLFs are zinc-finger TFs in the same family as Sp1, which is also enriched at 48 hours. The 

members of this large family orchestrate a range of paracrine and autocrine regulatory circuits 

and are ubiquitously expressed in reproductive tissues (Simmen et al., 2015). Dysregulation 

of KLFs and their dynamic transcriptional networks is associated with a variety of uterine 

pathologies (Simmen et al., 2015). We find motif enrichment for five distinct KLFs (KLF3, 

KLF5, KLF6, KLF9 and KLF10) at 48 hours, in addition to further KLFs at 12 (KLF3, KLF4, 

KLF6, KLF9), 24 hours (KLF 10) and 48 hours (KLF 4) when relaxing the initial filtering 

steps (Supplementary File 3.3). KLF5 is a transcriptional activator found in various 

epithelial tissues and is linked to regulation of inflammatory signalling, cell proliferation, 

survival and differentiation (Dong and Chen, 2009). KLF6 is also a transcriptional activator 

ubiquitously expressed across a range of tissues and plays a crucial role in regulating genes 

involved with tissue development, differentiation, cell cycle control, and proliferation 

(Bieker, 2001). Target genes include collagen 1, keratin 4, TGF  type I and II receptors, and 

others (Chiambaretta et al., 2006). KLF3 is primarily associated as a strong transcriptional 

repressor associated with adipogenesis and lipid metabolism (Pearson et al., 2011), with 

expression rates varying across different tissues and cell types (Bieker, 2001). KLF9 and 10 

also act as transcriptional repressors but are ubiquitously expressed across a wider range of 

tissues (Swamynathan, 2010). KLF9 is a tumour suppressor (Sun et al., 2014) and regulates 

inflammation, while KLF10 has a major role in TGF- -linked inhibition of cell proliferation, 

inflammation and initiating apoptosis (Subramaniam et al., 2010).  
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We identify that the majority of TFs at 48 hours are KLFs exhibiting a range of transcriptional 

regulation. However, as outlined above, most KLFs have been examined in cancer or other 

disease models with limited insight into pathogen-mediated infections. Of particular interest 

is KLF10, which acts as a repressor to the multifunctional cytokine TGF- ; which plays an 

important role in host resistance and cell immunity by acting with various interferons and 

interleukins (Papadakis et al., 2015; Sarmento et al., 2015). By increasing the expression of 

this TFs, it could provide an additional avenue for Chlamydia to regulate the host immune 

system. 

Histone deacetylases (HDACs) modify the core histones of the nucleosome, providing an 

important function in transcriptional regulation (de Ruijter et al., 2003), and many bacterial 

pathogens subvert HDACs to suppress host defences (Grabiec and Potempa, 2018). KLF9, 

and 10 share the co-factor Sin3A (SIN3 Transcription Regulator Family Member A) 

(Swamynathan, 2010), which is also a core component of the chromatin-modifying complex 

mediating transcriptional repression (Cowley et al., 2005). The Sin3a/HDAC complex is 

made up of two histone deacetylases HDAC1 and HDAC2. HDAC2 has increased chromatin 

accessibility at all four time points, and HDAC9 has increased chromatin accessibility at 1, 

24 and 48 hours, further supporting the potential for histone modifications to be a component 

of the host cell response to chlamydial infection, or to be targets of chlamydial effectors 

(Pennini et al., 2010). 

Due to strict filtering and thresholds to determine the final set of TF motifs, we acknowledge 

that we have likely missed many weak binding sites that may also be relevant to infection. 

However, as this analysis is amongst a limited number of studies examining the impacts of 

chromatin accessibility in response to infection, we have only shown the most significant 

results, and further analyses can be run using the large amount of supplementary data 

available. 
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All enriched TFs discussed above (Table 3.2), were compared against gene expression studies 

to ensure that each TF is expressed in HEp2 and HeLa cells from similar times (data not 

shown). To compare each TFs regulatory control on target genes, we examined the genes 

underlying significant regions associated with each motif, comparing fold-change differences 

across different infection-based environments (Supplementary Figure 3.3).  

Surprisingly, we do not see a consensus of affected gene expression from any TF. For 

example, previous studies have indicated that KLF3 is a strong transcriptional repressor, but 

here, we see a range of fold-changes in the corresponding genes, with two of the three datasets 

showing only a slight decrease in mean expression (Supplementary Figure 3.3E). We 

attribute these differences to the variability as previously discussed in overlaying different 

infection-based datasets. However, this does highlight possible further roles for these TFs in 

an infection-based setting, as many of the studies outlining each TF activating or repressing 

roles were taken from more common disease models such as cancer. Therefore, these results 

further highlight the diverse and complex mechanisms associated with chlamydial infection. 

 

3.4.9. Challenges and questions associated with analysing 
chromatin accessibility 

As identified earlier, the number of protein coding genes in the human genome is < 5%, with 

the majority of regions encoding regulatory features and mechanisms (Shabalina and 

Spiridonov, 2004). We see this displayed in this data, particularly in the large number of 

intergenic regions identified (49%) that are likely regulatory in nature. Additional prediction-

based software analyses would likely reduce the number of intergenic regions by predicting 

additional features such as silencers, insulators and possibly more enhancers. Although 

extremely useful in the right setting, we chose not to run prediction-based tools as we wanted 

the results to be less speculative and only highlight significant infection-relevant events. 



Chromatin accessibility dynamics of Chlamydia-infected epithelial cells 

140 

Throughout this manuscript, we have made the assumption that open and closed chromatin 

are directly associated with an increase or decrease in gene expression respectively. Due to 

the snapshot-based capture of current sequencing-based approaches, we identify that this may 

not always be valid. For example, some regions of open chromatin may be in the process of 

being closed, and therefore would not exhibit an increase in expression. Additionally, open 

chromatin regions can facilitate the binding of a transcriptional repressor, again resulting in 

decreased expression. Due to the challenges in overlapping gene expression studies from the 

same cell line, time points, chlamydial species and experimental conditions; overlapping all 

identified genes identified here with their matching expression patterns was not practical. 

Therefore, we recommend future chromatin accessibility-based studies take this into 

consideration and complement future studies with matching gene expression data. 

 

3.5. Conclusions 

We describe comprehensive changes to chromatin accessibility upon chlamydial infection in 

epithelial cells in vitro using FAIRE-seq. We identify both conserved and time-specific 

infection-responsive changes to a variety of features and regulatory elements over the course 

of the chlamydial developmental cycle that may shape the host cell response to infection, 

including promotors, enhancers, and transcription factor motifs. Some of these changes are 

associated with genomic features and genes known to be relevant to chlamydial infection, 

including innate immunity and complement, acquisition of host cell lipids and nutrients, 

intracellular signalling, cell-cell adhesion, metabolism and apoptosis.  

Host cell chromatin accessibility changes are evident over the entire chlamydial 

developmental cycle, with a large proportion of all chromatin accessibility changes at 48 

hours post infection. This likely reflects the confluence of late stages of developmental cycle 
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events, however significant changes to chromatin accessibility are readily apparent as early 

as 1-hour post infection. We find altered chromatin accessibility in several gene regions, 

ontologies and TF motifs associated with ECM moieties, particularly cadherins and their 

interconnected regulatory pathways, and Smad signalling. Disruption of the ECM is thought 

to be a central component of dysregulated fibrotic processes that may underpin the 

inflammatory scarring outcomes of chlamydial infection (Humphrys et al., 2013), and our 

data further highlights a central role of the ECM in epithelial cell responses to infection. We 

also identify factors that have not been previously described in the context of chlamydial 

infection, notably the enrichment of the KLF family of transcription factor motifs within 

differential chromatin accessible regions in the latter stages of infection. Dysregulation of the 

biologically complex KLFs and their transcriptional networks is linked to several 

reproductive tract pathologies in both men and women (Simmen et al., 2015), thus our 

discovery of enriched KLF binding motifs in response to chlamydial infection is compelling, 

given the scale and burden of chlamydial reproductive tract disease globally (Menon et al., 

2015).  

We also identify limitations and considerations for future studies. Specifically, including gene 

expression data that overlaps similar times (and generated from the same cell cultures), will 

help to characterise which chromatin accessibility events are directly related to infection-

specific changes in gene expression. 

In summary, this is the first genome-scale analysis of the impact of chlamydial infection on 

the human epithelial cell epigenome, encompassing the chlamydial developmental cycle at 

early, mid and late times. This has yielded a novel perspective of the complex host epithelial 

cell response to infection, and will inform further studies of transcriptional regulation and 

epigenomic regulatory elements in Chlamydia-infected human cells and tissues. Examination 

of the multifaceted human epigenome, and its potential subversion by Chlamydia, using in 
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vivo mouse models of infection and ex vivo human reproductive tract tissues, will continue to 

shed light on how the host cell response contributes to infection outcomes.   
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3.6. Supplementary figures 

Supplementary Figure 3.1. Genome coverage plots 

Significant peaks from each replicate as determined by MACS2. Screenshots are from IGV 

(Integrative Genomics Viewer) showing that all replicates contain significant peaks 

genome-wide (human genome) without any visual chromosomal bias. 
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Supplementary Figure 3.2. Conserved transcription factor expression 
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Motifs associated with each transcription factor (TF) as identified within the conserved 

regions. Genes associated with these regions were compared against relevant gene 

expression data to identify their level of regulation during infection. The TF POU3F2 was 

not able to be compared as the motif was only identified within intergenic regions that could 

not be overlapped. A) ETS1 TF.  B) TFAP4 TF.  C) PKNOX1 TF. 
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Supplementary Figure 3.3. Time specific transcription factor expression  

Motifs associated with each transcription factor (TF) (Table 3.2) were identified within 

significant differentially accessible regions. Genes associated with these regions were 

compared against relevant gene expression data to identify their level of regulation during 

infection. A) IRF3 TF from 1 hour.  B) Homeobox TF from 24 hours.  C-K) Nine TFs 

identified at 48 hours. 
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3.7. Supplementary files 

 

Supplementary File 3.1 Annotation of all significant peaks 

Annotation of all the significant peaks, with tabs separating genomic features and fold-change 

regulation. 

Supplementary File 3.1.xlsx 

 

Supplementary File 3.2 Time specific regions 

The list of time-specific differential chromatin accessible regions. It should be noted that some 

genes in these lists are repeated at each time due to multiple peaks occurring at an annotated 

interval, that enhancers can affect more than one gene, and single genes can be affected by 

more than one enhancer. 

Supplementary File 3.2.xlsx 

 

Supplementary File 3.3 Complete list of motifs and transcription factors 

The complete list of significant motifs and enriched transcription factors. 

Supplementary File 3.3.xlsx 
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4.1. Abstract 

Chlamydia are Gram-negative obligate intracellular bacterial pathogens responsible for a 

variety of disease in humans and animals worldwide. C. trachomatis causes trachoma in 

disadvantaged populations, and is the most common bacterial sexually transmitted infection 

in humans, causing reproductive tract disease. Antibiotic therapy successfully treats 

diagnosed chlamydial infections; however asymptomatic infections are common. High-

throughput transcriptomic approaches have explored chlamydial gene expression and infected 

host cell gene expression. However, these were performed on large cell populations, 

averaging gene expression profiles across all cells sampled and potentially obscuring 

biologically relevant subsets of cells. We generated a pilot dataset, applying single cell RNA-

seq (scRNA-seq) to C. trachomatis infected and mock-infected epithelial cells to assess the 

utility, pitfalls and challenges of single cell approaches applied to chlamydial biology, and to 

potentially identify early host cell biomarkers of chlamydial infection. 264 time-matched C. 

trachomatis-infected and mock-infected HEp-2 cells were collected and subjected to scRNA-

seq. After quality control, 200 cells were retained for analysis. Two distinct clusters 

distinguished 3-hour cells from 6- and 12-hours. Pseudotime analysis identified a possible 

infection-specific cellular trajectory for Chlamydia-infected cells, while differential 

expression analyses found temporal expression of metallothioneins and genes involved with 

cell cycle regulation, innate immune responses, cytoskeletal components, lipid biosynthesis 

and cellular stress. We find that changes to the host cell transcriptome at early times of C. 

trachomatis infection are readily discernible by scRNA-seq, supporting the utility of single 

cell approaches to identify host cell biomarkers of chlamydial infection, and to further 

deconvolute the complex host response to infection. 
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4.2. Introduction 

Chlamydia are Gram-negative obligate intracellular bacterial pathogens that cause disease in 

humans and a wide variety of animals. In humans, Chlamydia trachomatis typically infects 

cells within the ocular and genital mucosa, causing the most prevalent bacterial sexually 

transmitted infections (STI) (Reyburn, 2016), inducing acute and chronic reproductive tract 

diseases that impact all socioeconomic groups, and trachoma in disadvantaged populations 

(Burton and Mabey, 2009). Disease outcomes arise from complex inflammatory cascades and 

immune-mediated host processes that can lead to tissue damage and fibrotic scarring in the 

upper genital tract or the conjunctiva (Menon et al., 2015; Taylor et al., 2014). Reproductive 

tract disease outcomes include pelvic inflammatory disease (PID), preterm delivery, ectopic 

pregnancy, hydrosalpinx, tubal factor infertility (TFI) and chronic pelvic pain in women, as 

well as epididymitis, testicular pain and infertility in men. Antibiotic therapy with 

azithromycin or doxycycline successfully treats diagnosed infections, however asymptomatic 

infections are common (Ali et al., 2015; Hafner et al., 2014). Without overt symptoms that 

lead individuals to seek primary health care, antibiotic interventions are not able to be 

employed. Asymptomatic infection rates are estimated to exceed diagnosed infection rates by 

at least 4.3-fold (Ali et al., 2015). 

Chlamydia have a unique biphasic developmental cycle with distinct morphological forms. 

The cycle begins with attachment and entry of the infectious elementary bodies (EBs) into 

host cells, typically mucosal epithelial cells. After entry, EBs reside within membrane-bound 

vacuoles that escape phagolysomal fusion (Scidmore et al., 1996). Differentiation into the 

replicating reticulate bodies (RBs) occurs within the first 2-3 hours, followed by continued 

growth of the inclusion accommodating the increased number of RBs. Over the course of 

infection, Chlamydia parasitises and modifies the host cell by deploying type III effectors and 

other secreted proteins (Valdivia, 2008), which also facilitate invasion, internalisation, and 
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replication, while countering host cell defences (Bastidas et al., 2013; Saka et al., 2011). At 

the end of the developmental cycle, RBs asynchronously transition back into EBs (~20-44 

hours) and, through either extrusion or host cell lysis (~48-70 hours), are released to repeat 

the cycle (Elwell et al., 2016). 

Chlamydial transcriptomes have been examined over the developmental cycle, in EBs and 

RBs, in different chlamydial species (Abdelrahman et al., 2011; Albrecht et al., 2011; 

Albrecht et al., 2010; Belland et al., 2003). Epithelial cell transcriptomes responding to 

plasmid-bearing/plasmid-less C. trachomatis has been characterized by microarray (Porcella 

et al., 2015). Dual RNA-seq (Humphrys et al., 2013; Marsh et al., 2018) has allowed the 

transcriptomes of both C. trachomatis and infected epithelial cells to be profiled 

simultaneously, identifying previously unrecognised early chlamydial gene expression and 

complex host cell responses (Humphrys et al., 2013). However in these studies to date, the 

derived transcriptional profiles represent averaged gene expression over the population of 

cells sampled (Hebenstreit, 2012). Subsets of cells with dominant gene expression profiles 

can skew the analysis ( abaj et al., 2011), possibly obscuring other potentially important cell 

subsets and their transcriptional profiles (Liu and Trapnell, 2016; Saliba et al., 2014). By 

examining the expression profiles of individual cells, single cell RNA sequencing (scRNA-

seq) can minimise these biases, enabling a deeper understanding of population heterogeneity, 

cell states and interactions, and gene regulation (Kolodziejczyk et al., 2015; Regev et al., 

2017). scRNA-seq and other single cell methods have been instrumental in discovering new 

cell types (Regev et al., 2017) and advancing the understanding of many disease states 

(Sandberg, 2013), particularly tumour heterogeneity (Patel et al., 2014; Tirosh et al., 2016), 

hematopoiesis (Kowalczyk et al., 2015) and embryonic development (Yan et al., 2013). 

Applications of scRNA-seq to pathogen-infected cells are more limited so far, but are 

exemplified by studies that show the heterogeneity of macrophage responses to Salmonella 
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enterica serovar Typhimurium infection (Saliba et al., 2016), the high degree of cell-cell 

transcriptional variation induced by influenza virus infection (Russell et al., 2018), and the 

characterization of lymph node-derived innate responses to bacterial, helminth and fungal 

pathogens (Blecher-Gonen et al., 2019). 

Here we explore the application of single cell analysis methodologies to Chlamydia-infected 

cells, with the goals of identifying host cell developmental-stage biomarkers, and to assess 

the utility of these methodologies for deciphering chlamydial biology in cells and tissues. We 

generated a pilot scRNA-seq dataset of time-matched infected and mock-infected HEp-2 

epithelial cells in vitro encompassing the early chlamydial developmental cycle (3, 6 and 12 

hours). We show that infection responsive changes to the early host cell transcriptome are 

readily discernible by scRNA-seq, supporting the potential for host derived infection 

biomarkers. 

 

4.3. Results 

4.3.1. Single cell capture, library construction, quality 
assessment and filtering 

Chlamydia-infected (C. trachomatis serovar E, MOI~1) and time-matched mock-infected 

cells spanning three times post-infection were captured using the Fluidigm C1 microfluidic 

instrument and workflows (Figure 4.1A). We obtained 80 single cells at 3 hours (48 

Chlamydia-infected, 32 mock-infected), 96 cells at 6 hours (48 Chlamydia-infected, 48 mock-

infected) and 88 cells at 12 hours (40 Chlamydia-infected, 48 mock-infected) for an initial 

total of 264 cells (Figure 4.1B). Following Illumina library construction and sequencing, the 

raw sequencing reads from these 264 cells were demultiplexed using DeML (Renaud et al., 

2015), yielding 1.03 billion sequence reads (Supplementary Figure 1). Single cell datasets 
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were removed from subsequent analyses if they contained less than 1 million reads after 

trimming and alignment, and less than 5,000 counted features (genes). Further quality 

assessment measures ensured that sequence reads mapped across all chromosomes and that 

the majority of reads mapped to protein-coding genes (Supplementary Figure 2). 

 

Figure 4.1: Experimental design and analysis 
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A)  Cell culture using HEp2 epithelial cell monolayers used to grow and harvest Chlamydia 

trachomatis E elementary bodies (EBs). Fresh monolayers were infected with EBs, (MOI 

~1) using centrifugation to synchronize infections.  Experimental design time-matched 

Chlamydia-infected and mock-infected cell monolayers at 3, 6 and 12 hours, prior to 

capture and scRNA-seq library preparation on the Fluidigm C1 instrument.  B) Numbers of 

captured and sequenced single cells by experimental condition and time.  C) After quality 

control steps, unsupervised clustering identifies two primary clusters. Cluster 1 contains all 

3 hour cells, while cluster 2 contains all 6 and 12 hour cells.  D) Putative marker genes 

grouped by hierarchical clustering. 

Single cell datasets were pooled and subjected to additional quality assessment steps, 

including examining rRNA as a measure of depletion success and mitochondrial gene 

expression as an indicator of cell stress (Zhao et al., 2002), as both are potential sources of 

bias (Supplementary Figure 3). During quality control, the mock-infected cells at 3 hours 

failed to pass cut-offs, and were excluded from further downstream analysis (Supplementary 

Figure 3). After all quality measures, datasets from 200 high quality single cells remained 

across the three times: 43 Chlamydia-infected cells at 3 hours; 82 6 hour cells (42 Chlamydia-

infected, 40 mock-infected) and 75 12 hour cells (36 Chlamydia-infected, 39 mock-infected). 

 

4.3.2. Removal of confounding effects 

To normalise by library size, Scran’s single-cell specific method was used to deconvolute 

library size factors from cell clusters (Lun et al., 2016). We applied RUVSeq (Risso et al., 

2014) to identify and remove further confounding effects, including differences between 

batches of sequenced cells. Reduction of variation was confirmed in relative log expression 
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(RLE) plots (Supplementary Figure 4A). Density curve plots further show the effect of 

removing variability from the raw counts, after library size normalisation, and after removing 

further confounding effects (Supplementary Figure 4B). The PCA bi-plot (Supplementary 

Figure 4C) shows the structure of the data and grouping of the cells based on their 

transcriptional profiles following these steps. By examining the underlying variables driving 

PC1 variation, we found that total read counts and time post infection account for 99% of the 

total variation (Supplementary Figure 4C), confirming that most variation is not from 

experimental factors. In addition, doublets (where at least two cells are captured into the same 

well) can skew the resulting expression profiles, adding a further confounding factor. 

Although the C1 platform uses integrated fluidic circuits (IFCs) to isolate single cells, it has 

been associated with a doublet rate as high as 25% (Wang et al., 2019). Due to this high 

reported rate, we ran different tools to identify doublets, confirming that our data had minimal 

detected doublets (Supplementary Figure 5). 

 

4.3.3. Cell cycle classification 

Due to the constraints imposed by chlamydial infection within in vitro tissue culture and, 

given the potential for cell-cell variability despite infection synchronization, we expected to 

observe a range of cell cycle stages in our data (Figure 4.2). Two of the three stages (G1 and 

G2/M) show more than double the number of cells from 3 to 6 hours, while DNA synthesis 

(S) is the only cell cycle stage with a decrease in the number of cells from 3 to 12 hours. 

However, despite these trends, no distinct cell cycle clusters are apparent (Figure 4.2B). In 

addition, there is no clustering between cell cycle state and time post-infection, or infection 

condition (infected vs mock-infected). Although we identify cell cycle stage as a likely 

confounding effect (Barron and Li, 2016) that was removed from our subsequent analyses, it 

may be relevant to the infection and growth strategies of Chlamydia. For example, while 
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infected cells can still grow and divide, the burden of infection causes these cells to proliferate 

more slowly than uninfected cells, resulting in dividing cells which may be more or less 

susceptible to infection (Balsara et al., 2006). Additionally, chlamydial infectivity has been 

related to distinct cell cycle phases, where infection can modulate cell cycle parameters 

(Johnson et al., 2009). 

Figure 4.2: Cell cycle classification  
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A) Cell cycle classification of single cells after removing outliers.  B) PCA plot examining 

cell-cycle related trends by time-point and infection status. 

 

4.3.4. Clustering demonstrates transcriptional heterogeneity of 
infected epithelial cells over the early chlamydial 
developmental cycle 

Unsupervised clustering identified two distinct clusters across the three time points (Figure 

4.1C and Supplementary Figure 6). Cluster 1 contains only 3-hour infected cells, while 

cluster 2 contains a mixture of cells from 6 and 12 hours, with no clear separation between 

infected and uninfected conditions. We used k-nearest neighbour smoothing (kNN-

smoothing) to further reduce scRNA-seq-specific noise within the expression matrix (Wagner 

et al., 2018), which is a common occurrence from effects such as dropouts (Gong et al., 2018). 

The resulting PCA plot recapitulated the clusters identified above, indicating that the previous 

clustering result was not influenced by noise-related factors. Additional clustering analyses 

were performed to identify any sub-populations within each cluster on the basis of 

experimental factors such as time or infection status (Supplementary Figure 7). Chlamydia-

infected cells again clustered into two main groups, closely matching the overall clustering 

that separated the 3 hours cells from 6 and 12 hours, with no further sub-clustering evident. 

 

4.3.5. Pseudotime analysis over the early chlamydial 
developmental cycle 

Unsupervised clustering demonstrates that both infected and uninfected cells have minimal 

cluster separation at 6 and 12 hours (Figure 4.1C). We applied pseudotime analysis to further 

deconvolute cellular trajectories that may follow a time course or biological mechanisms such 
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as differentiation or infection (Ji and Ji, 2016; Lönnberg et al., 2017). Pseudotime analysis of 

Chlamydia-infected cells alone predicted 3 distinct cell states (Figure 4.3A). Cell state 1 

contained 3 hour cells, state 2 contained a mixture of 3, 6 and 12 hour cells, and state 3 

contains a mixture of 6 and 12 hour cells (Figure 4.3B). The line connecting the 3 cell states 

(minimum spanning tree) does not provide a realistic linear trajectory of the infection course 

from 3-12 hours. 
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Figure 4.3: Pseudotime analysis 

A) Pseudotime analysis of infected cells predicts three cell states. The minimum spanning 

tree (black line) is uninformative and not a true indication of an expected infection 

trajectory encompassing all cells from 3 to 12 hours.  B) Each cell ordered throughout the 
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predicted pseudotime and separated by cell state.  C) Manually increasing the number of 

cell states to six appears to show a more realistic infection trajectory with a wider number 

of cells, in addition to showing start and end points correlating to 3 and 12 hour cells.  D) 

When all cells are used, two cell states are predicted that support the initial clustering 

outcomes. When the number of cell states is manually increased, smaller subsets appear, 

providing a finer resolution. 

 

Manually increasing the number of states does provide a more realistic trajectory (Figure 

4.3C); however, the similarity of 6 and 12 hour cells (both mock-infected and infected states) 

will require more cells to accurately capture any putative sub-stages of infection. 

We overlaid the predicted cell cycle states from pseudotime analysis for each cell to identify 

any shared characteristics of infected cells with mock-infected cells, which could classify 

cells that were either not infected or had unproductive infections. This analysis identified only 

two cell states (Figure 4.3A-C), recapitulating the initial clustering results. By manually 

increasing the number of cell states to 7, smaller sub-clusters within the two main clusters 

became evident (Figure 4.3D). However, we still observe a mixture of infected and mock-

infected cells within each sub-cluster (albeit with small numbers of cells), further highlighting 

the transcriptional similarity between infected cells at 6 and 12 hours in this dataset. 
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4.3.6. Differentially expressed genes in Chlamydia-infected and 
mock-infected cells highlight infection mechanisms  

Subsets of genes with significant expression differences between the two primary clusters 

were examined in order to identify any putative host cell marker genes that distinguish 

different times post-infection (Figure 4.1D). At 6 and 12 hours, genes associated with 

processes governing RNA and protein metabolism (RPS3, RPL3, RPS15, RPL18, PABPC1, 

MAGOH and EIF2S3) predominate, with most showing increased expression. Increased 

expression of vimentin (VIM), a type III intermediate filament (IF) present in the cytoskeleton 

and involved in maintaining cell shape and integrity (Mak and Brüggemann, 2016), 

distinguishes the 3 hour cluster. 

We further examined differentially expressed (DE) genes firstly by comparing infected and 

mock-infected cells at 6 and 12 hours respectively (cluster 2), and secondly by comparing the 

3 hour infected cells (cluster 1) against cluster 2, as the 3 hour mock-infected cells were 

removed after initial quality control steps. At 6 hours, 44 DE genes were identified (13 up-

regulated and 21 down-regulated) (Figure 4.4A), including three up-regulated 

metallothionein (MT) genes (MT1E, MT2A and MT1X). MT up-regulation occurs in response 

to intracellular zinc concentration increases, reactive oxygen species (ROS) and 

proinflammatory cytokines (Rice et al., 2016). Intracellular zinc concentrations are an integral 

component of immunity and inflammation, and zinc deficiency results in an increased 

susceptibility to infection (Subramanian Vignesh and Deepe, 2017). MTs may also have a 

role in protecting against DNA damage and in apoptosis, as well as regulating gene expression 

during the cell cycle (Cherian and Apostolova, 2000), which are likely to be relevant at 6 

hours post infection. Down-regulated pathways at 6 hours were dominated by three genes 

HSP90AA1 (Heat Shock Protein 90 Alpha Family Class A Member 1), TUBB (Tubulin Beta 
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Class I), and TUBA4A (Tubulin Alpha 4a), which are linked to the cell cycle, specifically 

centrosome maturation and microtubule assembly mediating mitosis (Figure 4.4B). 

At 12 hours, there is an increase in DE genes (245) with 98 up-regulated and 147 down-

regulated (Figure 4.4A). We continue to see up-regulated genes that are likely part of a 

continued immune response to infection, including two MTs (MT1M and MT1E), TRIM25 

(Tripartite Motif Containing 25), ISG15 (ISG15 Ubiquitin Like Modifier), HLA-A (Major 

Histocompatibility Complex, Class II, DR Beta 1), IFIT3 (Interferon Induced Protein With 

Tetratricopeptide Repeats 3), OASL (2'-5'-Oligoadenylate Synthetase Like), IL6 (Interleukin 

6), and genes associated with cholesterol and fatty acid synthesis (Figure 4.4B). 
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Figure 4.4: Differentially expressed genes and enriched pathways 

A) Differentially expressed genes from infected and mock-infected cells at 6 hours and 12 

hours. When comparing cells from cluster 1 against cluster 2, a more complex experimental 

design was needed that took into consideration the variety of underlying cells.  B) Enriched 

pathways from Reactome using differentially expressed genes from A. 

The exploitation of a variety of host lipids by Chlamydia to subvert intracellular signalling, 

survival and growth is well established (Cocchiaro et al., 2008; Elwell and Engel, 2012; 

Kumar and Valdivia, 2008). All down-regulated pathways at 12 hours indicate that 

Chlamydia-infected cells are exhibiting stress responses. DNA damage as part of the cell 

cycle, and repair pathways are enriched, possibly representing a continuation of infection 

stresses at 6 hours, and likely indicative of further Chlamydia-induced interruption of the cell 

cycle. Notably, two p53 associated pathways were enriched from associated genes. p53 

expression tightly controls the cell cycle and is modulated in response to activities including 

cell stress, DNA damage, as well as bacterial infection (Zaika et al., 2015). Chlamydia-

induced down-regulation of p53 may help to protect infected cells against death-inducing host 

responses, thus allowing chlamydial survival (Siegl et al., 2014). Only four DE genes from 6 

and 12 hours overlap. The two up-regulated genes were DUSP5 (Dual Specificity 

Phosphatase 5) and MT1E (metallothionein 1E), while the two down-regulated genes were 

TUBA4A and HSP90AA1. 

Comparing cluster 1 (3-hour infected cells) against cluster 2 (DE genes from 6 and 12 hours) 

demonstrates a substantial number of DE genes (2,291 up and 3,487 down-regulated) (Figure 

4.4A). Although the model attempted to account for the loss of the 3 hour mock-infected cells, 

we note a proportion of these DE genes may not be related to a productive chlamydial 

infection as a result. The down-regulated pathways have low combined scores (a combination 
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of p-values and z-scores) compared to the up-regulated pathways, which may be explained 

by the large number of down-regulated non-coding RNAs (ncRNAs), which are typically not 

incorporated into the underlying enrichment analyses. Three of the up-regulated pathways are 

associated with infection (Infectious disease, Influenza life cycle and Influenza infection) 

(Figure 4.4B), demonstrating that general infection mechanisms are the key differences 

between these temporally defined clusters. 

 

4.4. Methods 

4.4.1. Cell culture and infection 

HEp-2 cells (American Type Culture Collection, ATCC No. CCL-23) were grown as 

monolayers until 90% confluent. Monolayers were infected with C. trachomatis serovar E in 

SPG as previously described (Tan et al., 2009). Additional monolayers were mock-infected 

with SPG only. The infection was allowed to proceed 48 hours prior to EB harvest, as 

previously described (Tan et al., 2009). C. trachomatis EBs and mock-infected cell lysates 

were subsequently used to infect fresh HEp-2 monolayers. Fresh monolayers were infected 

with C. trachomatis serovar E in 3.5 mL SPG buffer for an MOI ~ 1 as previously described 

(Tan et al., 2009), using centrifugation to synchronize infections. Infections and subsequent 

culture were performed in the absence of cycloheximide or DEAE dextran. A matching 

number of HEp-2 monolayers were also mock-infected and synchronised as above using 

uninfected cell lysates. Each treatment was incubated at 25°C for 2h and subsequently washed 

twice with SPG to remove dead or non-viable EBs. 10 mL fresh medium (DMEM + 10% 

FBS, 25 g/ml gentamycin, 1.25 g/ml Fungizone) was added and cell monolayers incubated 

at 37°C with 5% CO2. Three biological replicates of infected and mock-infected dishes per 
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time were harvested post-infection into single cell populations by trypsin in sterile PBS prior 

to immediate single cell capture and library preparation. 

 

4.4.2. Library preparation and sequencing 

A Fluidigm C1 instrument was used for cell capture. This instrument uses microfluidics on 

IFCs to capture single cells, lyse and prepare cDNA, using 96 well plates as input. Only 

polyadenylated fragments are captured from each cell, typically restricting analysis to 

eukaryotic mRNA. Cell lysis, reverse transcription, and cDNA amplification were performed 

using the C1 Single-Cell Auto Prep IFC. The SMARTer Ultra Low RNA Kit (Clontech) was 

used for cDNA synthesis and Illumina NGS libraries were constructed using the Nextera XT 

DNA Sample Prep kit. The resulting 264 single cell libraries were sequenced using the 

Illumina HiSeq 4000 platform (150bp paired-end reads) across three batches. Each plate was 

designed with a balanced distribution of time points and conditions. 

 

4.4.3. Pre-processing and quality control 

Raw sequencing reads were demultiplexed using DeML (Renaud et al., 2015) with default 

settings. Trim Galore (v.0.4.3) (Krueger, 2012) was used to trim adaptors and low quality 

reads. Confirmation of the removal of adaptors, low quality reads and other quality control 

measurements was performed with FastQC (v.0.11.5) (Andrews, 2010). Reads were 

subsequently aligned to the human genome version (GRCh 38.87) with STAR (v.2.5.1a) 

(Dobin et al., 2013) retaining paired and unpaired mapped reads that were merged in to a 

single BAM file. 
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FastQ-Screen (v.0.11.1) (Wingett and Andrews, 2018) was used to screen for sources of 

contamination across all cells. This output and low mapping rates confirmed the removal of 

all 3-hour uninfected cells, due to extremely low mapping rates to the Human genome and 

high mapping rates to other organisms. Features of the remaining cells were counted with 

FeatureCounts (v.1.5.0-p3) (Liao et al., 2014). MultiQC (v.1.0) (Ewels et al., 2016) was used 

throughout the previous steps, combining output from each piece of software to easily make 

comparisons between batches and across time points. 

 

4.4.4. Identifying outlier cells based on filtering 

Counted features were imported into Scater (v.1.5.11) (McCarthy et al., 2017), where 

subsequent quality control reduced the total number of cells from 264 to 200. The filter 

settings were comprised of four steps: 1) total mapped reads should be greater than 1,000,000; 

2) total features greater than 5,000; 3) expression from mitochondrial genes less than 20% of 

total expression; and 4) expression from rRNA genes comprise less than 10%. 

 

4.4.5. Removing confounding effects 

Cell cycle classification was performed using Cyclone (Lun et al., 2016) prior to filtering out 

low abundance genes, as recommended. To account for the differences in library sizes 

between cells, the deconvolution method from Scran (v.1.6.0) (Lun et al., 2016) was used. 

Further confounding effects such as cell cycle and sequencing batch effects were removed 

using the RUVs method of RUVSeq (v.1.12.0) (Risso et al., 2014) using k=4. Doublet 

detection was performed using Scrublet (v.0.1) (Wolock et al., 2019) and DoubletDetection 

(v.2.4) (Gayoso and Shor, 2019). 
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4.4.6. Clustering 

Unsupervised clustering was performed using the Single-Cell Consensus Clustering (SC3) 

package (v.1.10.1) (Kiselev et al., 2017). Two clusters (k) were chosen based on automatic 

prediction by SC3 after iterating through a range of k (2:10). Higher values of K were 

examined; however, two clusters remained the best fit to this data as assessed by various 

internal plots including consensus matrices, silhouette plots and cluster stability plots. To 

further confirm the two clusters, the KNN-Smoothing (Wagner et al., 2018) (K-nearest 

neighbour smoothing) function (v.1) was also applied to different transformations of the 

library normalised data. 

 

4.4.7. Pseudotime analysis 

TSCAN (v.1.16.0) (Ji and Ji, 2016) was used to perform pseudotime analysis. When all cells 

were analysed, the “pseudocount” and “minexpr_value” flags were set to 0.5 in pre-

processing to allow more features to be selected, resulting in an increase of cells with assigned 

cell states, especially when the number of states was manually increased. The default pre-

processing settings were used to examine infected cells alone. 

 

4.4.8. Differential expression 

Most scRNA-seq differential expression software only allows for direct comparisons, such as 

cluster comparisons. As our experimental design examined both infected and mock-infected 

cells and, due to the loss of the 3 hour mock cells following QC measures, we used edgeR 

(v.3.24.3) (Robinson et al., 2010), as it provides better functionality for more complex 

comparisons than most single-cell specific tools. Initial comparisons were between infected 
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and mock infected cells at 6 and 12 hours. The use of edgeR allowed the comparison between 

3 hour infected cells (cluster 1) and the remaining cells (cluster 2), taking into consideration 

the differences between infected and mock infected cells from 6 and 12 hours. In addition to 

including the RUVSeq factors of unwanted variation to the model matrix, the dispersion trend 

was estimated using “locfit” and “mixed.df” flags set to true. Resulting p-values were adjusted 

using a false discovery rate (FDR) < 0.05 and separated based on their respective fold-

changes. Significant genes were examined using enrichR (Chen et al., 2013), with enriched 

pathways from Reactome sorted by their combined scores (a calculation of p-values and z-

scores) (Croft et al., 2011). 

 

4.4.9. Availability of supporting data and materials 

The data set supporting the results of this article is available in the GEO repository, 

GSE132525. 
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4.5. Discussion 

To better understand bacterial pathogenesis and resulting disease outcomes, it is critical to 

understand functional changes to specific cell populations of infected and neighbouring cells, 

and recruited immune cells in the infected tissue context. This is especially relevant for 

Chlamydia which, due to its obligate intracellular niche and distinct morphologies, has long 

been refractory to research. As a result, many infection and disease processes at the cellular 

and tissue level remain largely unknown or poorly characterised in vivo. Gene expression 

profiling of Chlamydia-infected cells by microarray (Porcella et al., 2015), dual RNA-seq 

(Humphrys et al., 2013; Marsh et al., 2018) or other genome-scale analyses (Chapters 3 and 

5) are powerful techniques to help deconvolute these interactions and processes. However, 

these and similar genome-scale analyses of infected cells have typically been performed on 

bulk cell populations, i.e.; infected cell monolayers in vitro, or selectively sorted/purified 

subsets of cell populations. Such bulk cell approaches can potentially miss cell-cell 

variability, or cells that contribute to overlapping phenotypic characteristics, potentially 

masking critical biological heterogeneity as irrelevant signals from non-participating cells 

that can skew the average. This may influence the understanding of multifactorial and 

dynamic processes, such as inflammation and fibrosis during ascending chlamydial infection. 

Single cell approaches can potentially alleviate some of these concerns, but also provide new 

challenges. 

We describe the first application of scRNA-seq to Chlamydia-infected cells. This pilot 

dataset, comprising 264 single infected and mock-infected cells encompassing three early 

times of the in vitro chlamydial developmental cycle, was designed to examine the feasibility 

and pitfalls of single cell approaches to investigate chlamydial biology and to ultimately 

identify host-derived transcriptional biomarkers of chlamydial infection. After quality 
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assessment and filtering measures, we retained 200 high quality, C. trachomatis-infected and 

mock-infected cells. 

We note that the experimental design used here will not distinguish Chlamydia-mediated 

effects from infection-specific or non-specific epithelial cell responses. In addition, the in 

vitro infections used as the source of the single cells are centrifugation-synchronized in order 

to minimise the degree of heterogeneity at each infection time to enable more accurate 

examination of temporal effects. Despite this, lag time of differentiating EBs to RBs between 

distinct cells may still influence host responses mediated by temporally expressed/secreted 

chlamydial factors. Given that the minimal chlamydial generation time during exponential 

growth has been estimated as 2.6 to 4.6 hours (Lambden et al., 2006; Wilson et al., 2004), it 

is plausible that cells at each time may cluster with an earlier or later time. 

Clustering, pseudotime and cell state prediction analyses demonstrated that Chlamydia-

treated cells at 3 hours are readily distinguishable from Chlamydia-treated and mock-infected 

cells at 6 and 12 hours. Curiously, cells at 6 and 12 hours clustered together and could not be 

further deconvoluted from each other, possibly showing that host cell transcription at these 

times is broadly similar. A recent FAIRE-seq analysis of Chlamydia-infected epithelial cells, 

examining patterns of host cell chromatin accessibility over the developmental cycle (Chapter 

3), found that 12 hours post infection was relatively quiescent in terms of host cell 

transcriptional activity. This finding is reflected by our scRNA-seq analyses here and may be 

extended to 6 hours post-infection. In addition, both Chlamydia-infected and mock-infected 

cells at 6 and 12 hours clustered together. One interpretation of this phenomenon is that these 

early infection times represent a period where the ongoing establishment of the inclusion and 

chlamydial division after initial entry and infection events is largely cryptic to the host cell as 

manifested by transcriptional processes. 
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However, limitations inherent to the experimental design and the technology used here may 

also influence our results, and should inform future single cell experiments. We used an 

MOI~1, based upon our previous work with bulk dual RNA-seq (Humphrys et al., 2013), 

which typically results in highly infected HEp-2 monolayers (95%+) when using C. 

trachomatis serovar E. When combined with the closed nature of the integrated fluidic circuits 

used to capture individual cells, the early infection times, and the destructive nature of single 

cell RNA-seq, using a lower MOI may have led to populations of both infected and uninfected 

cells to be sampled. In bulk transcriptomic experiments, any distinct signal from a small 

number of uninfected cells will be largely overwhelmed. In contrast, uninfected cells in single 

cell experiments may have an outsized effect, particularly if the total number of cells sampled 

is insufficient. In addition, the population of infecting EBs may include differentially viable 

EBs, leading to a divergence of transcriptional profiles between cells with productive 

infections, compared to cells that are initially infected with non-viable EBs that will not 

proceed to a productive infection. Similarly, any putative “neighbour” effect of uninfected 

cells next to infected cells may lead to distinct transcriptional profiles. Given the relatively 

low number of single cells sampled and the early infection times examined, these factors are 

a potential source of bias in these pilot experiments. With these limitations in mind, it may be 

more accurate to describe the Chlamydia-infected cells in these experiments as “Chlamydia-

exposed”. 

Design of in vitro single cell experiments in the Chlamydia-infected cell context will benefit 

firstly from a higher MOI to ensure maximal productive infection. Secondly, collection of 

much higher numbers of single cells for scRNA-seq and other single cell genome-scale 

measurements are now possible, minimising the potential for introduced sampling biases that 

arise from low infected cell numbers. Thirdly, the inclusion of additional controls, such as 

UV-inactivated EBs or opsonized latex beads, will allow host cell transcriptional responses 
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to productive versus non-productive infection events to be examined, as well as separating 

host cell infection-specific processes from non-specific phagocytic responses. Finally, 

moving away from poly(A) capture library construction to random hexamers instead will 

allow pathogen transcripts to simultaneously be interrogated in the single cell mode, as 

recently applied to Salmonella typhimurium-infected cells (Avital et al., 2017). 

A range of cell cycle states were observed in our data. We attempted to remove these effects 

as potential confounders through bioinformatic means. Chlamydia-infected cells are still able 

to undergo mitosis, however mitosis-related defects do occur during chlamydial infection. 

These include an increase in supernumerary centrosomes, abnormal spindle poles, and 

chromosomal segregation defects, and result in a heavily burdened cell that proliferates more 

slowly (Grieshaber et al., 2006; Knowlton et al., 2011). Cells that recover from infection are 

still likely to contain chromosome instabilities, which can then be passed down to uninfected 

daughter cells (Grieshaber et al., 2006). This may be manifested in our data as we see a 

number of pathways related to the cell cycle that are down-regulated. While this could be an 

off-target effect of infection that does not benefit Chlamydia, interference with the cell cycle 

may constitute an infection strategy, as in vivo cells will be at different cell cycle stages and 

thus some may be more or less susceptible to infection. Nevertheless, future in vitro 

investigations of chlamydial infection should attempt to explore and/or mitigate these effects 

through cell cycle arrest strategies (Johnson et al., 2009) prior to infection and/or single cell 

separation. 

Differential expression comparing cells between clusters identified both conserved and 

temporally specific gene expression over the times examined. Comparison of these 

differentially expressed genes with other published Chlamydia-infected cell transcriptomic 

datasets (Humphrys et al., 2013; Porcella et al., 2015) showed little overlap (data not shown), 

most likely as a consequence of an accumulation of technical differences that make direct 
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comparisons difficult, including the relatively small numbers of single cells sampled here, 

different times post-infection, different MOIs, and different chlamydial serovars and in vitro 

cell lines. Single cell RNA-seq approaches may also benefit from parallel bulk RNA-seq 

approaches from the same input material to cross-check, compare and validate. Nevertheless, 

many of the identified pathways and genes are directly relevant to known chlamydial infection 

processes, including metallothioneins, innate immune processes, cytoskeletal components, 

lipid biosynthesis and cellular stress. These analyses demonstrate that, despite the limitations 

of this pilot dataset, distinct host cell transcriptional responses to infection are readily 

discernible by single cell approaches, even at the early stages of the chlamydial developmental 

cycle, yielding robust data and confirming that host cell-derived transcriptional biomarkers 

of chlamydial infection are identifiable. Thus, single cell genome-scale approaches applied to 

Chlamydia-infected and neighbouring cells, recruited immune cells from inflammatory 

processes, and structural cells obtained from clinical swabs or ex vivo tissues, are likely to 

lend significant insight to the complex processes that underpin chlamydial infection and the 

associated inflammatory disease outcomes. 
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4.6. Supplementary figures 

Supplementary Figure 1. Demuxing results comparing Illumina and DeML 

Demuxing comparison between the standard Illumina software and DeML. 1.8-5.5% 

additional reads were recovered over each cell batch A-C. 
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Supplementary Figure 2. Biotype distribution  

A) Distribution of different gene biotypes by time.  B) Total gene expression by biotype.  

C) Total gene expression by chromosome location. 
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Supplementary Figure 3. Contamination of 3-hour mock-infected cells 

Examples of two 3-hour mock-infected cells with unusual mapping to 12 different 

genomes, indicating cross-contamination. All 3 hour mock-infected cells showed similar 

profiles and were removed from further downstream analysis. 
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Supplementary Figure 4. Identifying and removing confounding effects 

A) Relative log expression (RLE) plot of gene expression from all cells after removal of 

confounding effects using RUVSeq.  B) Density curve distribution showing variability 

associated to key variables from raw counts, after library normalisation, and after using 

RUVSeq respectively.  C) PCA plot demonstrating two-dimensional structure of cell 

expression profiles after removing confounding effects. Two variables (Total features and 

Time-point) account for 99% of the variability at component 1 (PC1). 
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Supplementary Figure 5. Doublet detection 

A) Scrublet identifies two cells as possible doublets, red bars.  B) DoubletDetector found 

no cells exhibited doublet characteristics. 
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Supplementary Figure 6. Clustering 

A) SC3 consensus matrix predicted 2 clusters, dark red colouring.  B) Silhouette plot of the 

consensus matrix (100% indicates perfect clustering).  C) Cluster stability plots showing 

that as the number of clusters increases past two, cluster stability decreases.  D) PCA plot 

of the two predicted clusters, coloured by time-point, sized by infection status and shaped 

by cluster.  E) PCA plot following kNN-smoothing on the expression matrix. 
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Supplementary Figure 7. Sub-clustering 
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The four comparisons shown here were created by manually selecting two and three clusters 

to examine any sub-clustering events not automatically detected.  A) 3 hour cells - no sub-

clustering evident.  B) 6 hour cells - no apparent sub-clustering with two clusters; three 

clusters do display more of a separation (between blue and green), while infected and mock-

infected cells cannot be distinguished.  C) 12 hour cells - some separation evident with 3 

clusters, but infection state is not distinguishable.  D) Extracting only infected cells show a 

clear separation of 3 hour cells, but not 6 and 12 hours cells  
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5.1. Introduction 

Chlamydia trachomatis is a Gram-negative, obligate intracellular bacterial pathogen that 

causes disease within humans (Schachter and Caldwell, 1980). Infection typically occurs 

within ocular and urogenital mucosal epithelial cells. Ocular infections cause trachoma 

(infectious blindness), typically in disadvantaged communities, and is the leading cause of 

preventable blindness worldwide (Burton and Mabey, 2009; Reyburn, 2016); while genital 

infections are the most prevalent sexually transmitted infection (STI) worldwide (Reyburn, 

2016), and if untreated can lead to complex disease outcomes including ectopic pregnancy 

and infertility (Brunham et al., 1986; Menon et al., 2015). 

Chlamydial species are distinguishable from other bacterial pathogens by their unique 

biphasic developmental cycle that alternates between the infectious non-replicating 

elementary body (EB) and the replicative reticulate body (RB) (AbdelRahman and Belland, 

2005). Infection begins with EBs attaching to the host cell and entering through endocytosis, 

forming separate membrane bound inclusions for each successfully internalised EB (Elwell 

et al., 2016). The formed inclusions are able to escape phagolysosomal fusion (Scidmore et 

al., 2003), thereby providing a niche for survival within the host cell. Within the first 2-3 

hours the EB differentiates into an RB, which continues to multiply; during this time we also 

see continued growth of the inclusion to accommodate the increase of RBs (AbdelRahman 

and Belland, 2005). Proteins are released from the inclusion using a Type III secretion system 

(T3SS) that facilitates in countering host defences and retrieving host-based nutrients for 

growth, replication and survival (Betts-Hampikian and Fields, 2010; Elwell et al., 2016; Saka 

and Valdivia, 2010). At around 20-44 hours, RBs asynchronously transition into EBs, then 

through either host cell lysis or extrusion (~48-70 hours), are released and able to infect new 

cells (Hybiske and Stephens, 2007). 



Comparative analysis using different MOIs from Chlamydia-infected epithelial cells 

209 

Throughout the course of an infection, a host cell will try to counter and eliminate a bacterial 

threat through innate and adaptive immune responses, in addition to a variety of mechanisms 

corresponding to the stage of infection. For example, at early time points, defence 

mechanisms include repelling EB attachment and entry (Vats et al., 2007); while at later time 

points eliminating effector proteins is necessary to disrupt bacterial growth and replication 

(Bastidas et al., 2013). Snapshots of gene expression from both the host and pathogen when 

examined, can help to uncover and identify these underlying processes. 

RNA-sequencing (RNA-seq) is an established method to capture transcripts within a 

population of cells from any organism (Kukurba and Montgomery, 2015). However, the 

resulting composition of transcripts is abundant in ribosomal (r)RNA (~ 90%), which in the 

majority of cases does not provide any meaningful biological context (O'Neil et al., 2013). To 

overcome this, rRNA depletion is carried out via specialised kits before sequencing libraries 

are prepared, enriching samples for more biologically relevant transcripts. Other 

depletion/selection methods exist that can modify sequencing libraries for a variety of 

biological-based purposes (Heyer et al., 2019; Teder et al., 2018). For example, polyA 

depletion can remove the majority of host-based transcripts, enriching the library for bacterial 

reads (Kumar et al., 2016). 

Dual species transcriptomic experiments (dual RNA-seq) allow multiple organisms to be 

analysed from within the same sample, such as host and bacterial transcripts during an 

infection (Westermann et al., 2012). To date, there have been numerous RNA-seq 

experiments separately examining chlamydial biology and infection from either a host-centric 

or chlamydial-specific point of view. Host cells have been predominantly from human and 

mouse tissues or from in vitro models of infection, while chlamydial species include C. 

trachomatis (Albrecht et al., 2010; Belland et al., 2003a; Belland et al., 2003b; Grieshaber et 

al., 2018), C. pneumoniae (Beaulieu et al., 2015; Wang et al., 2013), C. muridarum (Johnson 
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et al., 2018; O'Connell et al., 2011), C. caviae (Wali et al., 2014), C. psittaci (Paul et al., 2018) 

and C. pecorum (Phillips et al., 2019). Only one dual-RNA-seq experiment has analysed both 

the host and chlamydial transcripts simultaneously (Humphrys et al., 2013). Their depletion 

technique removed rRNAs in all samples, followed by subjecting half of these libraries to 

polyA depletion to further enrich chlamydial transcripts. Although two depletion methods 

were used, it is uncertain if this did increase the abundance of chlamydial transcripts. 

Host-based RNA-seq experiments in an infection setting will typically try and achieve a ratio 

of 1 infectious bacterial entity per host cell. This ratio is referred to as the multiplicity of 

infection (MOI), with an MOI of 1 indicating a 1:1 ratio, and is frequently used to assess 

baseline changes in both organisms without any directional bias. RNA-seq and microarray 

experiments that have focused on chlamydial infection have utilised a range of MOIs ranging 

from 1 (Yeung et al., 2017) to 100 (Belland et al., 2003b; Wang et al., 2013); with higher 

ratios helping to exaggerate and highlight the chlamydial impact. However, too high an MOI 

and the whole monolayer of cells dies before the infection can proceed. In addition, a higher 

MOI has been shown to reduce the length of the development cycle due to the underlying 

stress this places on host cells, but also has the ability to rapidly produce large numbers of 

infectious progeny (Lyons et al., 2005; Miyairi et al., 2006). 

In this experiment, both host and chlamydial gene expression were examined applying dual-

RNA-seq to in vitro C. trachomatis-infected HEp-2 epithelial cells. The first aim was to 

understand the influence different MOIs have on sequence capture rates, but also the 

transcriptional variation from Chlamydia and the host-cell. The second aim attempted to 

improve the enrichment of chlamydial reads by comparing different RNA depletion methods. 

To address these questions, two time points were chosen covering the chlamydial 

developmental cycle (1 and 24 hours), with each time point split into three MOIs (0.1, 1 and 

10), each in triplicate. Each of these biological replicates (16 samples) were split in half, 
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where one library was prepared solely with rRNA depletion, while the second was prepared 

with rRNA depletion followed by polyA depletion (Figure 5.1). 

 

5.2. Methods 

5.2.1. Cell culture and infection 

Human epithelial type 2 (HEp-2) cells (American Type Culture Collection, ATCC No. CCL-

23) were grown as monolayers in 6x 100 mm tissue culture dishes until cells were 90% 

confluent. To harvest EBs for the subsequent infections, additional monolayers were grown 

and infected with C. trachomatis serovar E in sucrose phosphate glutamate (SPG) as 

previously outlined (Tan et al., 2009). The resulting EBs and cell lysates were then harvested 

and used to infect new HEp2 monolayers (Figure 5.1A). 

Infections for each dataset used the previously prepared HEp2 monolayers, infecting with C. 

trachomatis serovar E in 3.5 mL SPG buffer as previously outlined (Tan et al., 2009); 

infections were synchronised using centrifugation. EBs were introduced into monolayers 

from three MOIs (0.1, 1 and 10) using 1:10 dilutions beginning from an MOI of 10. EBs were 

quantified as previously described (Humphrys et al., 2013). To remove non-viable or dead 

EBs, each sample was incubated at 25ºC for 2 hours, and washed twice in SPG. Cell 

monolayers were incubated at 37ºC with 5% CO2, including the addition of 10 mL fresh 

medium (DMEM+10% FBS, 25 g/ml gentamycin, 1.25 g/ml Fungizone). After each 

infection time point, the infected and uninfected dishes were harvested by scraping and 

resuspending in 150 L sterile PBS. Any resuspended samples were stored at 80°C. 
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Figure 5.1: Experimental process and design 

A) The process of growing cell cultures and harvesting (elementary bodies) EBs to use for

downstream experiments is a time-consuming process spanning multiple days. The resulting

EBs were used for three different infection ratios (multiplicity of infection) of 0.1, 1 and 10. 

After infections, samples were left for 1 hour and 24 hours. Each replicate was then prepared
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with rRNA or rRNA plus PolyA depletion, generating 32 samples in total.  B) Showing the 

percent of Human and chlamydial reads across the experimental design.  C) By combining 

rRNA depletion and polyA depletion, we were able to increase the capture efficiency of

chlamydial transcripts at both time points and across MOIs. 

 

5.2.2. Library preparation and sequencing 

Ribo-Zero rRNA Removal kits (Human/Mouse/Rat and Gram-negative) were used to deplete 

samples of both human and gram-negative bacterial rRNA. Equivalent volumes from each kit 

were combined, thereby allowing the removal of bacterial and human rRNA simultaneously 

within each sample. Each sample was equally separated, with one half subjected to polyA 

depletion by the Poly(A) Purist Mag purification kit (Ambion), whereby removing host-based 

polyA transcripts to allow the enrichment of bacterial transcripts. Magnetic beads were used 

to bind to polyA mRNAs and were extracted from the solution with a magnet. Samples with 

combined depletion methods were further purified using Zymo-Spin IC columns (Zymo 

Research) before being re-combined for library construction. 

The mRNA libraries were prepared from depleted samples as previously stated at 1 and 24 

hours post infection, using the TruSeq RNA Sample Prep kit (Illumina, San Diego, CA) per 

the manufacturer's protocol with IGS-specific optimisations. Adapters and indexes (6 bp) 

were ligated to the double-stranded cDNA, which was subsequently purified with AMPure 

XT beads (Beckman Coulter Genomics, Danvers, MA) between enzymatic reactions and size 

selection steps ( 250 to 300 bp). The resulting libraries were sequenced on an Illumina 

HiSeq2000 using the 100 bp paired-end protocol at the Genome Resource Centre, Institute 

for Genome Sciences, University of Maryland School of Medicine. 
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5.2.3. Bioinformatic analysis 

Sequencing reads were trimmed and quality checked using Trim Galore (0.45) 

(https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) and FastQC (0.11.5) 

(Andrews, 2010). Host reads were aligned to the human genome (GRCh 38.87) using STAR 

(2.5.2b) (Dobin et al., 2013), while chlamydial reads were aligned to the Chlamydia 

trachomatis (serovar E, Charm001) genome using Bowtie2 (2.3.2) (Langmead and Salzberg, 

2012) with additional parameters of ‘1 mismatch’ and ‘–very-sensitive-local’. Samtools (1.6) 

(Li et al., 2009) was used to remove duplicate reads in addition to only keeping mapped reads 

in both the host and chlamydial BAM files. To remove reads that mapped to both genomes, 

we first extracted the mapped reads back into paired-end fastq files using bedtools (2.26.0) 

(Quinlan and Hall, 2010). Reads were then aligned using the initial mapping software to the 

reciprocal genomes. Any reads that mapped to both genomes were removed from the 

originating BAM files using the “FilterSamReads” command from Picard tools (2.10.4) 

(Wysoker et al., 2013). Additional quality control metrics were examined using Bamtools 

(2.5.1) (Barnett et al., 2011), MultiQC (1.2) (Ewels et al., 2016) and various in-house scripts. 

Features (genes) were counted using featureCounts (1.5.0-p1) (Liao et al., 2014) with 

additional parameters of “-Q 10 -p -C”. Genefilter (1.64.0) ((Gentleman et al., 2018) was used 

to filter out genes with low counts, where host genes were retained if expression > 50 in at 

least three samples. To accommodate the vast differences in expression between host and 

chlamydial reads, a separate filter was used retaining chlamydial genes with expression > 10 

in at least three samples. Chlamydial and host reads were further separated by time point due 

to the large amount of variability in expression between an MOI of 0.1 at 1 hour to an MOI 

of 10 at 24 hours. Once separated, library normalisation was performed using the trimmed 

mean of M-values (TMM) method (Robinson and Oshlack, 2010). 
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To identify outliers, four PCA bi-plots were generated from library normalised counts using 

PCATools (0.99.13) (Blighe and Lewis, 2018), where eigenvalues from PC1 and PC2 for 

each replicate were calculated and used to highlight outlier samples if an eigenvalue was > |3| 

standard deviations from the mean within that group. If an outlier was removed, eigenvalues 

were recalculated and the process repeated until no further outliers were detected. To 

determine the underlying variation at each principal component, the “plotloadings” function 

within PCATools (Blighe and Lewis, 2018) was used. 

Differential expression was performed with edgeR (3.24.3) (Robinson et al., 2010), adding 

the difference between the depletion methods as a blocking factor, whereby allowing MOI 

and time point comparisons to utilise all six replicates to increase significance. Host DE genes 

were uploaded and enriched for KEGG pathways using the Enrichr database (Kuleshov et al., 

2016). Relevant host pathways were determined using the combined score with a cutoff of > 

50. Combined scores were calculated by adding together the combined scores comparing 

MOIs 0.1 vs 1, and 1 vs 10. Enrichment of chlamydial DE genes was performed using the 

‘UniProt Keywords’ feature of STRING (11.0) (Szklarczyk et al., 2018). 

 

5.3. Results 

5.3.1. Quantifying expression differences between host and 
chlamydial reads 

Dual RNA-seq was applied to C. trachomatis serovar E-infected human HEp-2 epithelial cells 

in triplicate at 1 and 24 hours post-infection (hpi). Within each time point, three MOIs were 

used (0.1, 1 and 10), in addition to two depletion methods 1) rRNA depletion, 2) rRNA 

depletion and polyA depletion; totalling 36 samples across the experimental design. 
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Capture rates of chlamydial reads at early time points is challenging due to limited biological 

activity, where the majority of transcripts in a sample (>99%) will be associated with the host 

(Humphrys et al., 2013). We increased the sequencing depth at 1 hour (> 6 fold) to try and 

capture more chlamydial reads; generating 391,847,337 mapped reads at 1 hour compared to 

63,710,236 mapped reads at 24 hours. Even with this greater depth of sequencing at 1 hour, 

the number of chlamydial reads was still quite low; especially at an MOI of 0.1 with an 

average of 1,407 reads across the six replicates. However, as the MOI increases, we do see an 

increase in chlamydial transcripts, with average mapped reads of 10,392 (MOI 1), and 55,426 

(MOI 10) (Figure 5.2A). At 24 hours we see an expected increase in the number of 

chlamydial reads, following a similar trend with 1 hour, where the number of mapped reads 

increases as the MOI increases (Figure 5.2B). The number of mapped host reads tends to 

vary more than the chlamydial reads, particularly between depletion methods of the same 

MOI (Figure 5.2C-D). This is likely due to the increased variety of host transcripts resulting 

from post-transcriptional modifications, such as polyadenylation, which does not occur in 

bacterial systems. 

When examining the proportions of host and chlamydial reads together across the 

experimental design, we see that 1 hour is dominated by host reads, while at 24 hours we see 

a gradual increase of chlamydial reads as the MOI increases. Surprisingly, at 24 hours with 

an MOI of 10, the proportion of chlamydial reads across all replicates is over 60% (Figure 

5.1B). 
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Figure 5.2: Human and chlamydial mapped reads 

The number of mapped sequence reads to both human and chlamydial genomes. Green bars 

represent an MOI of 0.1, orange 1, and blue 10. Light shaded colours represent the rRNA

depletion method, while darker shades represent rRNA and polyA depletion methods

combined.  A) Low numbers of chlamydial mapped reads at lower MOIs, but a substantial 

increase at an MOI of 10.  B) At 24 hours the number of captured transcripts dramatically

increases from 1 hour, but follows a similar distribution with a spike of reads at an MOI of

10.  C) At early time points, chlamydial genes are expressed at low quantities and are often

challenging to capture. The substantial increase in mapped host reads at 1 hour was a result 

of increasing sequencing depth with an aim of capturing more chlamydial-based transcripts.

D) As the MOI increases at 24 hours, the number of mapped host reads declines. 
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5.3.2. Combining depletion methods increases yield of bacterial 
transcripts 

We attempted to capture chlamydial reads by combining two depletion methods (rRNA 

depletion and polyA depletion). The addition of polyA depletion should theoretically remove 

any polyadenylated host transcripts, thereby increasing the relative amount of chlamydial 

transcripts available to be captured and sequenced. 

Overall, we see an increase in chlamydial reads when combining depletion methods. Even at 

1 hour, when there are limited transcripts circulating within the cell, we still see an average 

increase of 2.0x. At 24 hours, when more chlamydial transcripts are being expressed, we see 

an average increase of 1.5x more reads. Interestingly, at 24 hours as the MOI increases, the 

capture efficiency begins to decline slightly from 1.7x to 1.2x (Figure 5.1C). 

 

5.3.3. Differences in chlamydial expression between depletion 
methods 

PCA bi-plots were created to compare the expression profiles across replicates from both 

depletion methods. At 1 hour, we see minimal separation at an MOI of 1 and 10 compared to 

0.1 where replicates appear separated and not grouped by depletion method as expected 

(Figure 5.3A). However, none of the replicates were considered outliers using a robust 

statistical approach (see Methods 5.2.3). We therefore attribute this variability to the low 

number of chlamydial reads present at an MOI of 0.1 as identified earlier. At 24 hours a 

distinct separation between depletion methods within each MOI can be easily visualised 

(Figure 5.3B). 

To understand if the variability between depletion methods is driven by a small subset of 

highly expressed genes, or an assortment of genes, we extracted the top 5% of genes driving 

the underlying variation at PC1 and PC2 for each MOI (Figure 5.3C-D). At both time points, 
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we see subsets of genes specific to each MOI, indicating that each MOI may be inducing a 

different chlamydial response. In addition, overlapping genes highlight that the variation 

between depletion methods was also captured and overlaps considerably. Therefore, the 

inclusion of polyA depletion increases bacterial reads and does not seem to be driven by small 

subsets of highly expressed transcripts, but allows for a wide array of transcripts to be 

captured. 

 

Figure 5.3: Chlamydial-based expression differences between depletion methods 

A) At 1 hour, minimal separation is seen apart from at an MOI of 0.1 where replicates appear

to not group or cluster together.  B) At 24 hours, replicates group together within the same

depletion method, while separation is seen between depletion methods at each MOI.
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Extracting the top 5% of genes driving variation from PC1 and PC2 between depletion

methods. At 1 hour C) and 24 hours D), we see subsets of genes overlapping MOIs in addition

to MOI-specific subsets. 

 

5.3.4. The removal of polyA transcripts increases non-protein 
coding host gene expression 

Examining PCA bi-plots for host reads show tight clustering between replicates, but also 

highlights the separation between depletion methods (Figure 5.4A-B). Extracting the 

underlying genes contributing the variation at PC1 and PC2, numerous non-coding genes 

were identified. To calculate the percent of protein coding versus non-protein coding 

expression, gene expression was averaged across replicates after separation by experimental 

conditions (time point, MOI and depletion method) (Figure 5.4C). Across both time points 

we see an average of 2.8x more non-protein coding expression when combining rRNA and 

polyA depletion, with the highest proportion occurring at an MOI of 0.1 (3.4x at 1 hour and 

4.9x at 24 hours). Although the majority of expression comes from protein-coding genes 

(Figure 5.4C), non-protein coding expression contributed to the separation of depletion 

methods as observed in the PCA plots (Figure 5.4A-B). By characterising the most common 

non-protein-coding biotypes, we see mitrochondrial rRNA (MT rRNA), small nucleolar 

RNAs (snoRNA), miscRNA and long intergenic non-coding (lincRNA); but without any 

statistically significant trends separating time points, depletion methods or MOI (Figure 

5.4D). 

To identify potentially influential non-protein coding genes, we used the top 200 expressed 

genes from both depletion methods and extracted a subset of genes that occur frequently 

(across 3 or more conditions) (Figure 5.4E). Of the 12 genes identified, 5 were snoRNAs 
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which are involved with RNA modifications, and are among the most highly abundant non-

coding RNAs (ncRNAs) in the nucleus (Huang et al., 2017). The MT-RNR1 (12S RNA) and 

MT-RNR2 (16S RNA) genes encode the two rRNA subunits of mitochondrial ribosomes, and 

are generally always highly expressed within eukaryotic cells (Shutt and Shadel, 2010). 

LincRNAs include CCAT1, which is linked to cell growth and regulation of EGFR (Jiang et 

al., 2018), while MALAT1 and NEAT1 co-localise to hundreds of genomic loci, 

predominantly over active genes (West et al., 2014). 
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Figure 5.4: Host-based expression differences of protein coding and non-protein 

coding genes between depletion methods 
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A) PCA plots show tight grouping between replicates, but separation at each MOI and

depletion method.  B) Similar grouping trends to 1 hour, but with an MOI of 10 much further 

separated.  C) An overall increase in non-protein coding expression is observed when

combining depletion methods.  D) The majority of expression for all conditions is from

protein coding genes. While non-protein coding genes are dominated by four biotypes, with 

Mt rRNAs the most highly expressed.  E) Non-protein coding genes that are within the top

200 expressed genes at each MOI, and overlap 3 or more conditions. 

 

5.3.5. Increasing infection highlights minimal changes to highly 
expressed host and chlamydial genes 

To determine whether the host or chlamydial transcriptional-profile changes in relation to the 

ratio of EBs per cell, highly expressed genes were compared against an MOI of 1. Chlamydial 

transcripts were examined from the combined depletion replicates, as more transcripts were 

captured (Figure 5.1C), thus giving a more representative profile. Host reads were taken from 

just the rRNA depleted replicates, as these were shown to contain more of an accurate 

representation of protein coding and non-protein coding genes (Figure 5.4C). 

Each of the four panels (Figure 5.5) contains two graphs. The first graph contains the top 50 

expressed genes taken from an MOI of 1, while the second graph shows the ranked-positions 

of these top expressed genes. At 1 hour, there is slightly less chlamydial expression at an MOI 

of 0.1, and slightly more expression when additional EBs are introduced at an MOI of 10 

(Figure 5.5A). The ranking chart to the right shows that 9/10 of the top expressed genes 

remain the same across the three MOIs. The top 25 genes from the host’s response at 1 hour 

share highly similar expression profiles (Figure 5.5B); with only two mitochondrial-based 

genes (MT-RNR1 and MT-RNR2) at an MOI of 10 standing out with lower expression. The 

ranking chart shows 7/10 top expressed genes remaining constant across the three MOIs, 
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similar to the chlamydial profile. At 24 hours, similar expression profiles of the top 25 

expressed chlamydial genes are seen, irrespective of MOI (Figure 5.5C). Rankings are also 

similar, with only slight variations in the top ten genes, and 16/20 of the top expressed genes 

remain identical. The host expression profile at 24 hours is consistent at an MOI of 1 and 0.1, 

whereas the expression pattern is more widely distributed at an MOI of 10; again with MT-

RNR1 and MT-RNR2 exhibiting lower expression (Figure 5.5D). Although the top ranked 

genes exhibit more variability within their rankings compared to 1 hour, 90% of the top 

expressed host genes appear at both time points. Functional characterisation of the genes 

shows their involvement with general cell-based growth events, such as ribosomal-based 

processes, metabolism, and cytoskeletal components (Supplementary File 1). Many top 

ranked host genes are also non-protein coding as identified by an asterisk (*). However, with 

limited annotation available, their characterisation in to infection-association functions are 

limited. Of the annotated non-protein coding genes, they appear to be involved with general 

cell regulatory processes. Only seven chlamydial genes overlap both time points, which was 

anticipated, as two different biological events are occurring at these times, including infection 

mechanisms at 1 hour, and growth-related processes at 24 hours. Functional characterisation 

of these overlapping genes identifies membrane proteins and transcription/translation 

machinery, which are needed throughout the developmental cycle (Supplementary File 1). 
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Figure 5.5: Top 25 expressed host and chlamydial genes across MOIs 

Each quadrant contains two graphs: the first showing the top 50 expressed genes across each

MOI (taken from an MOI of 1), while the second ranks those same genes for direct

comparison.  A) Chlamydial expression at 1 hour shows a slight upwards trend as the MOI

increases, with high similarity in the ranked order.  B) Host expression at 1 hour shows

consistent expression across MOIs apart from two mitochondrial genes (MT-RNR1 and MT-

RNR2) with low expression at an MOI of 10. Rankings of the top ten genes are also highly

similar.  C) At 24 hours, chlamydial expression seems to be less influenced by MOI.  D) Host 

expression at 24 hours shows a slight increase in overall expression, while the MOI of 10 has

begun to have more of a varied range of expression compared to 1 hour. Ranked genes also 

remain highly similar. 

 

5.3.6. Comparative analysis between MOIs show increased 
expression of inflammatory and immune-based host 
genes 

To compare and contrast how infected host cell expression responds to increased bacterial 

loads, we examined differentially expressed (DE) genes between the different MOIs. At 1 

hour, the majority of genes (87% from 0.1 to 1, and 67% from 1 to 10) exhibited an increase 

in regulation as the MOI increased (Figure 5.6A). By enriching DE genes which are up-

regulated and overlap both comparisons, pathways that exhibit an increase in expression as 

the MOIs increase were identified (Figure 5.6B). The same method was applied to down-

regulated genes. No continuously down-regulated pathways were identified. The top four up-

regulated pathways highlight similar host immune regulated functions that include (TNF 

signalling), (NF- B signalling), (NOD-like receptor signalling) and (Cytokine-cytokine 

receptor interaction); with the proinflammatory cytokine TNF exhibiting almost double the 
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combined score of the next highest. This reflects the known strong immune-based responses 

to chlamydial infection. Pathways are associated with primary defence mechanisms, thus its 

plausible that they should exhibit increased expression in concert with bacterial load. 

To further examine influential genes underlying these pathways, ‘trended-genes’ were 

extracted. The criteria consisted of an expression profile that at least doubled (fold-change 

>2) for each comparison, in addition to showing a continued increase from an MOI of 0.1 to 

10. In total, 46 genes were identified that trended-upwards (Figure 5.6C); no genes trended 

downwards. These trended-genes further highlight that the underlying host-mechanisms to 

increased infection at initial stages are predominately immune system associated 24/46 (52%), 

encompassing cytokine signalling, chemokines and interleukins. 

The number of DE genes at 24 hours show an even distribution of fold-changes compared to 

1 hour, with 49% up-regulated comparing MOIs 0.1 and 1, and 50% comparing 1 and 10 

(Figure 5.6D). Enriched pathways that are continuously up-regulated include (TNF 

signalling) and (NF- B signalling), which are the same top two pathways found at 1 hour, 

and strongly linked to inflammation (Lawrence, 2009). We also see two enriched pathways 

that become down-regulated as the MOI increases: (Carbon metabolism) and the (Citrate 

cycle (TCA cycle)) (Figure 5.6E). This decrease in key metabolism is likely due to cells 

prioritising defence over growth as the infection escalates. 

Examining trended-genes at 24 hours uncovers 1 gene exhibiting decreased expression 

(TXNIP), and 14 genes with increased expression (Figure 5.6E). TXNIP (Thioredoxin 

Interacting Protein) is a thiol-oxidoreductase involved in redox regulation which protects cells 

against oxidative stress (Chutkow et al., 2008). Chlamydial-specific studies have identified 

an increase in reactive oxygen species (ROS) at early time points, but expression is rapidly 

reduced shortly afterwards (Boncompain et al., 2010). A further study has suggested that the 

redox state within a cell could be a regulator in Chlamydia-induced apoptosis (Schoier et al., 
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2001). However, it is difficult to know if this decreased regulation is directly linked to 

chlamydial infection and what advantages an oxidative cellular environment would provide 

at this developmental stage. Genes with increased expression fall into three main categories: 

cytokines and inflammation (6 genes), viral-based immune response (5 genes), and ubiquitin-

related immune responses (3 genes). As anticipated and seen at 1 hour, expression of key 

immune related genes increases with an increased burden. Only 4 genes overlapped both time 

points that also increased expression across MOIs (CXCL1, CXCL2, CXCL8 and IL6), 

indicating their importance as immune mediators against infection. 
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Figure 5.6: Comparison of differentially expressed host genes across MOIs 
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A) An increase of up-regulated genes at both MOI comparisons (1 vs 0.1 and 10 vs 1) is seen 

at 1 hour.  B) Extracting and enriching genes that overlap both comparisons and are also up-

regulated, show pathways involved with immune and inflammatory responses.  C) Trended 

genes are determined from exhibiting a fold-change > 2 and following the same regulation 

pattern at both comparisons. At 1 hour, 46 up-regulated ‘trended-genes’ further highlight the

association with the immune system with over 50% of genes grouped in to cytokine 

signalling, chemokines and interleukins.  D) At 24 hours the numbers of up and down-

regulated genes is much more even (49% and 50%) than 1 hour.  E) The top two up-regulated 

pathways are repeated at both time points, while down-regulated pathways are associated with

metabolism and likely indicate cells shifting into defence mode as infection increases.  F)

Trended-genes further highlight immune responses, in addition to viral and ubiquitin-related 

immune responses. 

 

5.3.7. Comparative analysis of chlamydial expression between 
MOIs 

DE genes were also identified in order to explore any chlamydial-based changes attributed to 

different MOIs. The number of DE genes at 1 hour reflected the underlying minimal 

expression profiles already identified (Figure 5.2), with 47 DE genes comparing MOIs 0.1 

and 1, and 23 genes comparing 1 and 10 (Figure 5.7A). At 24 hours, the increase in 

underlying expression resulted in an increase in DE genes, with 81 comparing MOIs 0.1 and 

1, while over half (56%) of the chlamydial genome (566/1008 genes) showed a significant 

change in regulation comparing MOIs 1 and 10 (Figure 5.7B). 

No chlamydial genes increased across MOIs at either time point, while only two genes 

decreased: SCLA1|TEF25 (Succinyl-CoA Synthetase) at 1 hour, and CT726 (tRNA) at 24 
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hours. The decrease of transfer RNAs (tRNA) at 24 hours is slightly surprising, considering 

they are an important component of translation, and would likely be in abundance during this 

growth phase of the developmental cycle. Also surprising is a decrease in Succinyl-CoA 

synthetase, which is involved with the citric acid cycle and cellular metabolism (Phillips et 

al., 2009). One hypothesis is that, as more EBs are introduced, the likelihood of multiple 

infections within a cell increases. It is possible that some inclusions are benefitting from 

effector proteins already circulating within the cell from existing inclusions. 

Due to low numbers of DE genes at 3 of the 4 comparisons, enrichment was only possible 

comparing MOIs 1 and 10 at 24 hours (Figure 5.7C). Down-regulated ontologies comprise 

genes that show decreased expression at a higher MOIs. Results also show unexpected 

functions such as ‘ATP-binding’ and ‘Lipid biosynthesis’, which would generally be 

associated with chlamydial growth. This may highlight the possibility that inclusions may 

benefit from effector proteins already in existence, likely reducing the need to express these 

genes and associated processes. Up-regulated genes cover a wider range functions, with half 

associated with different binding mechanisms facilitating transcription and growth (RNA-

binding, rRNA-binding, Metal-binding and Nucleotide-binding); which is expected at this 

stage of the developmental cycle, especially with a ten-fold increase in EBs. 
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Figure 5.7: Comparison of differentially expressed chlamydial genes across MOIs 

A) Volcano plots after differential comparisons between MOIs at 1 hour show minimal

differentially expressed (DE) genes.  B) Differential comparisons at 24 hours show a slight

increase in DE genes comparing MOIs 0.1 and 1, with a further considerable increase 

comparing MOIs 1 and 10.  C) The increase in DE genes comparing MOIs 1 and 10 at 24

hours allowed enrichment of up and down-regulated genes. 
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5.4. Discussion 

5.4.1. The influence of increasing MOI on host cell gene 
expression 

There is a finite balance when infecting monolayers to accurately measure both host-cell and 

chlamydial transcriptional responses. This experiment used a standard MOI of 1, in addition 

to a ten-fold increase (MOI 10) and decrease (MOI 0.1). One reason to increase the MOI is 

to examine early time points of infection when chlamydial transcripts are in low quantities as 

seen in (Figure 5.2A). In this experiment, when increasing the MOI to 10 at both time points, 

an increased capture rate of chlamydial transcripts was observed, confirming the suitability 

for early times (Figure 5.2A-B). However a challenge when working with higher MOIs is 

that some cells may form multiple inclusions which may skew host-cell responses beyond 

what may be seen in a real-world infection setting (Suchland et al., 2005). When looking at 

an MOI of 10 at 24 hours, we see over 60% of total captured transcripts from Chlamydia. 

Although this may not be representative of an in vivo infection, it is highly useful when 

focusing on chlamydial-based mechanisms. However, this does raise a question regarding a 

theoretical maximum proportion of chlamydial reads that can exist within a host cell during 

the developmental cycle, particularly at the later stages of infection. This was highlighted 

from Figure 5.2E at 24 hours, where we see a single replicate showing a staggering 74% of 

all transcripts associated with chlamydial expression. However, it was challenging to 

determine from this experiment if the increase in EBs had a corresponding influence in 

reducing the length of the developmental cycle due to possible synergistic interactions and 

shared resources. A future dual-RNA-seq study following the time course of Miyairi et al., 

2006, but replacing biovars for MOIs would be intriguing. 
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5.4.2. Combining depletion methods increases capture rate of 
chlamydial transcripts 

By combining rRNA and polyA depletion methods, we clearly observe an increased capture 

rate of chlamydial transcripts. These additional transcripts do not appear to be from a small 

subset of genes dominating capture, but from a wide range expressed genes (Figure 5.3). 

However, host-based expression is affected, with expression of non-protein coding genes 

increasing (Figure 5.4); suggesting it may only be beneficial for future chlamydial-specific 

sequencing approaching to use both depletion methods. 

 

5.4.3. Experimental and infection-based limitations 

While sequencing costs continue to decrease, the cost still influences the number of replicates 

and the underlying experimental design. One limitation of this design which was not able to 

be included due to cost constraints, was the addition of uninfected controls at each time point. 

This would have enabled us to tease out what are general cell regulatory processes and what 

is actually infection-specific. Theoretically uninfected replicates from the previous dual-

RNA-seq experiment (Humphrys et al., 2013) could be used as the time points overlapped, 

and the samples were sequenced on the same machine and at the same sequencing facility 

(reducing any confounding effects). However, the data was not available. 

An advantage of RNA-seq is the large number of cells that are able to be sequenced in parallel. 

However, a drawback with infection-based studies is the complexity associated with 

infection, which include the various developmental stages of host cells, different rates of 

infection, and that some cells will successfully repel infection. Coupling scRNA-seq (as seen 

in Chapter 4), but including fluorescent tags to sort cells based on infection status, cell cycle 

and other identifiable tags (Gedye et al., 2014; Pozarowski and Darzynkiewicz, 2004), would 
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provide a greater resolution and reduce some of these infection-based limitations. Further 

resolution could be obtained from ex vivo tissues, examining the spatial relation between cells, 

each cells relative location and their corresponding gene expression. Spatial transcriptomic 

and imaging techniques such as the HyperionTM Imaging System allow these types of 

interrogations for further characterisation of tissue structures, cell types, cell populations and 

spatially patterned gene expression and proteins associated with infection (Eng et al., 2019; 

Rodriques et al., 2019; Uraki et al., 2019). 

 

5.4.4. How dynamic is the chlamydial response 

Differentially expressed and trended genes (Figure 5.6) identified transcriptional responses 

the host cell uses during an infection, which appears to be from a similar subset of key genes 

at both times. Genes are associated with immune related pathways, specifically inflammation; 

with increased expression as the MOI increases. As the concentration of EBs increases 

provoking this increased immune response, host cells will likely become overwhelmed if the 

numbers of EBs become too high. We hypothesise this could be an advantage for Chlamydia 

if a large proportion of host cell expression is focused towards immune responses, and if they 

already have a way of countering these, then other host processes may be easier to interfere 

with and possibly hijack. We anticipate this would most likely occur at higher MOIs where 

we have observed the most difference, particularly at 24 hours or latter stages of the 

developmental cycle. 
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5.5. Conclusion 

This work highlights how future RNA-seq studies that examine bacteria-infected mammalian 

cells could increase sequence capture rates by combining rRNA and polyA depletion 

methods. This is particularly relevant for expression studies examining early time points, 

irrespective of the infecting bacterial agent, as low bacterial expression is generally observed. 

Three different MOIs highlighted that significantly more chlamydial transcripts were 

captured at both time points when using an MOI of 10. However, although a higher MOI may 

be useful for capturing chlamydial-specific biology in vitro, the increased burden on host cells 

may not be representative in vivo infections. Overall, these outcomes can help influence future 

NGS-based experimental designs to achieve more specific infection-related biological 

outcomes, particularly from Chlamydia-infected cells. 
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5.6. Supplementary files 

 

Supplementary File 5.1 Functional characterisation of highly expressed genes 

overlapping all MOI ratios 

Functional characterisation from top 25 highly expressed genes (host and chlamydial) that 

overlap all three MOI ratios. 

Supplementary File 5.1.xlsx 
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6.1. General discussion 

6.1.1. Functional characterisation of chlamydial genes and their 
relationship with host cells is not completely understood 

Chlamydia spp. can infect a wide range of hosts and tissue types, resulting in different disease 

pathologies. C. trachomatis and C. pneumoniae primarily infect humans with disease 

outcomes causing major socio-economic burdens. Recently, Chlamydia spp. have been 

identified crossing host barriers and infecting new hosts, specifically humans. The majority 

of these cases have been identified in farmers who are in close contact with livestock and thus 

a different range of pathogens (De Puysseleyr et al., 2017; Lagae et al., 2014). The 

implications of these zoonotic transmissions may bring about more disease manifestations, 

adding more challenges and increased burden from an already wide-spread pathogen. 

Although the chlamydial genome was one of the first genomes to be sequenced, we still do 

not have a comprehensive understanding of the functionality from all the encoded genes and 

effector proteins, due to the complexities related to its developmental cycle. Many studies 

have predominantly examined single mechanisms, such as attachment, cell entry, host 

interactions and cell exit, due to the time-consuming processes involved with cell culturing 

and experimental techniques. As a result, many of these approaches also have limited scope 

for genetic modifications to enable confirmation of gene functions. Due to these restrictions, 

identifying and characterising chlamydial genes, effector proteins and many of the host cell 

interactions has been limited. For example, in the genome of the Chlamydia E CHARM001 

isolate that was used for these experiments, 356 (35%) hypothetical proteins remain 

uncharacterised. In addition, many of the annotated genes involvement in targeting host 

processes remain unknown. 



General discussion and future directions 

247 

Genomes across chlamydial species are highly similar, but encode different effector proteins 

that may reflect a diversity of infection processes specific to different hosts, tissues and/or 

cells. Examining single biological processes and interactions through traditional approaches 

are still needed and will continue to identify novel biological functions. 

An advantage of using NGS approaches is the identification of infection-specific genes and 

pathways genome-wide, which can often highlight novel complex genetic interactions that 

have previously been uncharacterised or are unknown. Results from these studies can 

therefore provide directions for specific targets for further characterisation. This may be 

through traditional approaches, or more recent transformation-based systems (transposon 

mutagenesis and CRISPR) where genes can be knocked out more efficiently to create 

genetically transformed mutants which can then be used to probe infection mechanisms and 

host-interactions. Currently there is a wealth of knowledge from different sequencing 

approaches examining chlamydial infection genome-wide, containing gene-set enrichments 

and pathway analyses as highlighted in Chapter 1. With sequencing costs decreasing and 

more efficient and cost-effective sequencing approaches being developed, more data will be 

generated that can be used to help decide which genes and pathways to target and investigate 

infection processes further. 

Therefore, the next period of chlamydial research has the potential to be a ‘golden age’, where 

genome-wide NGS approaches will be combined with transformation systems, animal 

models, human tissues and other methods such as microscopy, to efficiently unravel the full 

repertoire of effectors and other chlamydial proteins that govern the likely diverse interactions 

with the infected host cells and tissues. 
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6.1.2. Single cell RNA-seq 

6.1.2.1. Key outcomes and summary  

This pilot dataset is the first single-cell resolution study examining the host cell response to 

chlamydial infection, and is amongst a limited number of studies examining bacterial 

infections of host cells at the single cell level. Despite the limitations arising from a relatively 

low number of single cells, the analyses do highlight infection-specific host cell biology, 

including two distinct clusters separating 3 hour cells from 6 and 12 hours. This confirms that 

host cell responses to infection can be distinguished by time. Pseudotime analysis identified 

a possible infection-specific cellular trajectory for Chlamydia-infected cells, and differential 

expression identified temporally expressed genes involved with cell cycle regulation, innate 

immune responses, cytoskeletal components, lipid biosynthesis and cellular stress. This study 

also highlights the complex nature of infections, allowing considerations for future in vitro 

experiments, but also more complex disease models to be more fully explored, such as ex vivo 

experiments to capture different cell types and the full spectrum of the immune response. 

6.1.2.2. Single cell capture rates 

The average sequencing depth per cell in this experiment was high (~2.8 million reads) in 

comparison with other studies. Reviews recommend 500,000-1,000,000 reads is sufficient to 

capture the majority of expressed genes at single cell resolution (Haque et al., 2017a; Pollen 

et al., 2014). When planning single cell experiments, there will always be a compromise 

between sequencing more cells, or sequencing fewer cells to a greater depth. In an ideal world, 

costs would not be a factor, and both could be achieved. The current focus of much single cell 

biology has been discovering and characterising new cell types, creating cell atlases from 

different parts of the body, and from entire organisms (Grubman et al., 2019; Regev et al., 

2017; Van Hove et al., 2019). For these experiments, obtaining a higher yield of cells has 
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been beneficial to uncover as many cell types as possible, and has thus been the priority, as 

seen with some of the latest published experiments generating over 2 million cells (Cao et al., 

2019). 

Although many reviews claim to have an answer for the question: “how much depth is 

required to capture a cells expression profile” (Haque et al., 2017b; Rizzetto et al., 2017; 

Streets and Huang, 2014), this number is most likely to be underestimated. For example, to 

comprehensively capture the range of transcripts within a cell includes capturing all types of 

transcripts. Currently there are two main limitations: 1) Current protocols only capture 

polyadenylated transcripts, missing a large proportion of non-coding transcripts and 

essentially all bacterial transcripts. 2) Alternatively spliced transcripts are not typically 

examined (possibly due to low sequencing depth (Nguyen et al., 2018)), and, if we consider 

that over 95% of multi-exon human genes undergo alternative splicing (Chen and Manley, 

2009), we are missing a large proportion of the underlying transcripts. A further point is, at 

what point do we stop discovering new cell types? Particularly when we are now capable of 

generating > 1 million cells, but when we are only capturing < 1 million reads per cell. 

Therefore, a change in direction is likely to occur, where we will see a similar number of cells 

in future experiments, but at greater sequencing depths. 

6.1.2.3. Impacts of the cell cycle on chlamydial infection 

A range of cell cycle states were identified across the three time points and within each 

condition. These expression differences were controlled for as best as possible by treating 

them as a confounding effect and removing their influence via bioinformatic means. However, 

we know that chlamydial infection actively promotes spindle defects, leading to chromosome 

and genetic instability, including centrosome abnormalities (Johnson et al., 2009; Knowlton 

et al., 2011). Infected cells can still grow and divide, however the burden of infection causes 
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these cells to proliferate more slowly than uninfected cells (uninfected epithelial cells take 

approximately 3-4 days). This could also be a direct result of an infection strategy, or it could 

be an off-target effect of infection with possibly no benefit to the bacteria. This would be an 

intriguing study to control for different stages of the developmental cycle and monitor 

infection progression throughout cell division. This could also help answer the question: “are 

cells more susceptible to being infected when they are in the process of mitosis or not?”. 

Alternative approaches to bioinformatically controlling the cell cycle would be to use cell 

surface markers associated with cell division, which can be identified and separated with 

fluorescence-activated cell sorting (FACS) (Kim and Sederstrom, 2015). There are also 

chemical-assisted methods that can arrest and release at different stages, ensuring all cells are 

synchronised at specified cell cycle phases (Johnson et al., 2009). 

6.1.2.4. Heterogeneity of earlier time points 

As identified from different clustering analyses, the 3 hour cells showed considerable 

separation from cells at 6 and 12 hours. This is likely due to the highly asynchronous nature 

of attachment, uptake, and inclusion formation compared to more similar growth-based events 

at 6 and 12 hours. 3 hours was the earliest possible time point that could be chosen due to the 

timeframes involved with cell isolation and preparation using the Fluidigm C1 machine. With 

newer and more efficient droplet-based approaches (Zhang et al., 2019), it would be 

interesting to sequence earlier time points to see if they displayed more heterogeneity than 

what was observed at 3 hours, or if earlier time points clustered together. If enough cells were 

used, this data could help identify how similar, or how diverse early infection processes such 

as host-cell entry and inclusion formation are. 
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6.1.2.5. Infection-based considerations and challenges 

Throughout the course of infection, the host cell expression profile will change relative to the 

stage of the developmental cycle from the infecting pathogen. Changes can also be induced 

due to the complex nature of infections, where multiple cell states will likely occur within 

each stage. These include that more than one EB attached and entered the host cell, some cells 

were successful in eliminating the bacteria before fixation, the developmental cycle timing 

was vastly different to what was expected, or the cell was able to remove the inclusion at 

some point after an EB had entered. Some of these biological differences and similarities were 

highlighted after clustering in the PCA plots, revealing a range of different cell expression 

profiles and cell cycle states, but also revealing a high degree of similarity between conditions 

and time points at 6 and 12 hours. However, without either experimentally controlling for 

some of these factors, having a visual representation of each cell from microscopy, or 

additional fluorescent-based cell marker data, it is highly challenging to definitively predict 

events such as infection status and cell cycle stages. To help resolve this issue, future 

experiments could extract an internal subset or matched split of cells from the same 

experiment. These cells could be fixed and measured to confirm actual proportions of cellular 

infection status. 
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6.1.3. FAIRE-seq 

6.1.3.1. Key outcomes and summary 

By using the FAIRE protocol, host-cell chromatin accessibility was examined in response to 

an in vitro C. trachomatis infection. This is the first time chromatin accessibility dynamics 

have been examined in the chlamydial filed, and is amongst a limited number of studies 

examining host-cell responses to bacterial infections. Four time points spanned the in vitro 

developmental cycle, identifying both conserved and distinct temporal changes genome-wide. 

Differentially accessible chromatin regions were linked to genomic features and genes 

associated with immune responses, re-direction of host cell nutrients, intracellular signalling, 

cell-cell adhesion, extracellular matrix, metabolism and apoptosis. Temporally-enriched 

transcription factors from the same regions identified different Krüppel-like-factors (KLFs) 

which are ubiquitously expressed in reproductive tissues and associated with a variety of 

uterine pathologies; identifying a novel association with chlamydial infection. This work 

provides another perspective to the complex response to chlamydial infection, and will inform 

further studies of transcriptional regulation and the epigenome in Chlamydia-infected human 

cells and tissues. 

6.1.3.2. Assumptions about open chromatin 

When capturing the state of chromatin (open or closed) associated with a genomic feature, we 

are assuming that open areas are being actively transcribed, exposing regions to transcription 

factors and RNA polymerases. Because sequencing protocols are only capturing a snapshot 

in time, the dynamic nature of chromatin accessibility may be obscured. Therefore, regions 

of open chromatin could theoretically not be actively transcribed, as chromatin could be in 

the process of re-condensing, being repaired, insulated or silenced (Lynch and Rusche, 2009; 

Vignali et al., 2000; West et al., 2002). This is an interesting question and currently cannot be 
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answered by examining chromatin accessibility data alone. One solution to help rectify this 

would be to compare expression data from RNA-seq and other genome-scale analyses from 

the same samples, overlaying the corresponding expression patterns and highlighting exactly 

where open or closed chromatin leads to increased or decreased expression. It should be noted 

that although Chapters 4 and 5 do contain expression data, overlaying these data sets was 

either not possible (due to not having the correct controls) or did not yield any significant 

results. This is discussed in more detail in Section 6.1.5. 

Another consideration is the proportion of open and closed regions relative to what the 

underlying protocol was designed to capture. For example, the FAIRE and other chromatin 

protocols capture fragments of open chromatin; therefore, most results are likely biased 

towards capturing open chromatin. This may be seen in the data presented here (Figure 3.2). 

6.1.3.3. Location of significant peaks genome-wide 

Different chromatin accessibility protocols exist, each with their advantages and 

disadvantages as discussed in Chapter 1. With FAIRE-seq, peaks are often broader that its 

counterparts, and show a higher coverage at enhancer regions over promoter regions (Kumar 

et al., 2013). However, annotation of peaks from this data did not show this, with 

approximately the same number of enhancers (4%) and promoters (5%) (Figure 6.1). 
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Figure 6.1: Annotation of significant peaks 

Annotation of significant differential chromatin accessible peaks from FAIRE-seq data. Peaks 

were annotated based on their proximity to their closest feature, and summarised here as a

promoter (5%), enhancer (4%) or intragenic region (45%). Peaks were categorised as

intergenic if there were no closely annotated biological features, which resulted in 46% of the

overall significant peaks being unable to be annotated. 

 

Figure 6.1 also highlights that most peaks were located in intergenic regions (46%), which 

currently have no associated biological annotation. This is not an isolated phenomenon, as the 

majority of chromatin accessibility studies across different organisms including humans, 

identify large proportions of peaks that are biologically unknown. In this dataset, the 

intergenic peaks account for almost half of the data, highlighting that the full range of 

regulatory mechanisms influencing gene transcription are still to be discovered. 
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6.1.3.4. Bioinformatic challenges 

Analysis of this dataset often yielded small subsets of genes from which further enrichment 

and/or biological inference was challenging. This included the conserved host response, time-

specific gene expression, promoters and enhancers. The primary limitation is that software 

methods work best with higher gene numbers. When only low numbers are available, often 

no significant pathways are detected, or marginally significant pathways are biased based on 

a small number of reoccurring genes. To overcome this, genes from each subset were searched 

for and compared against different online sources, such as WikiGenes (Hoffmann, 2008), 

UniProt (UniProt, 2008), NCBI (Pruitt et al., 2007) and different literature. Annotation was 

based on consensus information, and then grouped based biologically similar themes, such as 

metabolism. Although some websites such as WikiGenes do have this functionality, many of 

their sources were not currently up to date, particularly in fields related to bacterial infections. 

To help solve this issue, perhaps training a machine learning algorithm to search through 

literature and these databases, could help perform this task much quicker and help collate the 

most up to date annotative information. 

A further challenge is the process of identifying TF binding motifs and the associated TF. The 

main issue is the lack of consensus between different software, often resulting in highly varied 

motif signatures and TFs that are limited to their internal databases or curated lists. To account 

for this, strict filters and thresholds were created as discussed in the methods section of 

Chapter 3, removing any ambiguous motifs, and ensuring that enriched TFs overlapped 

multiple online sources. When examining similar studies, many were not so strict with 

filtering or did not consult more than one annotative source. This highlights an area for 

considerable improvement, and the field would benefit from more up to date comparative 

reviews, particularly using different chromatin accessibility protocols. 
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6.1.4. Dual RNA-seq 

6.1.4.1. Key outcomes and summary 

This dataset is amongst a growing number of dual RNA-seq studies simultaneously examining 

host cell and bacterial expression, and is only the second study in the chlamydial field 

(Humphrys et al., 2013). Two time points were examined using three different MOIs and two 

different RNA depletion methods, to understand the influence the MOI has on the 

developmental cycle, and the effect of depletion method on sequence capture rates. Analysis 

showed that an MOI of 10 captures significantly more transcripts than 0.1 and 1 at both time 

points, and is more beneficial for capturing chlamydial transcripts. Combining depletion 

methods (polyA and rRNA) increases the capture rate of chlamydial transcripts, but impacts 

host-cell expression. Comparative analysis between MOIs show increased expression of 

inflammatory and immune-based genes, while chlamydial expression is more dynamic 

relative to the developmental stage. This work highlights how future bacterial-specific RNA-

seq studies can increase capture rates and the impact that different MOIs have within in vitro 

infection models; helping influence future NGS-based experimental designs to achieve more 

specific infection-related biological outcomes, particularly from Chlamydia-infected cells. 

6.1.4.2. What is an optimal MOI? 

We know from existing studies that different MOIs need to be used when examining different 

stages of the developmental cycle. For example, early time points generally require a higher 

MOI as limited transcription from Chlamydia occurs, resulting in low capture rates that can 

be difficult to interpret (Grieshaber et al., 2018; Wang et al., 2013). During mid-stages, an 

MOI of 1 is often used to capture events based around growth and replication (Abdelrahman 

et al., 2011). Towards the latter stages, almost all chlamydial genes are transcribed, making 

biological interpretations challenging (Humphrys et al., 2013). Most studies examining a 
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range of developmental stages use an MOI of 1 and this has generally been considered 

suitable. However, MOIs are generated from serial dilutions, so lower MOIs such as 1, may 

not actually have 1 EB per cell. Results from this experiment show a substantial increase in 

capture rates and transcription from an MOI of 1 to 10, suggesting that a slightly higher MOI 

may be optimal. There are however implications that need to be taken into consideration when 

using MOIs higher than 1. These include that EBs preferentially infect cells together rather 

than spread out evenly, which can result in all variations of the intended MOI. For example, 

a starting MOI of 5 will likely see an MOI range between 0-5 across a population of cells. As 

a result, the overall captured signal may be difficult to interpret, particularly with large MOIs. 

Furthermore, the length of the developmental cycle is generally shortened when many EBs 

are internalised due to an increased burden on the host cell. 

6.1.4.3. Experimental limitations 

Unfortunately, this experimental design did not include any mock infected replicates from 

either time point, limiting some analyses. Future experiments would benefit from their 

inclusion, helping to separate general cell proliferation events from infection-relevant results.  

A further limitation was not having the ability to determine if the timeframes of the 

developmental cycle are affected relative to increasing the MOI. The possibility of this 

occurring is quite likely, particularly as more EBs are internalised, resulting in more 

inclusions putting an increased burden on the host cell. Perhaps a future experiment could 

include a fluorescent tag that could be quantified as cells become lysed, thereby providing a 

measurement relative to the MOI and length of the developmental cycle. Alternatively, 

chemical-assisted methods can arrest at different cell cycle stages, ensuring all cells are 

synchronised at a specified cell cycle phase and removing this as a potential confounding 

factor. 
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6.1.5. Data integration 

Recent advances to the underlying chemistry and technology has decreased sequencing costs, 

resulting in a general increase in NGS-based projects. With this influx of sequencing data, we 

are beginning to see similar datasets being integrated or combined, allowing for more in depth 

biological interpretations (which is discussed further in Section 6.2.1.2). However, 

overlapping data from similar time points and experimental conditions can be challenging, 

due to underlying technical and biological differences between samples. Unfortunately, this 

was a limitation when trying to overlap data from Chapters 3, 4 and 5. Although the same cell 

line and chlamydial species was used, only 3 of the 6 time points sampled overlapped (Figure 

6.2). 

Figure 6.2: Overlapping time points 

Time points sampled from each sequencing approach (Chapters 3-5), with only three times 

overlapping. 

 

At 1 and 24 hours, the MOI dual RNA-seq and FAIRE-seq time points overlap. However, due 

to the lack of controls (mock-infected samples), DE genes specific to infection were not able 

to be calculated and thus not directly compared against infection-specific chromatin 

accessibility. At 12 hours, infection-specific data from FAIRE-seq and scRNA-seq were able 

to be compared. Open and closed chromatin regions were compared against up and down-
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regulated genes, but did not result in any significant overlaps. Surprisingly, this is not 

uncommon, further reinforcing the challenges associated with overlapping different 

biological datasets, even if time points overlap. This is an area of continued growth where 

new multimodal and multi-omic methods are being developed to compare these datasets in 

differing ways. A common example includes merging datasets earlier and performing steps 

such as normalisation on the datasets together rather than separately, which has seen 

encouraging results (Efremova and Teichmann, 2020; Zhu et al., 2020). 

 

6.1.6. The impact of single cell experiments 

We are in an exciting period where many traditional bulk sequencing approaches have or are 

being adopted to study observations at a single cell resolution. The most widely used methods 

so far are related to single-cell RNA-sequencing and single-cell genome (DNA) sequencing 

(Gawad et al., 2016; Hwang et al., 2018). More recently, epigenetic states such as DNA 

accessibility, methylation, and chromosome conformation have become available, as well as 

methods to examine cell surface proteins, intracellular proteins and the spatial position of 

transcripts (Figure 6.3). 
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Figure 6.3: Single cell sequencing methods 

A wide array of methods is available to capture a broad range of biological activity from

within single cells. Methods are separated into eight categories and include capturing cellular

mRNA, histone modifications, chromatin accessibility, genome sequences, methylation 

states, intracellular proteins, cell surface proteins and the spatial position of cells. Adapted 

from (Stuart and Satija, 2019). 

 

There are also combinatorial methods simultaneously measuring two or more events, such as 

the genome and transcriptome, transcriptome and methylome, and RNA and proteins (Hu et 

al., 2018; Macaulay et al., 2017). A recent study has even generated genetic, transcriptomic 

and epigenetic data (Hou et al., 2016), and has the possibility of generating huge amounts of 

data from single cells. The main advantage of single cell approaches is identifying 
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subpopulations of cells that contain biologically interesting observations that would generally 

be obscured in traditional bulk measurements. 

There are still a number of limiting steps involved in many of these methods. These typically 

relate to how cells are isolated and subsequently lysed, as buffers and lysing chemicals have 

been shown to interfere with the cellular transcriptional profiles (Kolodziejczyk et al., 2015). 

Ideally, future methods will be able to introduce different chemicals or additional steps that 

will allow less interference, such as sequencing transcripts directly from inside the nucleus of 

single cells (Grindberg et al., 2013; Habib et al., 2017). Capture rates are also an issue as 

previously discussed, with some protocols much more efficient than others (Natarajan et al., 

2019). Lastly, software tools specific to single cell data are still lacking, particularly when 

examining epigenetic states. However, as more studies emerge, the number of tools will likely 

follow a similar trend to what has been observed in scRNA-seq, where > 400 tools have been 

created over the last four years. 

Overall, single cell methods are starting to become the preferred choice for analyses, 

particularly when examining gene expression. With further improvements to methods and 

increased single cell-specific software tools, examining cellular dynamics from populations 

of single cells will be more frequent in the future.  
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6.2. Future directions 

6.2.1.1. Chlamydial infection models 

In vitro chlamydial cell culture is a time-consuming process and is usually carried out using 

monolayers of HeLa or HEp2 cells, or in macrophages. Frequently asked questions are often 

directed towards their suitability for infection modelling, particularly around the cell 

responses and how specific they are relative to the infection setting or cell type. To help 

answer this, a matching bulk RNA-seq experiment could be set up examining a time course 

of HeLa cells, HEp2 cells and macrophages. This could also be extended to different 

chlamydial strains, highlighting both overlapping and culture-specific observations. 

Further questions that arise from infection-based studies are firstly, is how do we know what 

host responses are general defence mechanisms that are not specific to the invading 

pathogen?, and secondly, what responses are pathogen-specific? To help answer this, 

additional controls could help separate the different responses. For example, the Myers lab is 

using UV killed bacteria (killed before infection) to examine the host response to non-active 

bacteria compared to replicating bacteria in dual RNA-seq studies. A further dual RNA-seq 

control being used is opsonised latex beads to induce cells to take up beads coated with 

immunoglobulin via phagolysomal responses, allowing general cellular uptake and active 

Chlamydia-induced uptake responses to be differentiated. These controls should be 

considered for any future genome-scale analyses, including scRNA-seq and epigenetic 

datasets. 

6.2.1.2. Integrative and multimodal analyses  

The increased number of sequencing experiments from chlamydial studies and in the general 

biological sciences has created huge volume of sequencing data. Currently, very few studies 
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have integrated this publicly available data (Dong, 2009; Mabu et al., 2018). For chlamydial 

studies in particular, the primary limitation has been the range of species sequenced, different 

time points, and different infection models. Therefore, a lack of compatibility between 

datasets has hindered any meaningful integrative analyses. As the number of sequencing 

experiments continues to increase as observed in Chapter 1, integrating multiple NGS 

datasets will likely become more common and may help discover some of the broader 

mechanisms that overlap species and/or cell types, which are missed when focusing on 

separate events. 

Multimodal measurements are yet a further type of integrative analyses, but overlap 

complementing methods, such as chromatin accessibility or methylation patterns 

accompanied by gene expression. This can be undertaken with bulk methods, or single cell 

methods, where events such chromatin state can be directly associated with increased or 

decreased expression. Due to the dynamic nature of transcription and given that each method 

captures only a snapshot in time, bioinformatic analyses that are often run separately, are 

difficult to merge and thus identify overlapping features. This is an area of considerable 

growth in recent years, particularly in the single cell space, and will likely become common 

place as sequencing costs drop and more datasets are generated. 

6.2.1.3. Assistance through machine learning 

Machine-based learning has revolutionised fields covering language processing to computer 

vision, and recently has become impactful analysing sequence data (Webb, 2018). Although 

still in its infancy for use in bioinformatic pipelines, the ability to optimise software 

parameters from a range of different software is exciting, as future tools, workflows and 

pipelines have the ability to be more automated, streamlining analyses but also allowing more 

flexibility. A recently published tool called single-cell variational inference (scVI) (Lopez et 
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al., 2018) highlights this flexibility and scope, creating an embedded workflow that can fit 

data, denoise it, adjust for batch effects, and perform downstream analysis including 

clustering and differential expression. 

A further approach is automated machine learning (AutoML) systems, which are able to test 

different complex ML models or frameworks, whereby identifying, optimising or building 

different pipelines with the aim of generating the most satisfactory result, such as prediction 

accuracy (Le et al., 2019). However, due to the increased computational and storage 

requirements of these approaches, their usage is still quite low. As the number of software 

titles increases, so does the time-consuming task of picking software, optimising and 

incorporating each stage into a pipeline. Nevertheless, AutoML systems are likely to be 

extremely useful and valuable for future researchers. 
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