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ABSTRACT 

HIV-1 is still a substantial cause of morbidity and mortality worldwide. It infects CD4+ T cell 

subsets, where it establishes a latent reservoir of virus that cannot be cleared by host immune 

responses. In most individuals, progressive infection leads to immune collapse and the 

development of opportunistic pathogens and cancers that cause mortality. Within all HIV-1 

patients a small subset known as elite controllers establish stringent immune control over HIV-

1 without the need for antiretroviral therapy. Transcriptional differences in CD4+ T cell subsets 

within the context of elite control have yet to be fully described.  This study used RNA 

sequencing data to transcriptionally profile Naive (TN), Central Memory (TCM) and Effector 

Memory (TEM) CD4+ T cell subsets derived from HIV-1 elite controllers. It aimed to identify 

differences in immune control mechanisms between T cell subsets. This project used stringent 

quality processing, normalisation, alignment and quantification methods to ascertain gene 

expression level, and identify transcriptional differences in T cell subsets and co-expressed 

gene networks. Three distinct methodologies for identifying co-expressed genes were 

compared. Findings showed similarities between TCM and TEM subsets, that likely reflect 

commonalities in their differentiation states, as well as between TN and TCM subsets that likely 

reflect commonalities in function. TN and  TEM subsets were found to have the greatest number 

of differences with respect to their transcriptional profiles; which upon further investigation, 

were found to reflect differences in viral transcription, differentiation and cellular activation.  
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1 

 

1 Introduction 

Despite much effort over the past 30 years, Human Immunodeficiency Virus Type 1 (HIV-1) 

is still a substantial cause of morbidity and mortality worldwide. Recent estimates indicate that 

32 million people have died from HIV-1 related causes and a further 37.9 million are currently 

infected (W H O, 2018). HIV-1 predominantly replicates in and destroys CD4+ T cells. These 

cells are critical to immune function and their depletion leads to the development of 

opportunistic infections and cancers. Acquired Immunodeficiency Syndrome (AIDS) is 

clinically defined when CD4+ T cell counts decrease to less than 200 cells/mm3 of blood 

plasma. Without treatment, most HIV-1 patients progress to AIDS and will die as a result of 

immune collapse. Despite advancements in antiretroviral therapy (ART), there is still currently 

no widely available cure for HIV-1 infection. It is likely that only a vaccine or curative therapy 

will bring about the end of global HIV-1 related mortality.  

1.1  The HIV-1 Lifecycle  

HIV-1 is a lentivirus, and thus integrates its single-stranded RNA (ssRNA) genome into the 

genome of its host. During infection, HIV-1 binds to the CD4 receptor through its envelope 

glycoprotein gp120 (Figure 1.1; (Blumenthal et al., 2012) and one of its co-receptors, either 

chemokine receptor five (CCR5) or C-X-C chemokine receptor type 4 (CXCR4) (Nozza et al., 

2012). Upon binding to co-receptors, the virus is inserted into the cellular plasma membrane 

(Blumenthal et al., 2012) and enters the cytoplasm of the cell, where the contents of the virion 

are released into the cytoplasm (Chauhan and Khandkar, 2015).  

For integration into the host genome to proceed, HIV-1 reverse transcriptase (RT) must 

transcribe the ssRNA genome into double-stranded complementary deoxyribonucleic acid 

(cDNA). This cDNA is then transported into the nucleus through nucleopores and complexes 

with HIV-1 integrase to form a pre-integration complex (PIC); (Seitz, 2016). When infected 

cells are activated the Long Term Repeat (LTR) from HIV-1 acts as an attachment site of 

cellular DNA dependent RNA polymerase and transcription factors which cause the synthesis 

of viral messenger RNA (mRNA); (Pan et al., 2013). mRNA is then translated into the 

structural and regulatory proteins needed to build new virions. HIV-1 virions are then 

assembled and bud out of cells where they may repeat the process in additional cells. 

(Rosenblum et al., 2016).  

 

http://f1000.com/work/citation?ids=8494203&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2792441&pre=&suf=&sa=0
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Figure 1.1 Schematic diagram depicting HIV-1 viral entry and integration. HIV-1 viral 

envelope (env) proteins gp120 and gp41 bind to host cell CD4 receptors and co-receptors 

(CCR5 or CXCR4).  HIV-1 virions contain Matrix (MA), Capsid (CA), Nucleocapsid (NC), 

Reverse Transcriptase (RT) and Integrase (NC) viral proteins. HIV-1 enters the cell where host 

transcription factors such as TRIM5 may intervene and inactivate the viral capsid preventing 

further integration into the host cell. In the absence of this, reverse transcription causes viral 

ssRNA to be transcribed to double-stranded cDNA. This forms the Pre-Integration Complex 

(PIC), which may enter the nucleus through the nuclear pore complex. The viral genome may 

then be integrated into the host genome. Figure from (Ganser-Pornillos and Pornillos, 2019). 
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1.2 HIV-1 Disease Progression 

Upon initial acute infection, HIV-1 replication is exponential, resulting in a peak in HIV-1 viral 

load and a dramatic decline in CD4+ T cell counts (Figure 1.2) ; (Noel et al., 2016). Once CD4+ 

T cell counts decrease beyond <300/µl more severe symptoms may be observed. Opportunistic 

infections are then likely to develop, leading to fatality. The World Health Organisation (WHO) 

and the Centres for Disease Control and Prevention (CDC) divide HIV-1 disease progression 

into different stages depending on CD4+ count and symptoms (Brettle et al., 1993). Stage A is 

asymptomatic, with CD4 cell counts greater than 500/mm3. Stage B leads to mild symptoms, 

with CD4 counts between 200 and 499/mm3. Stage C marks AIDS onset, with severe symptoms 

and CD4 counts less than 200/mm3  (Seitz, 2016). 

 

 

Figure 1.2: Changes in CD4+ T cell counts and HIV-1 viral load during the course of HIV-

1 infection. Initially, acute infection causes an exponential increase in viraemia, where T cell 

activation promotes viral replication. Subsequent immune control of the virus leads to the 

establishment of a viral set point and a period of asymptomatic clinical latency. During this 

chronic phase, CD4+ T cell counts continue to decline. This may last for years until the 

reactivation of latent viral reservoirs causes progression to AIDS. Figure taken from (Selinger 

and Katze, 2013). 
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During clinical latency (Figure 1.2), initially depleted T cells are replaced with proliferating 

naive CD4+ T cells (TN) that originate in the thymus and then differentiate into effector  T cells 

(Vidya et al., 2017). Effector cells increase the immune response against the virus, which helps 

reduce viral load to a quasi-homeostatic set point. This is then marked by a period of 

asymptomatic chronic infection. During this phase effector cells differentiate into memory 

subsets and harbour latent virus without actively replicating it (Cooper et al., 2013). Should 

patients remain untreated, latent infection continues for a median of 10 years (Morgan et al., 

2002; The UK register of HIV seroconverters, 1996). This is until a resurgence of virions in 

latent infected cells cause CD4+ T cell depletion and progression to AIDS.  

During chronic infection, CD4+ T cells continue to be infected and destroyed (Figure 1.2).  

Direct infection and subsequent death of CD4+ T cells is one of the main explanations for their 

depletion, however CD4+ T cell counts also decline as a result of chronic activation (Yates et 

al., 2007)  and inflammation (Liu et al., 1998). Depletion by activation occurs when immune 

response against HIV-1 causes up-regulation of CD4+ activation markers such as CD25 or 

HLA-DR, which promote viral replication (Biancotto et al., 2008; Février et al., 2011). Levels 

of immune activation have been shown to be a better indicator of disease progression than 

levels of HIV-1 viral RNA (Deeks et al., 2004; Giorgi et al., 1999). Continuous activation of 

CD4+ T cells leads to induced cell death, as a result of replicating virus or via apoptosis and 

pyroptosis (Yates et al., 2007).  

Further, constant activation may cause CD4+ T cell exhaustion causing diminishing 

effectiveness of CD4+ T cells against the virus. HIV-1 induced chronic immune activation is 

marked by high levels of proinflammatory cytokines and chemokines. These include type I 

Interferon (IFN), Interleukin 6 (IL-6),  Transforming growth factor beta (TGFβ), IL-8, IL-1α, 

IL-1β and Regulated on Activation Normal T cell Expressed and Secreted (RANTES); (Valdez 

and Lederman, 1997). This pro-inflammatory environment and mass release of cytokines 

characterise acute and chronic HIV-1 infection (Vijayan et al., 2017). Persistent immune 

activation and high turnover of CD4+ T effector cells prevent IL-2 based differentiation to 

memory cell subsets (Younes et al., 2003). This causes further proliferation of effector cells 

leading to their destruction.  

CD4+ T cell depletion may also be caused by the cell death processes pyroptosis and apoptosis 

(Doitsh et al., 2014). Apoptosis is a form of controlled cell death mediated by caspase-3 as a 

result of cellular identification of HIV-1. Apoptosis, in contrast to pyroptosis, normally leads 

http://f1000.com/work/citation?ids=7856758&pre=&suf=&sa=0
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to the death of only the cell undergoing the process. Pyroptosis, driven by caspase-1 (Doitsh et 

al., 2010), is an inflammatory form of cell death and cells undergo release of all cellular 

contents including inflammatory cytokines. Such cytokines initiate a cascade of cells that 

undergo further pyroptosis (Doitsh et al., 2014), leading to CD4+ T cell depletion and 

progression to AIDS. 

1.3 Viral Latency 

One of the main barriers that prevents host immune responses from effectively clearing HIV-

1 infection is a group of cells, including CD4+ T cells, that harbour the virus without actively 

replicating it. Host immune responses and ART cannot target these dormant viral reservoirs, 

which persist despite immune activation and treatment. Cells harbouring viruses are known as 

latently infected and it is the resurgence of virions in these cells that is known to cause HIV-1 

progression to AIDS (Figure 1.2). Elimination of viral reservoirs, therefore, poses a barrier to 

treating and potentially curing HIV-1 infection. Latency may develop either prior to integration 

into the host genome or post-integration. 

Pre-integration HIV-1 latency occurs when the virus cannot enter the genome as a result of 

incomplete or impaired RT or Integrase activity (Pierson et al., 2002). Post-integration latency, 

where HIV-1 is blocked at the translational level is a more common occurrence (Van Lint et 

al., 2013). It poses a greater threat to disease progression, as proviral DNA can be replicated 

when the cell undergoes division resulting in the expansion of a latently infected cell (Pan et 

al., 2013). Post-integration latency may be affected by several factors including the site of 

integration into the host genome and transcriptional silencing of integrated proviruses (Colin 

and Van Lint, 2009). Post-integration latency can be propagated through cellular replication in 

which reservoirs of HIV-1 may be established facilitating HIV-1 persistence.  

1.4 Outlook For An HIV-1 Cure 

There has been extensive effort to identify methods for treating and curing HIV-1. Much work 

has gone towards identifying a sterilising cure. Such a cure would rid a patient of all HIV-1 

virions and prevent further infection from the virus. Unfortunately, the challenges of both 

highly variable HIV-1 viral proteins and latently infected HIV-1 cells have slowed progress. 

The most widely investigated approach has been that of the “shock and kill” strategy (Deeks, 

2012). This aims to reactivate HIV-1 in latent cells and destroy it with ART. There has been 

success in the use of Histone deacetylase inhibitors (HDAC) to reactivate latently infected virus 
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(Margolis, 2011). HDAC combined with ART has however been ineffective  in reducing the 

number of latently infected cells. A study in which Panobinostat, an HDAC, was used, no 

substantial decrease in latently infected cells following ART was observed (Rasmussen et al., 

2014). This has highlighted the challenge of viral latency in identifying a sterilising cure. 

An alternative approach would be the development of a preventative vaccine. Work towards a 

preventative vaccine has also been slow. The recent landmark HVTN 702 trial (Laher et al., 

2020) conducted on 5407 HIV-negative volunteers across South Africa was aborted in January 

2020 after finding the vaccine did not prevent HIV infection. The vaccine had consisted of two 

experimental approaches that had shown promise in a previous, RV144 trial in Thailand 

(Karasavvas et al., 2012). The HVTN 702 trial consisted of a canarypox vector-based vaccine 

called ALVAC-HIV and a two-component gp120 protein subunit with an adjuvant to boost 

host immune response. Findings showed that 129 HIV infections had occurred among vaccine 

recipients and 123 within the placebo control group (Laher et al., 2020). This led to the 

conclusion that the vaccine had no protective benefits against HIV-1. 

There have also been failures in adenovirus vector-based approaches such as the HVTN 502 

STEP HIV vaccine trial on 3000 individuals, in which a greater proportion of HIV cases were 

found in the vaccine treated group (Iaccino et al., 2008). Again, this has highlighted that an 

approach that aims to remove all viruses or prevent infection entirely is extremely challenging. 

Subsequently there has been a shift towards the goal of a functional cure in which prolonged 

asymptomatic latency is achieved without the need for ART. This approach would not remove 

all viruses from an infected individual but would confer control over infection to prevent AIDS 

and HIV-1 related symptoms. 

To date, two patients have been cured of established HIV-1 infection. The ‘Berlin patient’ 

(Hütter et al., 2009) and more recently the ‘London patient’ (Gupta et al., 2020). Interestingly, 

in both cases it seems that a  functional cure has resulted. Patients had received allogeneic stem-

cell transplantation of progenitor cells that contained a 32 base pair deletion in the CCR5 allele 

(CCR5 Δ32) (Gupta et al., 2020; Hütter et al., 2009). This allele provides resistance against 

HIV co-receptor-mediated attachment to CD4+ T cells (Gupta et al., 2019; Stephens et al., 

1998). In the case of both patients, stem-cell transplantation was used to treat underlying 

cancer. The Berlin patient was treated for myeloid leukemia (Hütter et al., 2009), whereas the 

London patient received donor cells for treatment of stage IVb refractory Hodgkin Lymphoma 

(Gupta et al., 2020). The Berlin patient was originally thought to have received a sterilising 
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cure, however upon antibody analysis, certain HIV-1 proteins in serum were found. This 

indicated that a functional cure could be in place (Burbelo et al., 2014). Similarly, HIV-1 viral 

proteins were detected within the London patient, indicating trace levels of virions. In both 

cases, it is likely that even with very low numbers of latently infected cells or trace levels of 

HIV-1, host immunity prevents its resurgence. Therefore it is likely that both patients are an 

extreme functional cure example. Transplantations due to their risk and expense are 

unfortunately infeasible for the millions of HIV-1 infected individuals (Gupta et al., 2020; 

Hütter et al., 2009)). The establishment of a functional curative model has however given a 

goal for future therapies. 

1.5 HIV-1 Elite Controllers - A Natural Model For A Functional Cure 

Within the pool of HIV-1 infected patients, a small proportion of individuals spontaneously 

control HIV-1 replication (Sáez-Cirión et al., 2007). A further subset of this group of HIV-1 

controllers maintain especially low viral copies of HIV-1 RNA over a period of more than 10 

years without ART (Chakrabarti and Simon, 2010). These individuals are known as HIV-1 elite 

controllers (ECs), and have extremely low rates of disease progression (Blankson, 2010; 

Stafford et al., 2017). ECs make up less than 1 % of all HIV-1 infected patients (Autran et al., 

2011) and are part of a much larger group of individuals known as Long Term Non-Progressors 

(LTNPs). LTNPS are individuals who progress slowly to AIDS for a number of reasons, 

including defective viruses, beneficial host genetics and immune control.  ECs differ from other 

LTNPs in that they have been shown to maintain a level of immune control over the virus 

throughout infection and their mechanisms are not a result of defective virus (Bailey et al., 

2008; Blankson et al., 2007; Miura et al., 2008). HIV-1 ECs potentially offer a natural model 

for a functional cure and their control mechanisms may be useful in the development of 

therapeutics and vaccines.  

For control of HIV-1 to exist there are three main options: (1) control can be a result of 

defective viruses that cannot replicate, (2) it could be a result of beneficial host mutations such 

as CCR5Δ32, or (3) it could ensue as a result of stringent immune mechanisms that suppress 

the virus. The latter seems to be the case for ECs. When HIV-1 sequences from EC plasma and 

peripheral blood monocytes (PBMCs) were examined, no consistent gene deletions or 

signatures that would indicate lesser viral replication were found (Mens et al., 2010; Miura et 

al., 2008; O’Connell et al., 2010). This indicated that defective replication is not the only reason 

for the lower viral loads observed in ECs.  
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Furthermore, host genetics with favourable mutations in CCR5Δ32 and beneficial HLA class 

I alleles also do not fully explain elite control. Heterozygous CCR5Δ32 exists in approximately 

30 % of all Caucasian EC individuals (Blankson, 2010), however it does not prevent all HIV-

1 replication. The heterozygous CCR5 allele reduces entry to CD4+ T cells, but it has not 

explained how cells maintain such low levels of virus. Furthermore, beneficial protective HLA 

Class I alleles also do not seem to fully explain the EC phenotype.  HLA-B57, HLA-B27, HLA-

B14 and HLA-B51 have been shown to offer effective protection from HIV-1 related disease 

and control over the virus (Dalmasso et al., 2008; International HIV Controllers Study et al., 

2010). However, when one of the most beneficial alleles (HLA-B57) was examined, it did fully 

protect against disease evolution (Dalmasso et al., 2008). Further there is evidence that not all 

ECs have beneficial alleles. This indicates that there are likely other factors that allow for viral 

suppression. 

1.6 Known Mechanisms of HIV-1 Elite Control 

There is much evidence to suggest that HIV-1 elite control exists as a result of host immune 

responses to the virus. ECs are a heterogeneous group, and it is likely that there are multiple 

different means by which viral control is achieved. These mechanisms have been shown to 

exist as a result of both innate immunity and cell-mediated adaptive immune responses. 

Mechanisms predominantly exist in CD4+ and CD8+ T cell response to the virus. These 

mechanisms of immune control likely offer a natural model for a functional cure to HIV-1 and 

their study is valuable for potential therapeutic or vaccine development. 

1.6.1 Innate Immune Response   

The primary non-specific response to any pathogen is described as innate immunity. Studying 

primary response in HIV-1 ECs can give insight as to how they control the virus in the absence 

of therapy. HIV-1 ECs have a very low viral set point, which is likely caused by a stringent 

response to the virus during acute infection (Krishnan et al., 2014). Innate responses to the 

virus include recruitment of immune cells to the site of infection, and activation of cells to 

support the transition to cell-mediated adaptive immune responses (Sharma et al., 2020).  Cells 

that play an important role in the innate immune response include dendritic and natural killer 

cells. Unlike patients who progress to AIDS, innate cell populations are preserved in ECs and 

maintain their functionality. 
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Natural killer cells play a key role against HIV-1. HIV-1 infection has been shown to cause the 

down-regulation of HLA-A and HLA-B proteins on the surface of infected cells (Cohen et al., 

1999). This has been shown to trigger NK activation against the virus. Killer immunoglobulin-

like receptors (KIRs) control the activation of natural killer cells against viruses. ECs may have 

a greater diversity of KIRs and possess certain KIR alleles that have been associated with 

slower HIV-1 disease progression. For instance, a study of patients that had both the KIR3DS1 

allele and HLA-Bw480I had very slow rates of AIDS progression (Martin et al., 2002). 

Beneficial HLA alleles by themselves provide slower disease progression, but KIR3DS1 was 

shown to provide additional stringency in viral set point and slow disease progression (Martin 

et al., 2007).  

A specific subset of dendritic cells called plasmacytoid dendritic cells (pDCs) play an important 

role against HIV-1. Endocytosis of HIV-1 is the primary activation mechanism of 

pDCs.(Bochud et al., 2007). Activated pDCs enable swift immune responses to HIV-1 

(Blankson, 2010) through cytokine secretion. This includes interferon-alpha (IFNα), 

interleukin 12 and tumour necrosis factor-alpha (TNFα) which interfere with the replication 

cycle of HIV-1. High levels of IFNα cause T cell apoptosis and may facilitate viral suppression 

during acute infection. In progressor patients, pDCs are depleted (Soumelis et al., 2001) and 

may reach an exhausted state (Hosmalin and Lebon, 2006). EC pDCs show lower levels of 

depletion and maintain functionality by producing high levels of proinflammatory cytokines 

throughout infection (Blankson, 2010). Such cytokines cause further cellular recruitment and 

immune suppression of HIV-1.  

1.6.2 Adaptive Immunity 

Following a primary innate response, cell-mediated adaptive immunity allows for specialised 

targeting of pathogens such as HIV-1. It plays an important role during the course of chronic 

infection. ECs are thought to maintain a stringent adaptive immune response to HIV-1, which 

allows for continuous viral suppression during clinical latency.  

1.6.2.1 Humoral Immune Mechanisms 

A key component of the adaptive immune response is the production of antibodies by B plasma 

cells to counteract pathogens. B cells produce broadly neutralising antibodies (bNAbs), which 

can bind to a variety of strains of HIV. bNAbs can bind to envelop proteins of HIV-1, 

preventing entry to CD4+ T cells (Blankson, 2010). This is important during acute infection, as 
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once binding of HIV-1 to cells occurs, latency makes eradication of the virus by the immune 

system or ART impossible. ECs have been shown to have lower levels of bNAbs, but with 

higher avidity allowing for effective neutralisation capacity (Laeyendecker et al., 2008).  

Despite these findings, only a small fraction of ECs are able to produce bNAbs against HIV-1 

(González et al., 2018; Scheid et al., 2009). This suggests that production of bNAbs is not one 

of the main mechanisms for HIV-1 elite control, even though it may confer viral suppression 

in some individuals.  

1.6.2.2 CD8+ T cell Response 

CD8+ cytotoxic T lymphocytes (CTLs) are responsible for the direct killing of HIV-1 infected 

cells. Cells continually present intracellular peptides on HLA class I molecules, which CD8+ T 

cells can then bind to. In the event that peptides are recognised as foreign, the infected cells are 

then killed by CTLs.  This process is activated and modulated by CD4+ T cells, dendritic cells, 

B cells, and through Antibody Dependent Cell Mediated Cytotoxicity (ADCC). CD8+ T cells 

play an important role in suppressing virus within HIV-1 ECs. Control mechanisms within both 

CD8+ and CD4+ T cells are marked by a polyfunctional cytokine based response to HIV-1, 

whereas patients who rapidly progress to AIDs (HIV-1 progressors) exhibit mono or 

bifunctional responses (Douek et al., 2002; Ferre et al., 2009; Miura et al., 2008; Potter et al., 

2007). Furthermore, both CD8+ and CD4+ T cells show strong proliferative responses to 

stimulus by HIV-1 (Dyer et al., 2008; Migueles et al., 2002), replicating quickly to suppress 

the virus. CD8+ T cells have a suppressive effect on HIV-1 replication (Sáez-Cirión et al., 

2007), and have been shown to have a strong cytolytic response to HIV-1 (Migueles et al., 

2008). 

A major component of CD8+ T cell control mechanisms are the HLA receptors that present 

peptides. Overrepresentation of HLA-B57 and/or HLA-B27 have been associated with low 

viral loads within ECs (Migueles et al., 2002; Miura et al., 2008; Sajadi et al., 2009), although 

their suppression activity is not substantial enough to fully explain the EC phenotype (Autran 

et al., 2011). Viral escape of HLA alleles is common and escape mutations have been shown 

to exist during primary infection with HLA-B57  (Goonetilleke et al., 2009). Furthermore, 

many ECs have low frequencies of HIV-specific CD8+ T cell responses and have been shown 

to have poor HIV-1 specific suppressive activity (Sáez-Cirión et al., 2009). It is likely that 

although CD8+ T cells contribute to the EC phenotype they do not fully explain viral control. 
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1.6.2.3 CD4+ T cells 

CD4+ T cells play an integral role in the adaptive immune response. CD4+ T cells are 

responsible for regulating the immune response and activating both B cells and CTLs, as well 

as maintaining immunological memory. HIV-1 ECs maintain a normal or slightly diminished 

CD4+ T cell population with relatively low levels of circulating viral DNA (Sáez-Cirión, 

Pancino, et al., 2007). Upon infection by HIV-1, EC T cell populations secrete large amounts 

of interleukin 2 (IL-2). IL-2 is one of the key cytokines required for the differentiation of CD4+ 

T cells to exhibit effector function (Chakrabarti and Simon, 2010). IL2 leads to the rapid 

proliferation of T cell subsets, improving elite control immune response against HIV-1 and 

conferring control. Regulatory T (Treg) cells, identified by the expression of the transcription 

factor FOXP3, play a role in modulating immune activation. A related transcription factor 

FOXO3 has been shown to play a role in the survival of CD4+ T cells in ECs (van Grevenynghe 

et al., 2008). Mutations in FOXO3a have been shown to allow CD4+ cells to show resistance 

to apoptosis (van Grevenynghe et al., 2008).  

1.7 CD4+ T Cell Subsets 

CD4+ T cells have been successfully classified into different subsets depending on 

immunological function, cytokine profile and cell surface receptors (Table 1.1; Raphael et al., 

2015). The main groupings of subsets include Naive CD4+ T cells (TN), Effector CD4+ T cells 

(TE) and Memory CD4+ T cells (TM) subsets. TN cells retain stem cell-like function and can 

undergo differentiation into all other subsets. TE cell subsets offer direct support to CTL’s and 

B plasma cells, while maintaining a proinflammatory environment. TM subsets allow for the 

re-activation of a specific immune response should an individual be exposed to a pathogen 

again (Rosenblum et al., 2016). Each subset consists of further divisions. TE cells include 

subsets that respond to different sets of pathogens including: T helper one (Th1), two (Th2) and 

17 (Th17) cells. TM  cells include Effector Memory (TEM), Transitional memory (TTM) and 

Central Memory (TCM) subsets. TN cells may also differentiate into regulatory CD4+ (Treg) cells, 

which modulate the immune response to pathogens, and follicular helper CD4+ (Tfh) subsets 

that support humoral immune responses. 

During an immune response, a CD4+ TN cell will differentiate when a dendritic cell presents 

an antigen to it via HLA Class II (Figure 1.3). TN subsets then differentiate into TE cells 

including, Th1, Th2 and Th17. The type of resulting TE cell is dependent on the cytokines 

secreted (Table 1.1), allowing for pathogen-specific differentiation of cell subsets. TE cells 
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immediately migrate to the site of infection to facilitate the elimination of the pathogen, through 

the activation of B cells and CTLs. Other TN subsets differentiate into Treg, follicular helper 

(Tfh), and central memory (TCM) precursor subsets. TE cells are short-lived and last the length 

of the primary immune response (Golubovskaya and Wu, 2016; Rosenblum et al., 2016). A 

small subset of TE cells may then differentiate into TEM cells (Figure 1.3). TEM and TCM persist 

in the absence of pathogenic antigens, and allow for immune reactivation and rapid cellular 

proliferation should they be re-exposed to an antigen  (Golubovskaya and Wu, 2016).  
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Table 1.1: Receptor and Cytokine Profiles of CD4+ T Subsets 

CD4+ T Cell 

Subset 

Receptors Cytokines Secreted Cytokines Required for 

Differentiation from Naive 

CD4+ T Cells 

Naive T cells λ CD45RA+, CCR7+,  

CD62L+, CD127+, 

CD132+, CD25-, 

CD44-, CD69-, 

CD45RO-, HLA-

DR- 

Unable to produce 

cytokines 

- 

Effector (Th1, 

Th2, Th17) Δ 

CD25+, CD45RA+/-

, CD45RO+/-, 

CD127 

IFN-γ , TNF, IL-4, IL-5, 

IL-13, IL17, IL 19, IL-21, 

IL-22, IL-25, IL-26 

IL-12, IFN-γ, IL4, IL1, IL-

6, IL-23, TGF-β 

Central 

Memory Δ 

CD25+, CD45RA-, 

CD45RO+, 

CD127+, CCR7+, 

CD62L+ 

No unique cytokines, 

dependent on antigen 

exposure 

No unique cytokines, 

dependent on antigen 

exposure 

Effector 

Memory Δ 

CD25-, CD45RA-, 

CD45RO+, CD127+ 

No unique cytokines 

dependent on antigen 

exposure 

No unique cytokines 

dependent on antigen 

exposure 

Regulatory Δ CD25+/-, CD45RA-, 

CD45RO+, CTLA-

4+, CD127- 

IL-10, TGF- β TGF-β, IL-2 

Follicular 

Helper Δ 

No unique 

receptors 

IL-21 IL-6, IL-21 

Δ - (Golubovskaya and Wu, 2016) 

λ - (Md et al., 2018) 

http://f1000.com/work/citation?ids=8597454&pre=&suf=&sa=0
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1.7.1 Naive CD4+ T Cells  

TN cells differentiate in the thymus. TN cells circulate frequently through blood and lymph 

nodes to improve the chances of encountering their appropriate antigen. TN cells enter lymph 

nodes through regions called high endothelial venules (HEV). Within lymph nodes, TN cells 

can encounter dendritic cell networks. Should they not encounter an antigen, they are drained 

through the thoracic duct, to re-circulate in blood (Punt, 2013). TN cells do not secrete 

proinflammatory cytokines (Table 1.1) and have no effector immune function (Md et al., 2018). 

Upon activation by a relevant antigen, TN differentiate into all other CD4+ T cell subsets. 

 

 

Figure 1.3: CD4+ T cell differentiation. Differentiation from a naive CD4+ T cell (TN; shown 

in light blue) to a group of three effector T cells (TE; shown in green). TE cells mature into 

effector memory T cells (TEM; shown in pink). TN cells also differentiate into T regulatory cells 

(Treg shown in dark blue), T follicular helper cells (TFH shown in red), and T central memory 

precursors (shown in orange). TCM and TFH cells differentiate into mature central memory cells 

(TCM; shown in light blue). Treg cells regulate the expression of cytokines in TE, TFH cells, TEM 

cells and TCM cells. 

http://f1000.com/work/citation?ids=8597232&pre=&suf=&sa=0
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1.7.2 Effector CD4+ T Cells 

CD4+ T cell differentiation into TE cells is complex and includes several distinct TE subsets. 

Each subset contains a distinct cytokine profile, which is responsible for specialised 

immunological responses against different pathogens. All three subsets have a degree of 

plasticity and there is some crossover in their function and cytokine profile (Rosenblum et al., 

2016). TE cells bind directly to B cells, causing their differentiation into plasma cells, which 

allow for the generation of antibodies.  

TE cells produce the pro-inflammatory cytokine, interferon-gamma (IFN-γ), causing increased 

expression of toll-like receptors (TLRs) and antigen presentation. (Raphael et al., 2015). 

Increased presence of TLRs allows for increased recognition of pathogenic antigens and 

positive regulation of the immune response. Increased antigen presentation allows for increased 

efficacy of CTLs. This allows for destruction of infected cells (Raphael et al., 2015).  

Interleukin-4 (IL-4) and interleukin-5 (IL-5) are also produced by TE cells (Table 1.1). IL-4 is 

a survival factor for T lymphocytes. It also promotes B cell and antibody differentiation, to 

activate and regulate a further immune response (Howard and Paul, 1982). IL-5 stimulates 

antibody production (Nakajima et al., 1992). These cytokines cause further differentiation of 

TN cells into TE cells, enabling an inflammatory cycle. This cycle enables the elimination of 

pathogens and infected cells. 

1.7.3 Central Memory and Effector Memory CD4+ T cells 

Expansion and further differentiation of certain TE cells allows for the development of 

immunological memory against pathogens. Memory cell subsets allow for protection in 

peripheral tissues against reinfection with a specific pathogen and will restart immune 

responses should they be re-exposed (Sallusto et al., 2004). Protective memory is provided by 

TEM subsets, which migrate to peripheral tissues and can display immediate effector function. 

Slower reactive memory is facilitated by TCM cells, which confer no immediate effector 

function but can differentiate into cells that act against specific pathogens. Central memory 

cells move to the secondary lymphoid organs and can then differentiate into TE cells upon 

antigen stimulation (Sallusto et al., 2004).  

Complementary to their functional differences, TCM and TEM cell subsets exhibit distinctions in 

their cell surface receptors (Table 1.1). TEM subsets display homing receptors, allowing for 

migration towards infected tissues, whilst TCM have chemokine receptors specific to secondary 

http://f1000.com/work/citation?ids=1234734&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1234734&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1112838&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1112838&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=8094753&pre=&suf=&sa=0
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http://f1000.com/work/citation?ids=8094753&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=8094671&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=84201&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=84201&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=84201&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=84201&pre=&suf=&sa=0
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lymphoid organs (Brinkman et al., 2013; Sallusto et al., 1999; Willinger et al., 2005). TCM cells 

express CCR7 and CD62L, which are also expressed by TN cells, enabling them to manoeuvre 

through HEV (Brinkman et al., 2013; Campbell et al., 1998; Sallusto et al., 1999; Willinger et 

al., 2005). In comparison to TEM subsets, TCM subsets have a greater sensitivity to antigen 

activation. TEM cells can produce effector cytokines such as IFN-γ, IL-4, and IL-5, whilst TCM 

subsets predominantly produce IL-2, which causes further T cell differentiation. Once 

differentiated, TCM can produce IFN-γ or IL-4, which act against pathogens (Sallusto et al., 

2004). TEM cells can maintain a level of their previous effector function and produce cytokines 

that retain such functionality (Messi et al., 2003).  

1.7.4 CD4+ T Cell Subsets in HIV-1 infection 

CD4+ T cells have been shown to differ in their responses to HIV-1 infection and maintain 

different levels of intracellular virions during latent infection. TN cells have been shown to 

consistently have lower levels of HIV-1 DNA than memory cell subsets (Chomont et al., 2009). 

Furthermore, there is much evidence to suggest that memory T cells harbour the majority of 

HIV-1 during latent infection (Bosque et al., 2011; Kulpa et al., 2019; Lee and Lichterfeld, 

2017). To achieve latent infection, HIV-1 can either infect T cells which transition to a memory 

phenotype, or in much rarer cases, directly target resting TM subsets (Agosto and Henderson, 

2018).  

Active viral replication and turnover of cells seem to occur in TE and TN subsets, where cells 

are rapidly infected and destroyed. This is predominantly the case during acute infection. 

During chronic infection, TCM cells have been shown to serve as the predominant site for HIV-

1 persistence (Chomont et al., 2009). This may be attributed to the greater half-life of TCM cells 

compared with other T cell subsets (Kovacs et al., 2005). TCM cells also show increased ability 

to proliferate as a result of IL-7 stimulus, which could cause clonal expansion of latently 

infected cells and explain HIV-1 persistence (Vandergeeten et al., 2013). In addition, a group 

of post-treatment controller patients showed low levels of HIV-1 infected TCM cells, which may 

explain their lower levels of virus (Sáez-Cirión et al., 2013). Furthermore, experiments 

replicating in vitro TCM cell expansion have shown that HIV-1 infected TCM proliferation does 

not cause viral reactivation or production of viral antigens. This suggests that antiviral activity 

cannot target latently infected central memory cells and may explain how they continue to 

harbour the virus (Bosque et al., 2011). 
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In contrast, some studies suggest that TEM cells have the largest inducible HIV-1 reservoir 

(Kulpa et al., 2019). There is also evidence that their activation leads to the highest reversal of 

latency (Novis et al., 2013). Furthermore, the differentiation of TCM cell subsets to develop TEM 

like function has been associated with HIV-1 reactivation (Kulpa et al., 2019). This suggests 

that these cell subsets play an important role in modulating the degree of latency. This serves 

as evidence that TCM and TEM subsets may play a key role in understanding how HIV-1 latency 

is reactivated and how disease progression may occur. ECs may display lesser ability for the 

differentiation of TEM and TCM subsets, preventing HIV-1 progression. 

The polarisation of TN cells into different subsets is facilitated by certain transcription factors 

that are also able to bind or affect the HIV-1 promoter sequence. This likely affects the 

formation of latency and may vary the degree to which HIV-1 is transcribed in the different 

cell subsets. Transcription factors GATA3 Yang and Engel, 1993), BCL6 (Baron et al., 1997) 

and FoxP3 have all displayed a binding ability to HIV-1 (Holmes et al., 2007). These 

mechanisms have the potential to reactivate latent infection or cause differences in how the 

virus is integrated into the cellular genome and transcribed during chronic infection.  

The finding that certain cell subsets retain a greater degree of latent HIV-1 is complex and 

under debate. A recent study found that there was no preferential enrichment or differences in 

viral gene expression across TN and different memory subsets (Kwon et al., 2020). This 

complicates the view that these cell types may be able to be targeted differently or perhaps 

maintain varying levels of latency. Therefore, there is still a need for further study of these 

CD4+ cell subsets in the context of HIV-1 elite control. 

1.8 Transcriptional Profiling of Functionally Distinct Cell Subtypes 

Understanding the differences in cell subsets is valuable as it allows for the distinction of 

functional characteristics that separate them. Within the context of HIV-1 ECs, establishing 

differences in CD4+ T cell subsets may discern the function of different subsets in response to 

the virus. Certain CD4+ T cell subsets are known to harbour varying levels of latent virus, which 

may be of interest in establishing how the virus is suppressed in different cell subsets and the 

basis for differences in patients’ viral loads. Moreover, differences specific to HIV-1 elite 

control may exist that differ from baseline differences between cell types. Such differences 

could improve understanding of how HIV-1 affects host transcription and perhaps elucidate 

more mechanisms of how ECs maintain immune control. 
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CD4+ T cell subsets carry varying levels of HIV-1 replication, which offers an opportunity to 

study the effects of highly infected cells vs relatively non-infected subsets. TCM and TEM cells 

are known to have high levels of latently infected HIV-1 compared to TN cells, which are 

known to have lower levels during chronic infection. Studying differences between these 

subsets may facilitate an understanding of the development of control over the virus. If there 

are indeed substantial differences in how cells harbour and replicate viruses this would have 

therapeutic and vaccine implications. Should the virus persist or be suppressed due to different 

mechanisms in different cell subtypes, this could be exploited in a treatment context. In 

addition, a single subset of CD4+ T cells may be responsible for most of the immune 

suppression needed to maintain an EC phenotype. Perhaps a model for a functional cure can 

be based on one such subset.  

1.9 Transcriptomics and RNA Sequencing 

Cell subset-specific differences can be studied through the use of RNA sequencing-based 

transcriptomics. Next-Generation RNA sequencing (NGS) capabilities have accelerated the 

study of transcriptomics. Sequencing costs have decreased and the barriers to generating 

datasets from groups of rare individuals such as ECs have diminished. This has enabled the 

expressional profiling of many individuals at a genome-wide level. The resulting surplus of 

datasets has resulted in the development of complex computational tools to successfully 

process large amounts of data to generate meaningful results. This has led to progress in the 

development of tools to identify differences in gene expression across conditions.  

RNA sequencing (RNA-seq) experiments use the reverse transcription of cellular RNA to 

cDNA for sequencing with NGS technologies. Current sequencing implementations 

predominantly produce short reads of 100-150 base pairs in length. These reads are often 

paired-end - meaning the cDNA fragments generated during sequencing library preparation 

have been sequenced in both the forward and reverse directions, with a known distance between 

reads. Longer read technologies are now available, however efficient, low error and cost-

effective sequencing still rely heavily on short read fragments. The length of fragments presents 

a challenge from a computational perspective, as the transcripts to which reads belong have to 

be identified. For this sequence mapping technologies can efficiently find the position of a read 

on an existing transcript and quantification algorithms can determine the number of reads 

mapping to each gene. There are challenges to accurately achieve this, such as the varying ease 

to which sequencing can occur at different points of the genome, differences in gene length and 
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differences that occur when comparing samples from different sequencing runs. Modern 

quality processing, outlier detection and normalisation techniques can effectively combat these 

challenges leaving reads that are comparable. To compare differences in gene expression, well 

established advanced differential expression analysis algorithms can be used. Inferring causal 

relationships between genes or identifying genes that are similar in their expression value is 

however still a challenge (Serin et al., 2016), and new approaches are needed. 

1.10 Network Analysis Algorithms 

Network analysis has been used extensively to identify commonalities in gene expression 

patterns (Li et al., 2018). It predominantly combines clustering and similarity calculations to 

identify genes that have similar expression values. Co-expression network analysis can be 

divided into three typical stages: similarity matrix construction, network generation and 

module detection. 

Pairwise relationships between genes are first determined through either correlation 

coefficients, or through information already known about the genes and their interaction 

(known as mutual information). There are varying approaches to calculating similarity, 

however correlation coefficients are perhaps the most commonly used. In the case of 

correlation values, pairwise coefficients (usually Pearson or Spearman) are calculated for all 

genes undergoing analysis and used to form a large matrix. (Figure 1.4) ; (van Dam et al., 

2018). Correlation values are signed, where values range from -1 (negative correlation) to +1 

(positive correlation). However in order for further computation to be performed, these values 

are scaled between 0 and 1 (Mason et al., 2009).  
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Figure 1.4: Co-expression network analysis. Co-expression: RNA sequence counts are used 

to compare expression values for thousands of genes. These are then used to calculate 

correlation coefficients for every gene pair under analysis. Network construction: Processed 

correlation coefficient values are used to define gene co-expression networks, where the 

coefficient indicates the strength of co-expression. Module definition: A measure of similarity, 

combined with hierarchical clustering, separates genes into groupings known as modules. 

Modules may then be mapped to groups of genes with known function. Genes with unknown 

function may then be associated with particular biological processes as a result of belonging to 

a network with a known function. Figure taken from van Dam et al. (2018) 

Networks of genes are constructed with nodes representing genes and edges representing the 

strength of the co-expression calculation (Albert and Barabási, 2002). These networks can 

either be weighted, in which all genes are connected to each other with co-expression values 

ranging from 0 - 1, or unweighted, in which there is a binary relationship between each gene 

(either coexpressed or not). Weighted networks are preferred as they offer more information 

than un-weighted networks (Zhang and Horvath, 2005). Modules are defined using a distance 

metric calculated between modules allowing for grouping of different genes as co-expressed. 

Hierarchical agglomerative clustering (HAC) facilitates this process where similar expression 

values are grouped together.  
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1.10.1 Clustering in the Context of Co-expression Analysis 

Clustering, an unsupervised learning technique, is the central part of any co-expression analysis 

workflow. Clustering forms partitions within expression datasets where groupings of genes 

ideally have similar levels of expression and are dissimilar in expression values to other clusters 

(Oyelade et al., 2016). There is a consensus that no single clustering algorithm performs best 

on any given gene expression clustering problem (Pirim et al., 2012). Furthermore, there is no 

single best criterion for forming an ideal cluster, as clusters can be of arbitrary shapes, sizes 

and types in multidimensional space (Jain and Dubes, 1988). Therefore methods for validating 

the use of a particular clustering algorithm when performing co-expression analysis are needed. 

Clustering can be evaluated based on either internal statistical properties or external 

information that validates a partition's accuracy (D’haeseleer, 2005). Internal properties are not 

always reliable in predicting the accuracy of a method for a particular problem. Ultimately the 

most effective method of comparison is to see how well the clustering algorithm works on a 

given task (Gibbons and Roth, 2002). Therefore preference is given to external validation that 

represents what an ideal cluster should conform to within a biological context.  

1.10.2 Unsupervised Machine Learning For Co-expression Analysis 

Unsupervised machine learning is a type of computational analysis that allows for the 

identification of commonalities in datasets. At its simplest level it involves clustering of items 

that have inherent similarities. This capability has been used for co-expression analysis in 

which certain clustering techniques such as HAC, Principal Components Analysis (PCA) and 

k-means clustering have been able to effectively group genes with similarities in expression 

value. More advanced Artificial Neural Network (ANN) approaches have been used to a much 

lesser extent. ANN approaches offer powerful approaches to cluster groups of objects and can 

handle much larger datasets than traditional strategies (Chang and Chen, 2015). A component 

of this study investigated the use of one such ANN approach and compared them with more 

established co-expression methodologies. 
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1.11 Aims and Objectives 

Identification of mechanisms of HIV-1 elite control is key to developing a model of a functional 

cure for the virus. Immune mechanisms that control viral replication are likely active at varying 

levels in CD4+ T cell subsets. Differences in mechanisms likely reflect nuances in the viral 

latency across subsets and may highlight differences in how subsets harbour the virus. To better 

understand the nature of these differences, this study aimed to examine the transcriptional 

profiles of  TN, TCM, and TEM cell subsets within the context of HIV-1 elite control, using 

computational approaches. To accomplish this dataset previously generated was used (Boritz 

et al., 2016). This data was from an existing study that had not yet investigated host 

transcriptomics to an extensive level.  This aim was accomplished using four specific 

objectives: 

 

1. To quantify gene expression at the transcript and gene level within TCM, TEM and TN cell 

subsets. 

 

2. To identify genes that are differentially expressed between TCM, TEM and TN cell 

subsets. 

 

3. To identify the best methodological approach for identifying co-expressed gene 

modules within TCM, TEM and TN cell subsets. 

 

4. To identify co-expressed gene modules within TCM, TEM and TN cell subsets. 
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2 Materials and Methods 

2.1 Description of Dataset  

In order to describe the transcriptional landscape associated with natural control of HIV-1 

infection, RNA sequencing (RNA-seq) data from 14 treatment-naive HIV-1 elite controllers 

(ECs; Table 2.1) were obtained from the European Nucleotide Archive 

(https://www.ebi.ac.uk/ena). Individuals in this study were defined as ECs based on having 

maintained plasma HIV-1 RNA levels of <1000 copies/ml during chronic infection, in the 

absence of antiretroviral therapy (ART), over the course of several years (range: 4 - 30 years); 

(Boritz et al., 2016).  

Table 2.1: Phenotypic characteristics of the 14 HIV-1 ECs included in this study. 

Individual Sex1 

Date of 

Diagnosis 

Sample 

Collection Date 

CD4 Count 

(cells/mm3) 

Plasma HIV 

RNA (copies/ml) 

VRC200_912 M 1989 4/2011 604 442 

SCOPE_1475 M 1992 6/2010 1216 66 

SCOPE_1492 M 2004 6/2010 746 486 

SCOPE_1495 M 1992 4/2014 293 525 

SCOPE_1548 F 1991 5/2010 846 118 

SCOPE_1541 M 1996 1/2014 933 988 

SCOPE_1349 M 2005 2/2014 620 < 402 

SCOPE_1788 M 2000 3/2014 503 41 

SCOPE_1270 M 1986 4/2014 578 < 402 

VRC200_907 M 2007 4/2011 772 854 

LIR_01 M 1984 4/2014 934 < 402 

LIR_02 F 2005 6/2014 551 267 

LIR_03 M 1994 7/2014 494 159 

LIR_04 M 2003 11/2014 530 132 

1 
Sex is listed as either male (M) or female (F) 

2 
Viral load was recorded as below the limit of detection (<40 RNA copies/ml) 

https://www.ebi.ac.uk/ena/data/view/PRJNA326115
http://f1000.com/work/citation?ids=4196785&pre=&suf=&sa=0
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These data were available from a previous study (accession number PRJNA326115; Boritz et 

al., 2016). It included data from each of three CD4+ T cell subsets:  CD4+ Naive T cells (TN), 

CD4+ Effector Memory T cells (TEM), and CD4+ Central Memory T cells (TCM). These were 

derived from each of the 14 individuals; obtained by Fluorescence Activated Cell Sorting 

(FACS) from peripheral blood mononuclear cells (PBMCs), based on the expression of 

appropriate cell surface markers (Table 2.2). Messenger RNA sequencing libraries were 

prepared and sequenced using the Illumina HiSeq 2000, to obtain an average of 14869356.77 

paired-end 2 x 75 base pair (bp) paired end reads. 

Table 2.2: Summary of the cell surface markers used to define the CD4+ T Cell subsets 

included in this study. 

CD4+ T Cell Subset Receptor Profile 

Naive (TN) 
CD27+CD45RO- 

CD8- 

CD3+ 

Effector Memory (TEM) 
CD45RO+/- 

CD27- 

CD8- 

CD3+ 

Central Memory (TCM) 
CCR7+ 

CD27+ 

CD45RO+ 

CD8- 

CD3+ 

 

 

 

 

http://f1000.com/work/citation?ids=4196785&pre=&suf=&sa=0
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2.2 Quality Control of Raw Sequencing Data 

Before any analyses could be performed, it was first necessary to ensure that only high-quality 

RNA-seq data were included in this study. FastQC (Andrews, 2018) is a widely used tool, 

designed to screen the quality of sequence read files (in FASTQ format). FastQC generates a 

summary report for each FASTQ file, detailing the per-base sequence quality, per base 

sequence content, sequence duplication levels, overrepresented sequence levels and adaptor 

content for that file. Assessment of these quality metrics allows files containing poor sequence 

data to be identified and removed from further analyses. FastQC v0.11.8 was used to assess the 

quality of the sequence data included in this study. The FastQC reports from each sample were 

then aggregated into a single report, using MultiQC (Ewels et al., 2016), in order to allow for 

simultaneous visualisation and comparison of all sequencing files. 

2.3 Pseudo-alignment and Quantification of Gene Expression 

2.3.1 Pseudo-alignment to a Reference Transcriptome 

In order to perform transcriptional profiling of CD4+ T cell subsets, alignment of sequencing 

reads and quantification of gene expression is necessary. Alignment of RNA-seq reads can be 

performed using either traditional alignment approaches, such as those implemented in STAR 

(Dobin et al., 2013) and TopHat2 (Kim et al., 2013), or through the use of newer pseudo-

alignment approaches, such as those implemented in kallisto (Bray et al., 2016) and salmon 

(Patro et al., 2017). In contrast with traditional approaches; pseudo alignment approaches allow 

gene expression to be quantified more quickly, using reduced computational resources, but 

with similar accuracy to traditional alignments (Bray et al., 2016). 

The pseudo-alignment and quantification tool, kallisto v0.46.0 (Pimentel et al., 2016), was 

chosen to align the available sequencing reads to a reference transcriptome (GRCh38.p12). 

Kallisto generates an index from a known reference transcriptome, against which it maps and 

quantifies sequencing reads. This index consists of a de Bruijn graph representation of the 

transcriptome, against which transcript-derived k-mers are matched (Figure 2.1 A; Bray et al., 

2016). To form a transcriptome index graph kallisto breaks up the known transcriptome into k-

mers. For example, the case of a three-base pair transcript, ‘ATG’, kallisto breaks this into the 

2-mers, ‘AT’ and ‘TG’. These ‘AT’ or ‘TG’ sequences are matched with other ‘AT’ and ‘TG’ 

edges from different k-mers to form a graph (Figure 2.2B). Transcripts are represented by 

kallisto as Eulerian paths through de Bruijn’s graph such that a set of all paths which together 

http://f1000.com/work/citation?ids=8624509&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2919136&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2919136&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2919136&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=49324&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=396582&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1345325&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=3254508&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1345325&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1345325&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1345325&pre=&suf=&sa=0
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represents the transcriptome (Bray et al., 2016; (Figure 2.1D). Eulerian paths are defined to 

have the same number of inputs and output connections (balanced graph) and by going through 

each k-mer once. By creating this graph kallisto has an index which describes all the transcripts 

that occur within the transcriptome. Due to the reduction of the graph, the vertices of the graph 

may contain multisets (instances where more than one path or transcript travels through vertices 

of the graph). These multisets are described by the kallisto package as k-compatibility classes. 

K-compatibility classes are used during the mapping and quantification process in the context 

of paired-end sequence data the distance between reads is known (Compeau and Pevzner, 

2014). This additional information reduces the de Bruijn graph further reducing the number of 

different options a read might map to (Figure 2.1E).  

2.3.2 Quantification of Transcript Level Abundance Estimates 

Should a mapping read have a high number of intersecting multisets (k-compatibility class) for 

a particular Eulerian path (transcript) through the graph, it is likely that read maps to that 

particular transcript (Figure 2.2C). This is determined by hashing the constituent k-

compatibility classes of k-mers that together make up the read using an expectation 

maximisation algorithm (maximum likelihood). Therefore should a read have a high number 

of intersections with a particular path through the graph it is likely it maps to that read (Figure 

2.2C).  To reduce computational burden kallisto skips certain k-mers (Bray et al., 2016). This 

means that only certain constituent k-mers of a read have to be mapped (Figure 2.2D and 2.2E). 

The resulting intersection of occurrences through a particular path can be quantified and hence 

the abundance of a particular transcript determined.  

 

 

http://f1000.com/work/citation?ids=1345325&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=8058596&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=8058596&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1345325&pre=&suf=&sa=0
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Figure 2.1: Sequence de Bruijn graph construction for generating a kallisto transcript 

index for further sequence alignment. (A): To form an index de Bruijn graph, known 

transcripts from the transcriptome are broken into k-mers (in this case three base pairs in 

length). (B): Reads are broken into edges such that edges can be matched to generate a graph. 
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(C): Where multiple instances of the same k-mer occur glueing simplifies the graph reducing 

redundancy (D): Final De Bruijn graph where a Eulerian path (path that goes through each k-

mer once) describes a transcript within the transcriptome. (E): Paired-end sequence reads give 

information as to the distance between k-mers. This allows for further simplification of the 

graph resulting in fewer potential Eulerian paths and a more accurate representation of the 

transcriptome. (F): a likely transcript that exists within the graph. Figure adapted from 

(Compeau and Pevzner, 2014).  

Kallisto performs this process exceptionally efficiently, which allows time for statistical 

bootstrapping to be undertaken. Bootstrapping is a form of statistical resampling where 

analyses can be repeated using replacement sampling in order to determine the uncertainty of 

each abundance quantification (Bray et al., 2016). This gives an indication of the accuracy of 

each abundance quantification, that can then be used to ensure the best alignment and 

quantification is selected. This project used 100 bootstrap estimates (the recommended number 

in kallisto documentation).  

As kallisto reports expression estimates at the transcript level, it was necessary to aggregate 

these transcript abundances to the gene level using the R package, tximport (Soneson et al., 

2015). Gene level abundance estimates allowed for a broader profile of the cell subsets to be 

studied and was necessary for further differential expression analysis with the R package 

DESEq2 (Love et al., 2014). Tximport uses a transcript to gene mapping file to determine 

which transcripts form particular genes. It then corrects for differences in gene length (Trapnell 

et al., 2010) to accurately quantify gene-level abundance estimates.  

 

 

http://f1000.com/work/citation?ids=8058596&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=1345325&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2171947&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2171947&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=129353&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=48937&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=48937&pre=&suf=&sa=0
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Figure 2.2: Mapping of reads to a transcriptome de Bruijn graph, as implemented in 

kallisto. (a): A read is shown in black with three potential transcripts which are options for it 

to map to (transcripts are coloured pink blue and green) that it may belong to. Spaces show 

regions between k-mers. (b): Nodes shown as circles represent k-mers that form a coloured de 

Bruijn graph with transcripts (coloured pink blue and green) as Eulerian paths through the 

graph. (c): k-mers are hashed to determine the k-compatibility class of a read for a particular 

transcript. Should it have a high number of multisets (k-compatibility classes) for a read it is 

likely that it belongs to that read. (d): To reduce computational burden, redundant reads can be 

skipped. Skipping is shown in dashed lines (e): The k-compatibility class of a read for a given 

transcript is determined by taking the k-compatibility of its constituent k-mers. Figure taken 

from (Bray et al., 2016). 
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2.4 Normalisation to Remove Unwanted Technical and Biological Variation 

Normalisation is necessary in RNA sequencing experiments to mitigate unwanted variation 

caused by technical factors, which may result in the over or under-estimation of gene 

expression estimates. This needed to be accomplished while still maintaining the biological 

variation inherent in the sample of interest. Certain levels of biological variation caused by 

unique characteristics of individuals would be adjusted for, at a later step in network and 

differential expression analysis. Therefore, there was a need for extensive normalisation of the 

raw gene-level abundance estimates produced from tximport (Soneson et al., 2015). Technical 

variation can be induced by differences in sequence library size (Mortazavi, et al., 2008); 

library preparation techniques (Bullard et al., 2010); differences in sequencing depth (Ekblom 

et al., 2014); gene length (Mortazavi et al., 2008); sequence composition (Jiang et al., 2011), 

mapping biases (Jiang et al., 2011; Marioni et al., 2008) and the introduction of sequencing 

batch effects (Nygaard et al., 2016).  

Sequence depth refers to the number of times a region of a transcript is sequenced. Differences 

in the level to which a particular region is sequenced are one of the most common sources of 

technical error in RNA sequence experiments. To mitigate this problem, this project employed 

a size factor median ratio normalisation approach. This was implemented for all network and 

co-expression analysis. Differential expression analysis did not require this normalisation as 

DESeq2 undertakes this within its own model (see Section 3.7.3.1).  

Size factors render samples with different sequence depths comparable (Anders and Huber, 

2010). These factors adjust counts relative to the sequencing depth, allowing for a comparable 

count value. In the case of a matrix of n x m counts, kij, where i indexes the genes and j indexes 

the samples, the size factor is calculated as the median of the ratio of kij  to those of a pseudo 

reference (Equation 1). This pseudo reference is calculated by taking the geometric mean across 

all samples in a comparison. This size factor estimation is described in Equation 1 (Anders and 

Huber, 2010). Each sequence read value is then adjusted by a sample size factor resulting in a 

mechanism to reduce difference in the sequence depths across individuals or cell types. 

       (1) 
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Another challenge is that raw count sequence data is heteroscedastic. This refers to the 

dependence of variance on the mean. Meaning that genes with a high mean level of expression 

(high count values) across samples, have a greater degree of variation than genes with lower 

expression. This is a challenge when comparing samples as it is more likely that higher 

expression genes will be detected as having differences (due to these carrying more variation 

with greater absolute differences in counts). A log transformation can be implemented to reduce 

this problem. This can be calculated as log(counts + 1). In this calculation, the pseudo count of 

1 avoids undefined log(0) values, replacing them with log(1) = 0. This basic log transformation 

reduces variation in counts at higher levels, reducing heteroscedasticity. It does however cause 

another problem where the variance in count values close to zero are amplified. Regularised 

logarithm transformations (rlog) and Variance Stabilised Transformations (VST) resolve this 

problem by shrinking low gene counts to the gene average across samples, reducing variance. 

Therefore both VST and rlog transformations reduce the problem of heteroscedasticity by 

reducing variation in read counts. 

This project implemented size factor, rlog and VST normalisations using the R package 

DESeq2 (Love et al., 2014). Functions for running rlog and VST first calculate size factors 

normalising for differences in read-depth across samples.  rlog or VST transformations then 

result in approximately homoscedastic data, which was ideal for network and co-expression 

analyses. Both methods have the added advantage in transforming discrete count data to 

continuous values, which are required by co-expression analysis and unsupervised machine 

learning algorithms (Hughitt, 2016).  

VST and rlog normalisation are both known to be effective in reducing variation in gene values, 

however there are nuances in their efficacy on different datasets. To identify the best approach 

for the dataset used in this study, a comparison between methods was undertaken. This involved 

generating several quality plots representing the degree to which each transformation reduced 

variation. Plots included mean-variance figures, sample distributions and sample heat maps all 

of which were generated using ggplot2 (Wickham, 2011). On this basis, variance-stabilised 

counts were used for all co-expression analysis conducted in this project.  

Batch effects are a form of technical variation that arises as a result of groups of samples being 

processed together  (Johnson et al., 2007). When samples are prepared and sequenced in the 

same batch, there is a greater likelihood that there will be technical similarities amongst 

samples. These batch effects can be induced by different experiment times, reagents, handlers 

http://f1000.com/work/citation?ids=129353&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=8048934&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2805184&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=614151&pre=&suf=&sa=0
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and sequence runs  (Goh et al., 2017). It was therefore important to identify potential sources 

of batch effects and remove any variance caused by them.  

To identify batch effects in quantified read data, principal components analysis (PCA) using 

the R package, sleuth (Pimentel et al., 2017) was undertaken. PCA uses orthogonal 

transformations to simplify higher-dimensional datasets for clustering. It does this by breaking 

variance up into individual principal components. The variance of multiple principal 

components may then be plotted. PCA analysis allowed for clustering and labelling on the basis 

of sample date, individual and cell subset. To generate PCA plots, metadata from the 

individuals that passed quality control was processed and manipulated into a sample-to-

covariate file. This file contained the location of kallisto abundance.h5 files for each sample 

and sample metadata. The columns for different metadata conditions were read in as factors 

and numbers as numerics for processing with sleuth. Principal components analysis plots were 

generated and labelled based on all metadata conditions. These were analysed for batch effects. 

2.5 Detection and Removal of Outliers 

Following normalisation, sequenced data needed to be screened for potential outliers. Outliers 

can be as a result of biological variation, in which data from an individual's cell subsets greatly 

vary from the rest of the dataset. Differential and co-expression network analysis algorithms 

are very sensitive to intersample variation (Langfelder and Horvath, 2008) and require a level 

of homogeneity to form accurate results. Therefore, removing outliers and reducing variation 

was necessary to ensure accurate transcriptional profiling of the CD4+ T cell subsets. 

To identify outliers, samples were clustered using a hierarchical agglomerative method with 

the R package, fastcluster (Müllner, 2013). Hierarchical clustering used euclidean dissimilarity 

measures to determine the distances between the expression profiles of different samples. 

Clustering was visualised using a dendrogram with the R package, ggplot2 (Wickham, 2011). 

Outliers were identified and removed using the CutdynamicTree function. Results were filtered 

so as to maintain three cell types of interest per individual.  

2.5.1 Low Variance and Low Count Gene Removal 

Low variance and low count genes cause noise in both co-expression and differential 

expression analysis. DESeq2 accomplishes this in its own model (see Section 2.6.1), but this 

processing was needed for network and co-expression analysis. Initially, low count (genes with 

zero counts) and low variance genes (as defined by WGCNA’s goodSampleGenes function) 

http://f1000.com/work/citation?ids=3435551&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=3748402&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=486535&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=8050980&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2805184&pre=&suf=&sa=0
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were removed from the dataset using WGCNA (Langfelder and Horvath, 2008). However, in 

the end, this was not found to be necessary as ultimately only differentially expressed genes 

were used to form final co-expression results.  

2.6 Differential Gene Expression Analysis 

HIV-1 control mechanisms are likely active at different levels across CD4+ T cell subsets, as 

they probably vary depending on the age of the cell, exposure to HIV-1 and immune function. 

Therefore a methodology to understand differences between cell subsets was central to this 

study. Hence a robust statistical approach was needed to accurately identify genes that were 

differentially expressed.  Differential expression analysis offered a strategy for identifying 

these genes, and was undertaken in this project. Its analysis accounts for differences in 

sequence coverage, sequence depth, and errors that occur when testing thousands of genes 

simultaneously. This made it an ideal approach for transcriptionally profiling and identifying 

differences amongst CD4+ T cell subsets.  

There are many differential expression analysis algorithms available for RNA sequence data. 

A method that could identify differentially expressed (DE) genes in opposition to DE 

transcripts was favoured. Therefore transcript based methods such as sleuth (Pimentel et al., 

2017)  were excluded from selection. Furthermore, an algorithm designed specifically for 

discrete RNA sequence read counts was favoured in opposition to methods originally designed 

to process continuous microarray data. This meant the exclusion of methods such as limma, 

which was initially designed for microarray experiments (Ritchie et al., 2015). 

This left two main options for a DE analysis - DESeq2 (Love et al., 2014) and edgeR (Robinson 

et al., 2010). Both of these methods have been shown to be more sensitive and precise than 

other options (Love et al., 2014) such as voom (Law et al., 2014), SAMseq (Li and Tibshirani, 

2013), EBSeq (Leng et al., 2013) and DESeq (Anders and Huber, 2010). DESeq2 (Love et al., 

2014) and edgeR (Robinson et al., 2010)  employ methodologies and are based on a negative 

binomial distribution. However, DESeq2 (Love et al., 2014) has two advantages over edgeR: 

(1) it uses a log fold change shrinkage step to account for noise in low mean count data, and 

(2) it has an efficient automated process of independent filtering for tests that are unlikely to 

result in DE genes. Based on this reasoning, DESeq2  (Love et al., 2014), was chosen as the 

differential expression analysis method for this project. 
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2.6.1 DESeq2 Algorithm 

DESeq2 (Love et al., 2014) is an R Bioconductor package. Its algorithm consists of six core 

steps: normalisation, model fit, dispersion estimation, log fold change shrinkage, correction for 

multiple hypothesis testing and independent filtering.  

DESeq2’s normalisation procedure aims to mitigate differences in library composition and 

library size. Library compositional differences occur when outlier genes with very high 

expression levels bias the relative expression levels of other genes. Differences in sequence 

depth are as a result of sequence libraries containing varying numbers of reads.  To control for 

these differences, DESeq2 applies a size factor-based normalisation (see Section 2.4). Size 

factors adjust counts to a relative pseudocount that accounts for the unique sequence depth and 

composition characteristics of a particular sample. DESeq2’s model assumes that a matrix of 

counts, kij, follows a negative binomial distribution with mean, μij, and dispersion (a parameter 

related to the variance of count values), αi. The mean of counts is calculated as μij = sij qij where 

a quantity, qij, is proportional to the number of sequence reads and sij defines a scaling size 

factor (Equation 1; Section 2.4).  

Following normalisation, DESeq2 fits a generalised linear model (GLM) with a log link 

function (Equation 2).  Generalised models refer to the use of a non-normal distribution (in this 

case, the negative binomial). The use of a log link function exponentiates linear predictors to 

accommodate for such non-normality. The DESeq2 GLM describes an outcome value, qij, 

indicative of a gene’s relative expression for the comparison of interest (in this study, two 

different cell subsets). The value, qij (Equation 2), is calculated as the sum of the product of the 

design matrix, xjr, and model coefficients, βir. Coefficients, βir, indicate the expression strength 

of a gene as a result of count values across samples. The experiment design formula describes 

the different cell subsets and individuals to be compared. Through this process, the GLM 

determines the effect of the condition of interest (cell subset) on the level of expression, while 

minimising the certain β coefficient expression values attributable to intra-individual 

differences (described in the design formula). The log link function produces a log2 fold change 

value, representing the degree of change in expression as a result of the condition of interest 

(cell subset). 

           (2) 
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DESeq2 uses a dispersion parameter, αi (Equation 3),  to describe variability between different 

genes, such that the variance of a matrix of counts, Kij , is calculated as: 

        

         

 (3) 

Heteroscedastic data results in high counts causing greater variation than low counts. Further 

in the case of small replicate sets (most RNA sequence experiments with fewer than 50 

replicates) the dispersion parameter tends to be high, and can cause a lot of noise in a model. 

Differences in dispersion across different mean count values therefore need to be adjusted for. 

DESeq2 accommodates for variation and noise by estimating and shrinking dispersion values. 

First DESeq2 calculates an initial gene-wise dispersion estimate using a maximum likelihood 

algorithm (Figure 2.3A). It then fits a mean dispersion smooth curve to the data, modelling the 

average dispersion values across genes. This process of dispersion estimation shares 

information from other genes to all other estimates. Through this, DESeq2 assumes genes with 

similar expression values will have similar dispersion. Estimates are then adjusted using an 

empirical Bayes approach to shrink values to the smooth line reducing noise in the experiment 

(Figure 2.3B). The level of shrinkage depends on how close the estimates are to the trend line 

and the mean count value. Some estimates are calculated as outliers (Figure 2.3B) and they do 

not undergo shrinkage as they would cause false positives during hypothesis testing. Outliers 

are removed during the process of independent filtering. 
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Figure 2.3 Dispersion estimates shrinkage, as performed by DESeq2. (A): Initial gene-wise 

estimates calculated with a maximum likelihood algorithm are shown in black, a red trend line 

plots the mean dispersion relationship and then blue lines indicate shrinkage towards the trend 

line. Outliers with very high dispersion are pictured as circled blue dots that do not undergo 

shrinkage and are adjusted later in DESeq2’s filtering step. Figure adapted from (Anders and 

Huber, 2010). 

DESeq2 then undergoes log fold change shrinkage for low count genes (Figure 2.4A). Errors 

or variation in low counts can easily cause large log fold changes to be identified. Whereas 

with higher counts values the same errors have less of an effect. DESeq2 reduces these errors 

by shrinking fold changes with low mean count values towards 0 (Figure 2.4B). This effectively 

removes log fold change scores susceptible to error. 

Figure 2.4: MA plots demonstrating log fold change shrinkage performed by DESeq2 for 

low count genes. A - Log fold changes from a sample experiment without shrinkage showing 

high log fold changes for low mean expression changes. B - With shrinkage mean expression 

values near zero are less likely to have high log fold changes. Circled values show the change 

of a value that has undergone shrinkage (purple) in B compared to a value in green that does 

not undergo shrinkage. Figure adapted from (Anders and Huber, 2010). 

DESeq2 uses a Wald hypothesis test (Wald, 1945) to determine whether model coefficients for 

a given gene differ significantly from zero (indicating differential expression). To do this, 

shrunken log fold change estimates are divided by the standard error to calculate a z statistic. 

This z statistic can then be evaluated as to whether a gene is significantly differentially 

expressed to a given confidence interval, p. P-values are then adjusted for multiple testing using 

the Benjamini Hochberg (BH) method (Benjamini et al., 2009).  

http://f1000.com/work/citation?ids=58173&pre=&suf=&sa=0
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Multiple testing adjustment accounts for the misidentification of false positives when 

comparing thousands of genes simultaneously. To reduce this, error values can be adjusted 

through different techniques. One of the most effective methods is the Benjamini Hochberg 

(BH) rank-based approach (Benjamini et al., 2009). To calculate BH adjusted p-values, p-

values are ordered from smallest to largest, multiplied by the total number of tests, m, and 

divided by the positional rank, j, of each test. Any p-values exceeding 1 are made to equal 1. 

This is represented in the following equation: 

        (4) 

The BH method is stringent and deduces the number of false positives identified. Due to BH’s 

calculation being affected by the number of independent tests performed, removing tests that 

are unlikely to yield DE genes reduces this stringency. DESEq2 does this by removing genes 

that have 0 expression values and genes with low relative expression value to each other. This 

process is known as independent filtering. It is independent as the removal of gene tests is not 

influenced by the sample or group paired genes belong to. Hence, DESeq2’s algorithm 

effectively accommodates for RNA sequence read variance and noise to produce reliable tests 

that discern differences in gene expression. 

2.6.2 DESeq2 Implementation 

To run DESeq2, a list of condition pairs were generated to assign each cell subset comparison 

(TEM vs TCM, TEM vs TN, and TN vs TCM). Abundance hdf5 file types relevant to a particular 

comparison and metadata pertaining to the individual and cell subset were then selected. Hdf5 

files were imported using tximport (Soneson et al., 2015) to maintain gene-level abundance 

estimates. A DESeq2 object (dds) was then created with all information relevant to a particular 

comparison. DESeq2 was then run, producing a data frame with Wald test results for every 

gene. This included the gene identifier, base mean, DESeq2 log2 fold change, z statistic, 

significance value and  Benjamini Hochberg adjusted p-value. Lists of genes produced were 

filtered for adjusted p values < 0.05 and were saved to CSV format for further analysis. Quality 

control plots were generated for every DESeq2 comparison using R packages, ggplot2 

(Wickham, 2011) and DESeq2 (Love et al., 2014). This included dispersion plots, histograms 

of p-values, distribution plots of rlog transformations, sample distributions, heatmaps, MA 

plots, and volcano and PCA plots.  

http://f1000.com/work/citation?ids=3912484&pre=&suf=&sa=0
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2.7 Co-expression Network Analysis 

Once DE genes were identified, there was a need to understand how genes interacted with one 

another in a given cell subset. This would allow the comparison of different functions of groups 

of genes and how they interact with one another. Co-expression network analysis is a method 

that allows for the study of these interactions (Amar et al., 2013). This approach is based on 

the likelihood that genes with correlations in their expression patterns represent likely co-

activated or co-regulated gene sets (Langfelder and Horvath, 2008). This may not necessarily 

be a causal relationship between genes, but gives inferences as to where potential interactions 

occur. Co-regulated genes are likely involved in similar functional processes, which can be 

annotated. Combined with differential expression analysis, groups of genes that are different 

and function together can be identified. This was invaluable in the process of identifying 

differences in the expression patterns of cell subsets and identifying potential HIV-1 control-

related mechanisms. 

Weighted Gene Co-expression Network Analysis is the most widely used co-expression 

approach (WGCNA) (Langfelder and Horvath, 2008). It is thought to be one of the most robust 

methods for identifying co-expressed genes (Li et al., 2018), and as a result was selected for 

use in this project. In addition to WGCNA, this project explored the use of unsupervised 

machine learning methods for identifying co-expressed gene sets. These approaches allow for 

clustering of high dimensional datasets and are highly effective at identifying similarities in 

datasets. This offered the invaluable potential for identifying genes with similar expression 

patterns. Therefore two methods were selected for comparison against WGCNA. These were 

a Self Organising Map (SOM) artificial neural network overlaid with Hierarchical 

Agglomerative Clustering (HAC) and k - means clustering.  

A SOM was selected as it is effective at reducing higher-dimensional datasets for clustering of 

thousands of data points (genes) with multiple attributes (samples). Furthermore, SOM can 

generate heat maps that represent the clustering of thousands of data points. This was useful in 

visualising genome-wide expression values of an entire cell subset. SOM is highly efficient at 

clustering and has potential for use at identifying commonalities in expression patterns. To 

bolster the efficacy of each SOM, HAC was applied as another layer on each map. HAC has 

been proven to be effective in co-expression analysis studies and is also used in WGCNA 

(Langfelder and Horvath, 2008), and therefore combining it with SOM was thought to improve 

the effectiveness of gene clustering.  
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K-means was selected as it is one of the most commonly used benchmarking clustering 

methods (Pirim et al., 2012). Furthermore, it has been shown to perform faster and result in 

better biologically enriched clusters than many other methods (Richards et al, 2008).  On this 

basis, it was selected for comparison with SOM and WGCNA.  

2.7.1 Self Organising Map 

Self-organising maps are based loosely on how a human brain works. This involves a set of 

neurons being activated in response to a set of input patterns. When exposed to a similar set of 

patterns, the same neurons are again activated. This approach allows for a method for grouping 

similar items as they map to the same neurons. This is effective in clustering datasets that have 

multiple attributes for a given data point. Such an approach was ideal for clustering genes with 

multiple expression values (biological replicates) that could then be clustered to identify co-

expressed gene sets. 

To model gene expression, genes with multiple data points for every sample expression value 

were exposed to a set of neurons. Neurons contained weight vectors in a vector space with 

randomised starting values. Training occurred when the euclidean distance between all neurons 

and a specific gene was calculated. The neuron that was closest to the gene (in higher 

dimensional space) was labelled as the best matching unit (BMU). The weight vector of this 

neuron was then updated to become closer to the expression values of the gene. Neurons near 

the BMU also update thus pulling the entire map of all neurons towards the gene data point in 

the vector space. This process was repeated until an entire SOM was associated with every 

gene. This was performed iteratively, until an optimum distance between neurons and genes 

was reached. 

To control the degree to which neuron weight vectors are updated as a parameter, alpha (the 

learning rate) is changed. A decreasing alpha rate is preferred as initially large distance changes 

between neurons and genes are needed and later only small changes to find the optimum map 

are needed. Epochs refer to the number of times neurons are updated and can be controlled. To 

identify when neurons appear to be the closest to the genes in the vector space, the mean 

distance between neurons and data points can be calculated. This is plotted against the number 

of iterations and can be used to identify when the distance is no longer decreasing (Figure S5). 

At this point, it is likely that the map has reached its optimum. Following SOM generation, 

HAC was run over neurons to cluster them further into broader groupings. This enabled a larger 

scale for gene co-expression analysis. 

http://f1000.com/work/citation?ids=801976&pre=&suf=&sa=0
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The R package, Kohonen (Wehrens and Kruisselbrink, 2018), was used to run self-organising 

maps across cell subsets. Two SOM’s were trained, one for a method comparison with 

WGCNA and k-means, and a genome-wide SOM using all 30 157 genes for all 24 samples to 

visualise genome-wide expression.  

2.7.1.1 SOM for Comparison of Methods 

The VST count matrix was subsetted to include only DE genes for the comparisons TCM  vs 

TEM, TCM vs TN , and TN vs TEM.  Counts were manipulated into a training matrix and metadata 

objects for the SOM. It was decided to use a 25 x 25 hexagonal grid for SOM comparison, 

where 625 neurons (nodes) were used for clustering. This selection was arbitrary, but suited 

heatmap generation in a readable format across multiple cell subsets.  For the comparison, 

SOM object genes were trained with an alpha value (learning rate) decreasing from 0.1 to 0.01 

(the recommended metric for a 25 x 25 neuron map). The number of iterations and the mean 

distance to closest units were plotted to identify when an optimum map was reached. This was 

identified after 2000 epochs. HAC was then run on top of the map with the R package, 

fastcluster (Müllner, 2013). Within-group sum of squares plots were used to determine the 

optimum number of hierarchical clusters to be used. SOM heatmaps were made to visualise 

differences for the method comparison and a table was produced with the gene cluster 

assignments.  

2.7.1.2 SOM for Genome-Wide Expression 

For a genome-wide expression visualisation, a SOM was trained with all genes, for all samples. 

VST counts were used to train the model, with learning rate decreasing from 0.1 to 0.01. This 

model ran for 5000 iterations before the mean distance between units plateaued. SOM heatmaps 

were plotted and coloured on the basis of sample type as well as node distance quality plots, 

neighbour distance plots and code spread plots. These plots were generated with the R 

packages, Kohonen (Wehrens and Kruisselbrink, 2018) and ggplot2 (Wickham, 2011), and the 

colour palettes used for plotting were generated with rgdal and rgeos (R Core Team, 2018).  

2.7.2 K-means Clustering  

K-means clustering requires specification of the number of clusters to be used in partitioning 

data (k). To determine the optimum number of clusters within the sum of squares plots were 

created. This allowed for testing of between 1 and 15 potential clusters. This plot gives an 

indication as to the optimum number to partition the data. Once a value for k was selected, k-

http://f1000.com/work/citation?ids=8067647&pre=&suf=&sa=0
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means randomly generates centroids (centre values) and assigns data points to clusters. This is 

analogous to a SOM except in 2-dimensional space. It then modifies the location of centroids 

based on the sum of squared distance between data points to the closest centroid (Pirim et al., 

2012). This is continually updated until an optimum for centroids is reached and data points 

are assigned to each centroid.  

Clustering using k-means, with multiple attributes per gene data point, required additional 

dimension reduction in the dataset. This was achieved for this project by averaging all 

expression values for a given gene to allow clustering at a uni-dimensional level.  The R 

package, stats (R Core Team, 2018), was used to run k-means clustering. Within the sum of 

square plots were generated for every comparison. K-means then clustered genes using a 

maximum number of 50 iterations, for 50 randomly sampled sets.  

2.7.3 Weighted Gene Co-expression Analysis Algorithm and Implementation 

The WGCNA algorithm is complex, consisting of several substeps: similarity matrix 

construction, adjacency matrix construction and clustering for module detection. WGCNA was 

used to produce gene co-expression cluster assignments to be compared with the other two 

methods. 

To identify genes that are co-expressed, WGCNA requires an adjacency matrix, 𝑎𝑖𝑗, that 

encodes gene co-expression networks with nodes as genes and edges as connection strength 

between genes. Such a matrix contains entries in [0, 1], where 𝑎𝑖𝑗denotes the connection 

strength between nodes i and j (Langfelder and Horvath, 2008). To produce an adjacency 

matrix a similarity matrix, sij , is first created. 

There are different similarity operations that can be used to generate a similarity matrix. 

Conventionally similarity (sij) is calculated as the absolute value of either a Pearson or 

Spearman correlation coefficient between two nodes, 𝑥𝑖 and, where𝑠𝑖𝑗 = |𝑐𝑜𝑟(𝑥𝑖 , 𝑥𝑗)| 

(Langfelder and Horvath, 2008). This had the downside of not incorporating the distance 

between expression values, so this study opted for an alternate implementation described by 

(Hughitt, 2016). This approach applied equal weighting to both Pearson correlation and 

Euclidean distance values, resulting in a value between [-1, 1] (Hughitt, 2016). Values close to 

1 were associated with positive correlation and values close to -1 with negative correlation.  

This is detailed in following R function equation: 

http://f1000.com/work/citation?ids=801976&pre=&suf=&sa=0
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 𝑆 =  𝑠𝑖𝑔𝑛(𝑐𝑜𝑟(𝑋))  ×
|𝑐𝑜𝑟(𝑋)| + (1 − 

𝑙𝑜𝑔(𝑑𝑖𝑠𝑡(𝑋) +  1)

𝑚𝑎𝑥(𝑙𝑜𝑔(𝑑𝑖𝑠𝑡(𝑋)+1))

2
 (5) 

The similarity S is calculated from a variance stabilised counts matrix, X,  with samples as 

columns and genes as rows. 𝑐𝑜𝑟() calculates the pearson correlation coefficient matrix and 

𝑑𝑖𝑠𝑡() returns a euclidean distance matrix. 𝑚𝑎𝑥() returns the maximum value, while 

𝑠𝑖𝑔𝑛()preserves the sign of the Pearson correlation coefficient. Similarity matrices were 

visualised as heatmaps for all comparisons.  

Adjacency matrices were formed for all comparisons that were used to describe co-expression 

relationships between all genes. Adjacency matrix construction can either be binary 

(unweighted network) or continuous (weighted).  This project opted for a weighted approach, 

where continuous values are calculated that demonstrate the level of co-expression. To 

calculate adjacency, this project used a power transformation as described by Zhang and 

Horvath (2005). This raises similarity calculations to a power, reducing small similarity values 

and increasing large correlations, thereby acting to filter out genes with low correlation values 

and leaving genes that are likely co-expressed with high correlation values. To calculate 

adjacency similarity, values from  [-1, 1]  were first scaled to [0, 1] and then raised to a soft 

threshold power, 𝛾 (with  𝛾 >  1). This is described in the following equation (Zhang and 

Horvath, 2005): 

 (6) 

To decide the power (𝛾 )or soft threshold, powers from 1 to 20 were run through the 

pickSoftThreshold WGCNA function (Langfelder and Horvath, 2008). This enabled two 

metrics to be plotted and studied: scale-free topology fit and mean connectivity. Scale-free 

topology is a property that most correlation networks adhere to (Zhang and Horvath, 2005), 

and is found to exist within biological systems (Barabási and Oltvai, 2004). Hence should a 

network have a high scale-free topology fit (close to 1), it is likely that it resembles the structure 

of an accurate biological network. Scale free topology refers to a property of networks that 

maintain centrality, i.e. there is an exponential relationship between degree of connectivity of 

a node and its frequency.   

Scale free topology is represented by a power law, where the probability that a node is 

connected with another node - k is 𝑝(𝑘)  ∼ 𝑘−𝛾, i.e. there is an exponential relationship 

http://f1000.com/work/citation?ids=670279&pre=&suf=&sa=0
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between degree of connectivity of a node and the frequency of its occurrence. As scale free 

topology approaches 1, mean connectivity of all nodes decreases. Hence when choosing a 

threshold one needs to select a power that calculates a high scale-free topology, but does not 

lose all connectivity (the ability to detect co-expression). 

Modules are clusters of highly interconnected genes (Langfelder and Horvath, 2008). To 

identify modules, a definition as to what separates them is needed. The most widely used 

method is the topological overlap similarity measure (Ravasz et al., 2002). It was selected for 

use in WGCNA (Langfelder and Horvath, 2008) as it results in biologically meaningful 

modules (Zhang and Horvath, 2005). Ravasz et al. (2002) describes the topological overlap 

measure (TOM) a similarity calculation that is effective in discerning modules. The TOM of 

two genes, i and j, is defined as wij (Equation 6), where lij (Equation 7) describes the number 

of nodes to which both i and j are connected, and kij (Equation 8) describes the number of direct 

connections to other nodes (calculated as the sum of all connected genes - aij). This is 

demonstrated in the equations from (Zhang and Horvath, 2005) as follows: 

 (6) 

                                                                                                                     (7) 

                                                                                                                            (8)  

This calculation is a similarity value (Rousseeuw and Kaufman, 1990). To convert it to a 

dissimilarity measure for gene clustering, it is subtracted from 1 (Equation 9). This is then 

formed into a matrix containing all dissimilarity values, for all gene pairs compared in the co-

expression experiment. 

                                                                                                                           (9) 

The dissimilarity matrix can then undergo average linkage hierarchical clustering, in order to 

group networks of genes into modules. This was performed using the fastcluster function, 

hclust (Müllner, 2013). To separate a hierarchical clustering dendrogram into clusters of gene 

modules, the dynamic branch cutting function, cutDynamicTree (Langfelder et al., 2008) was 
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used with a minimum module size of 30 genes. This uses a dynamic algorithm that separates 

clusters based on their shape within a dendrogram (Langfelder et al., 2008).   

Separated modules were assigned labels and hex and Red Green Blue (RGB) colour codes were 

assigned for later visualisation. Coloured dendrograms were plotted and analysed, in order to 

determine the optimum minimum number of genes per module. Dendrograms also served as a 

quality assessment of module detection. The R package, Homo.sapiens (R Team, 2015), was 

implemented to add known gene metadata to the co-expression data frame. This included gene 

names, symbols, and chromosome locations of genes to be used in further analyses. Genes were 

ordered by the log2 fold change value produced by DESeq2, and a further column was added, 

mapping continuous colouring to these values. WGCNA was then run through an additional 

script to convert files to graphml format for later visualisation. 

2.8 Co-expression Method Evaluation 

2.8.1 Selection of Genes and Comparison Design 

To make an effective comparison of the three co-expression methods, a selection of genes was 

needed. This study used DE genes identified from the comparisons between CD4+ T cell 

subsets. DE genes were clustered through each co-expression method and the cluster/module 

assignments for every gene were annotated across the three methods. These could then be 

compared using an additional workflow in R. 

To compare the different approaches, known biological information was used to validate how 

well a particular method identified genes as co-expressed. This was based on the premise that 

if a method identified a cluster of genes as co-expressed, it was likely that there was already 

some evidence confirming known co-expression of those genes. Therefore, validation of the 

ability of a method to identify co-expressed genes could be undertaken, using an external 

database with known interactions between genes. To quantify a metric for comparison, the ratio 

of genes identified as co-expressed could be compared to those in a known pathway or 

interaction. The mean of these ratios for all groups of co-expressed genes could be used to 

compare the different methods. A suitable database for this purpose was the Gene Ontology 

(GO) Resource (The Gene Ontology Consortium, 2019), and the use of GO enrichment could 

be used to determine ratios for method comparison. 
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2.8.2 GO Enrichment 

The most comprehensive database of known gene functional interactions is the GO resource 

(The Gene Ontology Consortium, 2019). GO terms annotate groups of genes through three 

main classifications: biological processes, molecular function and cellular location. GO 

enrichment determines whether the occurrence of a specific term appears at a significantly 

higher incidence in the query dataset compared to a baseline genome known as a universe. This 

is achieved where each GO term is assigned a statistical enrichment score and should this score 

be greater in the query set than the genome, the term is said to be GO enriched. GO enrichment 

provided an ideal framework for comparing the co-expression methods. Should a group of 

genes be co-expressed, it was likely that there was an existing GO term that already defines 

known interactions or co-expression relationships between them. Even if this was not the case 

for all genes it was likely it was the case for most genes identified as co-expressed. Hence the 

mean of the gene ratios from multiple clusters for a particular method could be calculated and 

compared. 

2.8.3 Comparison Workflow 

To compare methods, cluster assignment data frames - produced from each co-expression 

method for the three cell subset comparisons - were imported into R. Gene identifiers from a 

particular module were then isolated and converted from Ensembl to Entrez identifiers using 

the R package, biomaRt (Durinck et al., 2009). GO enrichment was then undertaken using the 

R package, clusterProfiler (Yu et al., 2012). Enriched terms were then written to CSV files. 

This meant all clusters/modules underwent GO enrichment for all three cell comparisons, for 

all three methods. Gene ratio enrichment scores were then extracted from all clusters, and box 

and whisker plots plotted for comparison using ggplot2 (Wickham, 2011). Distributions of 

ratios were compared using the Analysis of Variance (ANOVA) (Kaufmann and Schering, 

2014) test. Results showed that WGCNA was the best approach for identifying differentially 

co-expressed genes and therefore it was selected for further analysis of the differences between 

CD4+ T cell subsets. 

2.9 TEM vs TN CD4+ Cell Subset Comparison 

When analysing differential expression analysis results, it became clear that the TEM vs TN 

CD4+ T cell comparison had the greatest number of DE genes. This was interesting as memory 

cells are known to harbour latent infected virus, while TN cells tend not to. Activation of TEM 
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cells is also known to spur replication of HIV-1 (Kulpa et al., 2019). On this basis, the 

comparison was selected for study in greater depth using the method that was identified as the 

most effective, WGCNA (Langfelder and Horvath, 2008). 

2.9.1 Hub Gene Identification 

Within the TEM vs TN CD4+ T cell comparison hub genes were identified using WGCNA. These 

are genes that represent a high level of centrality and are the most connected within a given 

WGCNA module. They also are highly connected with other modules and in a biological 

context, represent genes that likely influence expression or function of other genes. To identify 

hub genes, eigene values were calculated with WGCNA hub gene identification function. 

2.9.2 Visualisation of WGCNA Networks 

All network graphml files for the cell subset comparisons were visualised using Cytoscape 

3.7.1 (Shannon et al., 2003). Cytoscape was a useful tool for visualising networks of co-

expressed genes. Networks were coloured by modules and log2 fold change scores, and edges 

(connections between genes) were coloured by weight scores produced from WGCNA. Results 

were exported to png format for analysis. 

2.9.3 Identification of Notable GO Terms 

Within the CD4+ TEM vs TN comparison, lists of GO enriched terms identified from each 

coexpressed module using clusterProfiler (Yu et al. 2012) were aggregated into a single data 

frame. This enabled analysis of all GO terms associated with differentially expressed genes for 

the cell subset comparison. GO enrichment lists, hub genes and visualised networks were 

screened to identify potentially interesting modules of co-expressed genes. Modules of interest 

underwent further screening for high levels of connectivity (as visualised in Cytoscape 

(Shannon et al. 2003), the presence of more than 10 genes within a module, and high 

clusterProfiler  gene ratio scores. Modules that passed this three-point screening step were 

selected for further visualisation. For this purpose, clusterProfiler (Yu et al. 2012)  CNET plots, 

heatmaps and GO term bar plots were produced. Cytoscape networks were coloured by log2 

fold change per module, and edges coloured by WGCNA weight values. Hub genes were 

imported into STRING v11 (Szklarczyk et al., 2019) (a protein interaction resource) for 

visualisation of known gene interactions and analysis. 
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2.10 Code Availability 

Access to all code used in this study may be found at: https://github.com/alecstansell/rna-seq. 

Pseudo-code describing the core scripts used in this study may be found in Appendix B. 

2.11 Package URL’s 

FastQC               https://www.bioinformatics.babraham.ac.uk/projects/fastqc/ 

Kallisto   https://pachterlab.github.io/kallisto/    

DESeq2                       https://bioconductor.org/packages/release/bioc/html/DESeq2.html 

ClusterProfiler            https://bioconductor.org/packages/release/bioc/html/clusterProfiler.html 

STRING  https://string-db.org/ 

Kohonen  https://cran.r-project.org/web/packages/kohonen/index.html 

WGCNA   https://www.bioinformatics.babraham.ac.uk/projects/fastqc/ 

R   https://www.r-project.org/about.html 
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3 Results 

3.1 Quality Control of Raw Sequencing Data 

Assessment of the RNA-seq data obtained from each of the 14 HIV-1 elite controllers (ECs) 

included in this study using FastQC (Andrews, 2018) and MultiQC (Ewels et al., 2016), 

allowed poor quality sequencing files to be identified and removed prior to performing any 

further analyses. From an initial set of 60 sequencing files, 32 files were flagged by FastQC. 

Reasons for this included: low mean phred scores, high adaptor content, an excess of reads 

shorter than 20 base pairs (bp), high sequence duplication levels and the presence of 

overrepresented sequences. For 26 of these files, poor quality sequencing data was removed 

through an iterative process of de-duplication of samples with sequence duplication levels 

greater than 60%, removal of reads with phred scores less than 20, trimming of adaptor 

sequences with Cutadapt v2.7 (Martin, 2011) and the removal of reads shorter than 20 bp.  

Six samples, from four individuals (namely LIR_02, LIR_04, SCOPE_1492 and 

SCOPE_1475), had sequence data that failed to meet the quality control thresholds, even after 

processing. Sequencing data obtained from LIR_02 had very low per base sequence content, 

high levels of sequence duplication and poor GC content. The data obtained from LIR_04 had 

very high levels of sequence duplication, while those obtained from SCOPE_1492 had poor 

per base sequence content and those obtained from SCOPE_1475 had high levels of 

overrepresented sequences. As a result, these individuals were excluded from all further 

analyses. 

3.2 Quantification of Transcript and Gene Level Abundance Estimates 

3.2.1 Summary of Abundance Quantification 

Following quality control and processing, all gzipped fastq files underwent quantification and 

alignment. A total of 446 080 703 reads across all 30 samples were mapped against 187 626 

transcripts. Of these reads, 292 191 328 were successfully aligned and quantified. An average 

of 65.41% of reads was successfully pseudo-aligned to the reference transcriptome (Figure 3.1) 

and 18.96% were uniquely aligned. The R package tximport (Soneson et al., 2015)  then 

summarised transcript counts to the gene level, leading to the quantification of reads to a total 

of 30 157 genes.  

http://f1000.com/work/citation?ids=8624509&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2919136&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=827836&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=2171947&pre=&suf=&sa=0
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3.2.2 Sequencing Consistency Across Individuals and Cell Subsets 

The percentage of reads pseudo-aligned across individuals was consistent with minimal 

variation across individuals (Figure 3.1). The mean proportion of pseudo-aligned across cell 

subsets was also consistent (Figure 3.2). This highlighted that kallisto (Bray et al., 2016) results 

were likely of high quality and there was minimal bias introduced as a result of mapping and 

quantification.  

Figure 3.1: Proportion of pseudo-aligned reads per individual. showing the percentage of 

reads pseudo-aligned across the final set of individuals analysed in this study. 

Figure 3.2: Proportion of pseudo-aligned reads per CD4+ T cell subset. Showing the 

percentage of reads pseudo-aligned compared to all available reads per cell subset.  

 

http://f1000.com/work/citation?ids=1345325&pre=&suf=&sa=0
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3.3 Batch Effect Identification 

3.3.1 Principal Components Analysis Showed No Discernable Batch Effects 

Batch effect biases were analysed using sleuth’s Principal Component Analysis (PCA). PCA 

plots showed no apparent clustering for individuals (Figure 3.3A) or sample date (Figure 

3.34B). Samples showed some clustering on the basis of cell subset (Figure 3.3C). Therefore 

it appeared that cells from the same subsets clustered more closely than different subsets within 

the same individual. This indicated that it was unlikely batch effects existed within the data.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Figure 3.3: Principal components analysis with sleuth show no discernible batch effects. (A): PCA clustering coloured by individuals shows 
minimal to no clustering. Individuals are represented by different colours with three cell subsets per individual. (B): PCA clustering coloured by 
sample collection date does not exhibit clustering. Sample collection date for cell sample subsets are shown in different colours (C): PCA clustering 
coloured by cell type. Different cell types are coloured with N, EM and CM representing Naïve, Effector Memory and Central Memory CD4+ T cells. 
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3.4 Outlier Detection and Removal 

3.4.1 Removal of Outliers and Selection of the Final Data Set 

Euclidean distance hierarchical clustering produced a sample dendrogram for outlier analysis. 

Two samples, LIR_01-PBMC_EM and VRC200_907-PBMC_N, were identified as outliers 

from the sample dendrogram due to large dendrogram height differences (Figure 3.4). Both 

samples clustered separately to the rest of these samples. Outliers were likely to negatively 

impact differential and co-expression analyses which require intra-sample variance to be 

minimised (Langfelder and Horvath, 2008). As a result, the sample distance tree was cut at a 

dendrogram height of 110 000 (Figure 3.4). To maintain consistency, all datasets from the 

individuals LIR_01-PBMC and VRC200_907-PBMC were excluded from further analyses. 

This resulted in a total of 24 samples (eight individuals across three cell types), with quantified 

read data for 30 157 genes available for all further analyses. 

 

Figure 3.4: Euclidean distance hierarchical clustering dendrogram showing clustering of 

samples. Height values indicate differences in the similarity of samples. Two samples, 

LIR_01-PBMC and VRC200_907-PBMC, were identified as outliers. A line drawn at the 

sample distance height of 110 000 was used to select and remove outlier samples. 

http://f1000.com/work/citation?ids=486535&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=486535&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=486535&pre=&suf=&sa=0
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3.5 Normalisation 

3.5.1 Comparison of VST and rlog Transformed Counts  

Raw counts showed high levels of heteroscedasticity - where variance varied across mean count 

values. Two normalisation approaches were compared: Variance Stabilised (VST) and 

Regularised Logarithm Transformations (rlog).  VST and rlog counts both reduced substantial 

variation that existed in the raw count data set (Figure 3.5). VST reduced the most variation 

from raw counts (Figure 3.5 and Figure S1) and therefore was selected to transform data for all 

further co-expression analysis.  

 

Figure 3.5: Mean - standard deviation plots showing differences in raw, VST and rlog 

counts. (A): Raw counts (B): Variance Stabilised Counts and (C): rlog Normalised Counts. 

Red lines indicate a curve plotted to model the mean standard deviation relationship. For each 

gene counts of reads are visualised in blue. 
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3.5.2 Heatmaps Show Sample Clustering 

Heatmap analysis of samples with raw and VST normalised counts both showed hierarchical 

clustering on the basis of cell subsets (Figure 3.6). Evaluation of the Pearson correlation 

coefficient (PCC) value distributions (Figure 3.6) showed a high level of positive correlation 

between all samples. Raw counts had a mode PCC value of 0.9, rlog normalised counts had a 

value of 0.994 (Figure S2) and VST counts had a value of 0.97 (Figure 3.6). WGCNA 

(Langfelder and Horvath, 2008) documentation recommends using VST normalisation for 

processing due to the reduction in noise caused by high variation. On this basis, and based on 

the evidence from mean - standard deviation plots, heatmaps and distribution plots; VST counts 

were selected for use in all further co-expression analysis.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

http://f1000.com/work/citation?ids=486535&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=486535&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=486535&pre=&suf=&sa=0


Figure 3.6: Hierarchical clustering heatmaps for raw and VST normalised counts. (A): Raw Counts
and (B): Variance Stabilised Counts. Left: red green and blue colours indicate the cell type samples belong to.
Colours depict sample PCC’s. Values close to 1 (high correlation) are shown in light colours and closer to 0 (low
correlation) as darker colours. Heatmaps show the differences in raw and normalised counts.
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3.6 Differential Gene Expression Analysis 

3.6.1 DESeq2 Quality Analysis 

Quality plots from the DESeq2 experiment showed that the analysis had been run effectively. 

Mean estimate dispersion plots (Figure S3) showed DESeq2 had effectively shrunk gene 

estimates to reduce intra-sample variance. DESeq2 M (log ratio) A (mean average) plots 

showed symmetry in the numbers of up and down-regulation of genes  (Figure S4). Log score 

shrinkage towards zero also was evident (Figure S4), with tests likely to result in errors 

removed with independent filtering. This highlighted consistency in the experiment, with no 

bias towards up or down-regulation of genes. Pairwise PCA showed pairwise clustering of the 

cell subsets, highlighting their differences (Figure 3.7). Hence Quality plots and PCA analysis 

indicated that the identification of differentially expressed genes was effective.  

3.6.2 Identification of Differentially Expressed Genes 

Differential gene expression analysis identified a total of 4550 differentially expressed (DE) 

genes across all CD4+ T cell subsets. The Effector Memory (TEM) vs Naive (TN) comparison 

had the highest number of DE genes with 2760 genes, followed by the TEM vs Central Memory 

(TCM)  comparison with 1018 genes, and the TCM  vs TN comparison with 772 genes (Figure 

3.8; Figure 3.9). Pairwise PCA clustering supported these findings, where the most variation 

in clustering was found between the TEM vs TN subsets followed by TEM vs TCM and TCM  vs N 

(Figure 3.7).  

3.6.3 Overlap of Differentially Expressed Genes Across Comparisons 

Out of all differentially expressed genes identified, only 179 were common to all three 

comparisons. This illustrated that differences between cell subsets were not as a result of the 

varying expression of the same set of genes. 117 genes were unique to the EM vs TCM  

comparison, 93 were unique to the TN vs TCM  comparison and 1413 were unique to the TN vs 

EM comparison (Figure 3.9).  

 

 

 

 



Figure 3.7: PCA from DESeq2 differentially expressed genes showing first (x­axis)
and second (y­axis) principal components. CD4+ T cell subsets are labeled by colour per
comparison: (A): TEM (red) TN (blue) comparison. (B): TCM (red) TN (blue). (C): TEM

(blue) vs TCM (red).
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Figure 3.8: Differentially expressed genes identified across all three pairwise CD4+ T cell 

subset comparisons. The diagram shows TEM vs TCM, TN vs TCM, and TN vs TEM comparisons, 

highlighting the number of overlapping genes between the sets.  

 

Figure 3.9: Number of differentially expressed genes identified across all three pairwise 

for CD4+ T cell subset comparisons (TEM vs TCM, TN vs TCM, and TN vs TEM). Upregulated 

genes are shown in blue (for the first cell type against the second), while downregulated genes 

are shown in red. 
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3.7 Evaluation of Methods For Identifying Co-expressed Genes 

It was important to identify the best co-expression methodology applicable to understanding 

the transcriptional differences across cell types. Two unsupervised machine learning methods 

(SOM and k-means clustering) were compared against Weighted Gene Co-expression Network 

Analysis (WGCNA), using differentially expressed genes identified with DESeq2 for three cell 

subset comparisons.  

3.7.1 WGCNA 

Within WGCNA, quality control plots were produced to evaluate the effectiveness of analyses. 

This included heatmaps of similarity and adjacency matrices, scale-free independence plots 

and mean connectivity plots (Figure 3.11). Analysis of these indicated distinct clustering of 

genes in quality control heatmaps, good scale-free topology fit and high mean connectivity. 

This showed that the WGCNA results for the comparison were of high quality and were 

satisfactory for a comparison with the other two methods. WGCNA produced cluster 

dendrograms for visualisation of modules of co-expressed gene sets (Figures 3.10 and 3.11). 

WGCNA was then used to produce a table of cluster/module assignments for each gene. This 

was inputted into a pipeline for method comparison.  

3.7.2 K-means Clustering 

Prior to clustering with k-means, a within the sum of squares plot determined the ideal number 

of clusters (k) to be five. A visualisation of the clustering was produced showing distinct 

groupings with each cell comparison (Figure 3.10A). As with WGCNA, a table was produced 

containing assignments of the clusters to all differentially expressed genes for methodology 

comparison. 

3.7.3 Self Organising Map 

A self-organising map was run for 2000 iterations, until the mean distance between nodes 

plateaued for all differentially expressed genes. Expressed genes were grouped together by 

decreasing the distance between weight vectors and the genes in higher-dimensional space. 

These clustered genes were then mapped back to nodes on a two-dimensional graph. Graphs 

with 25 x 25 nodes were generated using the R package, Kohonen (Wehrens and Kruisselbrink, 

2018), and coloured based on the density of genes mapping to each node for a particular sample. 

These heatmaps contained neurons showing scaled variance stabilised counts of groups of 

http://f1000.com/work/citation?ids=8067647&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=8067647&pre=&suf=&sa=0
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genes that mapped to each neuron (Figure 3.10 C; Figure 3.12). This figure was overlaid with 

lines indicating further Hierarchical Agglomerative Clustering (HAC) assignment. Gene lists 

were produced that reflected both the SOM and HAC cluster assignments, to be used in a 

comparison with the two other methods. 

SOM heatmaps were also used to visualise the expression profile of all 30 157 genes for the 

entire cohort (as opposed to just DE genes in the method comparison). For this a map was 

trained using over 5000 iterations (Figure S5), for a period of 2466.83 seconds, with a distance 

between units decreasing from 0.0020 to 0.008, where further iterations lead to a plateau around 

0.008. Twenty-four heatmap plots (1 per sample) were produced to evaluate differences in gene 

expression patterns across cell subtypes. SOMs produced heatmaps for each cell sample for 

comparison (Figure S6).  

Figure 3.10: Comparison of three co-expression approaches. (A): K-means clustering with 

mean counts clustered by colour. (B): Weighted Gene Co-expression Network Analysis 

showing a dendrogram with identified modules. Each module represents a set of co-expressed 

genes. (C): Self-organising map heatmap with colours representing a scaled value that 

represents the underlying groups of genes variance stabilised count values. Lines show 

hierarchical clustering run on top of the self-organising map.  
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3.8 Gene Ontology Enrichment Method Comparison 

Genes identified as co-expressed by WGCNA, SOM and k-means underwent Gene Ontology 

(GO) enrichment analysis with clusterProfiler (Yu et al., 2012) for their respective clusters or 

modules. This occurred for all three methods, for DE genes across all three cell types. GO terms 

were produced per module or cluster, and these were grouped together into a single data frame. 

GO enrichment gene ratio scores were plotted for each method, across the different methods 

for each cell type, and grouped for a final figure with all gene ratios per method (Figure 3.11). 

ANOVA (Analysis of Variance) statistical testing revealed that the distributions of gene ratios 

across the three methods were significantly different, with p < 2.2 x 10-16.  

3.9 WGCNA was the Most Effective Co-expression Analysis Method 

WGCNA (Figure 3.11) was identified as having the highest mean gene ratio of 8.92 %, 

followed by k-means with 6.87 %, and then self-organising maps with 6.35 %. The distributions 

of gene ratios for the respective methods were identified as significantly different using an 

ANOVA. On this basis, it was determined that WGCNA was the best method for co-expression 

network analysis for this dataset. Further analysis of differences between cell subsets was 

therefore conducted with WGCNA.  

 

 

 

 

 

http://f1000.com/work/citation?ids=1509330&pre=&suf=&sa=0
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Figure 3.11: Box and whisker plot comparing Co-expression methodology using gene 

ratio scores. Within each module identified as differentially co-expressed GO term gene ratio 

scores are plotted. Colours indicate the different methods: k-means clustering (red), self-

organising map (green) and WGCNA (blue). (A): Cell type comparisons across the three 

different methods. (B): Results from all cell type comparisons for a given method. ANOVA 

statistics show results are significantly different from one another. EM refers to Effector 

Memory Cells CD4+ T cells, CM to Central Memory Cells CD4+ T cells and N to Naïve CD4+ 

T cells. 

 

 

 

 

 

 

 



Figure 3.12: Self Organising Map heat maps for CD4+ TEM (top), TN (middle) and TCM (bottom) CD4+

samples. Each plot represents the expression profile of differentially expressed genes identified per sample.
Colours represent scaled variance stabilised counts of multiple genes that map to a particular node. Black lines
represent hierarchical agglomerative clusters applied ontop of the map.
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Figure 3.13: Weighted Gene Network Analysis showing (from top) heatmaps of similarity 

matrices, scale-free topology, mean connectivity, heatmaps and adjacency matrices, and 

cluster dendrograms for CD4+
 T cell subset comparisons. For each comparison an initial 

correlation similarity matrix is calculated, then scale free independence plots allow for 

determination of the power to raise each correlation value to. A resulting adjacency matrix is 

generated which is then clustered to form individual modules of genes. Labels refer to each 

comparison (A): TCM vs TEM, (B): TCM vs TN and (C): TEM vs TN. 
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3.10 The CD4+ TN vs TEM Comparison 

Further inspection of the CD4+ TN vs TEM comparison identified three differentially co-

expressed modules that showed potential to reflect differences in HIV-1 control mechanisms 

active across cell subsets. These were the Royalblue (Figure 3.14), Skyblue3 (Figure  3.19) and 

Salmon (Figure 3.21) modules. ClusterProfiler (Yu et al. 2012) identified GO terms that were 

significantly enriched in these modules. These were used to discern differences in the cell types. 

3.10.1  Differences in Viral Transcription across CD4+ TEM and TN Cell Subsets 

The RoyalBlue WGCNA module identified GO terms involved in viral transcription and viral 

processes that were differentially co-expressed across TEM and TN cells. One notable change 

downregulated in TN cells compared to TEM cells were the Ribosomal proteins RPS25, RPSL24 

and RPS27 (Figure 3.14; Figure S8). These genes were identified as being expressed at a higher 

level in TEM than TN cells. A GO Dot plot (Figure 3.15) demonstrated the diversity of GO 

enriched terms for the module (Figure 3.15). A CNET plot (Figure 3.16) demonstrated the 

involvement of these proteins in viral process and viral transcriptional GO terms (Figure 3.16).  

Figure 3.14: Weighted gene co-expression network for the WGCNA RoyalBlue module 

produced from the TN vs TEM CD4+ T cell subset comparison. Nodes are coloured by 

http://f1000.com/work/citation?ids=1509330&pre=&suf=&sa=0
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DESeq2 log2 fold change scores, where positive values indicate up-regulation in TN vs TEM, 

and negative values indicate down-regulation in TN vs TEM. Edges were coloured by WGCNA 

weight values, representing the strength of co-expression between genes. One notable gene 

RPS25 shows greater expression in TEM than TN with strong co-expression relationship to 

RPL24. 

Figure 3.15: GO enrichment dot plot for the RoyalBlue module for the CD4+ TN vs TEM 

comparison, showing counts of genes found in different significantly enriched GO terms. 

Adjusted p-values are coloured and counts are represented by the size of each circle. Results 

showed the diversity of viral related processes including symbiont, translation, RNA and viral 

transcriptional GO terms. 

 

 

 



 

Figure 3.16: RoyalBlue module CNET plot showing the genes involved in GO enrichment pathways differentially expressed between CD4+ TN 
and TEM subsets. Coloured nodes show DESeq2 log2 fold change values from DESeq2 with red indicating positive log fold changes and green 
indicating negative log fold changes (Love, 2014) differential expression analysis. Positive log2 fold changes represent upregulated sets in TN cells 
whilst negative values represent downregulation in TN vs TEM. 
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3.11  Differences in Immune Cell Differentiation Mechanisms across CD4+ TEM and TN 

Cell Subsets 

Within the Skyblue3 module differentially expressed GO terms relating to immune cell 

activation were found. These included five genes mapping to myeloid leukocyte differentiation, 

and three genes involved in macrophage differentiation (Figure 3.17). Receptor-interacting 

serine/threonine-protein kinase 1 (RIPK1) and Recombination Signal Binding Protein For 

Immunoglobulin Kappa J Region (RBPJ) were two genes involved in myeloid leukocyte 

differentiation that were downregulated in TN vs TEM cells (Figure 3.19). RIPK1 is also 

involved in macrophage differentiation and was investigated further (Figure 3.18). Hub gene 

analysis (Figure S7)  indicated that RIPK1 and RBPJ were connected to the central gene SNX5. 

This was in turn identified to be co-expressed with MAPK genes, MAP4 and MAPK1 in the 

light green modules (Figure 19B).  

Figure 3.17: GO enrichment dot plot for the SkyBlue3 module showing counts of genes 

found in significantly enriched sets. Adjusted p-values are coloured and counts represented 

by the size of each circle.  
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Figure 3.18: CNET plot showing the genes within the Skyblue3 module involved in a given 

enrichment pathway. Coloured nodes show DESeq2 log2 fold change values between CD4+ 

TN and TEM cells, with positive log2 fold changes representing upregulated sets in TN cells.  
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A            B 

 

Figure 3.19: Weighted gene co-expression network from genes within the SkyBlue3 and 

light green modules from a TN vs TEM CD4+ T cell comparison. (A): Nodes are coloured by 

DESeq2 log2 fold change scores with edges coloured by WGCNA weight values representing 

the strength of co-expression between genes. (B): Overlap of the Skyblue3 (blue) lightgreen 

(green) module showing high connectivity. SNX5 links to a group of MAP Kinase Genes 

MAP4, AKT1 and MAP4K of the two modules edges are coloured by weight values. 
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3.12  Differences In Immune Activation Levels Across CD4+ TEM and TN Cell Subsets 

Genes associated with immune activation were found to be differentially expressed across the 

TN vs TEM comparison. GO terms including immune response, leukocyte activation and 

phagocytosis were overrepresented (Figure 3.20). Within the immune response GO term, 29 

genes were differentially co-expressed (Figure 3.20; Figure 3.21). These included the Cell 

Division Control Protein 42 (CDC42), Protein-disulfide isomerase A3 (PDIA3) and  Insulin-

like growth factor 2 Receptor (IGF2R). CNET analysis showed all three mapped to the immune 

response GO term (Figure 3.22). 

 

 

Figure 3.20: GO enrichment bar plot for the Salmon module showing counts of genes (x-

axis) found in significantly enriched sets. Adjusted p-values are coloured. 
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Figure 3.21: Weighted gene co-expression network for the WGCNA Salmon module 

produced from the TN vs TEM CD4+ T cell subset comparison. Networks produced in 

Cytoscape (Shannon et al. 2003) with nodes are coloured by DESeq2 (Love et al. 2014) log2 

fold change scores, where positive values indicate up-regulation in TN vs TEM, and negative 

values indicate down-regulation in TN vs TEM. Edges were coloured by WGCNA (Langfelder 

and Horvath 2008) weight values, representing the strength of co-expression between genes.  
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Figure 3.22: CNET plot showing the genes within the Salmon module involved in their 

respective enrichment pathways. Coloured nodes show DESeq2 log2 fold change values 

between TN and TEM CD4+ cells. Positive log2 fold changes representing upregulated sets in TN 

cells. Negative log2 fold changes representing downregulated gene sets in TN cells. Plot 

highlights the genes involved in immune response and activation GO terms including CDC42, 

PDIA3 and  IGF2R. 
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4 Discussion 

The recent finding of a second patient cleared of HIV-1 in March 2020 has again highlighted 

that a model for a cure exists (Gupta et al., 2020; Hütter et al., 2009). It is likely that this model 

is a functional one in which trace levels of HIV-1 persist despite viral replication being 

eliminated (Gupta et al., 2020; Hütter et al., 2009). HIV-1 elite controllers (ECs) maintain 

stringent control of the virus, in the absence of antiretroviral treatment (ART), for over 10 

years, and thus represent an effective model for a functional cure. This study transcriptionally 

profiled Naive (TN), Effector Memory (TEM), and Central Memory (TCM) CD4+  T cell subsets 

within the context of HIV-1 elite control (EC). It compared different normalisation and co-

expression methodologies to profile CD4+  T cell subsets and identified transcriptional 

differences between these subsets that may reflect nuances in latent infection. Here, the quality 

processing, method comparison, broad transcriptional differences and findings between TEM 

and TN cells are discussed. 

4.1 Quality Control and Sample Normalisation Was Effective 

Quality reporting using FastQC (Andrews, 2018) and improvement with Cutadapt (Martin, 

2011) was effective. Where data quality was irretrievable, samples were removed allowing for 

only the highest quality data to be used for further analyses. Kallisto alignment was consistent 

across different individuals and cell types, indicating a successful and unbiased alignment step. 

Batch effect analysis revealed that no such effects were apparent, and samples did not need 

further processing to remove them. Outlier detection identified two samples that clustered 

together, separate from the remainder of the cohort. It is likely the reasons for their differences 

were as a result of biological variation as there were no apparent differences in sample 

collection date, CD4 count, HIV-1 viral loads or duration of infection. Outlier samples were 

removed to reduce intra individual biases that would affect co-expression and differential 

analysis. This included the other samples from these individuals to ensure only complete 

datasets were studied.  In summary, stringent quality screening allowed for confidence that all 

processing and analysis would reflect the biological differences in the cell subsets and would 

not be as a result of technical errors.  

Normalisation was necessary to ensure the removal of differences in library size and 

composition. Size-factor based normalisation effectively removed biases for both differential 

and co-expression analysis. Following this step, normalisation with two different steps, namely 

http://f1000.com/work/citation?ids=8571056,613268&pre=&pre=&suf=&suf=&sa=0,0
http://f1000.com/work/citation?ids=8571056,613268&pre=&pre=&suf=&suf=&sa=0,0
http://f1000.com/work/citation?ids=8624509&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=827836&pre=&suf=&sa=0
http://f1000.com/work/citation?ids=827836&pre=&suf=&sa=0
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Variance Stabilising Transformation (VST) and Regularised Logarithm (rlog) normalisation. 

These both successfully reduced heteroscedasticity in the data. VST and rlog both effectively 

reduced variance, allowing for consistency in dispersion across different mean values. This 

meant that differences in the levels of gene expression would not bias the likelihood of 

identifying genes as co-expressed. When mean standard deviation plots and distributions were 

analysed, VST was shown to reduce slightly more variance than rlog did. On this basis, it was 

selected for use in further co-expression network analysis. DESeq2 Differential Expression 

(DE) analysis successfully used shrinkage dispersion to solve the problem of 

heteroscedasticity, resulting in consistency of dispersion estimates across mean values. Overall, 

the normalisation procedures employed reduced unwanted noise and variance, improving the 

quality of co-expression and DE analyses.  

For both co-expression and differential expression analysis, quality reporting during 

experimentation checked the effectiveness of all experimentation. DESeq2 MA and mean 

dispersion plots showed no biases for upregulated and downregulated gene sets, indicating an 

effective experiment. Weighted Gene Co-expression Network Analysis (WGCNA) 

dendrogram visualisation showed distinct bands of colours, suggesting that the groupings of 

genes into modules was effective. This together with the similarity heatmaps, adjacency heat 

maps and careful selection of mean connectivity and scale-free topology scores indicated that 

WGCNA results were of a high quality. The sum of square plots ensured that the right number 

of clusters was chosen for k-means clustering, and k-means visualisation showed distinct bands 

of clusters, highlighting effective clustering. Self-organising maps (SOM) reached a plateau 

when analysing mean distance to closest units, indicating that an optimum distance between 

neurons and genes was reached. Therefore DESeq2, WGCNA, SOM and k-means quality 

evaluation showed all methods had been run effectively.  

4.2 WGCNA was the Most Effective Method for Identifying Co-expressed Genes 

Using gene ratio scores identified with GO Enrichment, the efficacy of SOM, WGCNA and k-

means as methodological approaches for identifying co-expressed genes was evaluated. 

Differentially expressed genes had been clustered with the different methods and then 

underwent GO enrichment. Gene ratios from each enriched cluster established the effectiveness 

of methodologies to identify co-expressed genes. Findings showed that WGCNA had the 

highest mean gene ratio, followed by k-means and then SOM which had similar ratios. On this 

basis, WGCNA was shown to be the best co-expression approach for the study. This may be 
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as a result of the wide use of WGCNA for most co-expression analyses (Botía et al., 2017), 

meaning many GO terms have been established using this method - causing a bias towards 

WGCNA. Furthermore, WGCNA seemed to break clusters up into smaller modules than k-

means clustering and SOM. Identification of smaller clusters may have resulted in more 

specific gene sets causing higher ratio scores in WGCNA.  

It is, however, also likely that WGCNA may still be the best and most accurate methodology, 

as it combines many effective techniques together. These include Pearson correlation 

coefficients, topological overlap similarity calculations, parameter adjustment to optimise 

scale-free topology (a measure of the accuracy of a biological network) and clustering (HAC) 

(Langfelder and Horvath, 2008). Both k-means and SOM provided only clustering of gene 

expression values. Perhaps combined, their use will lead to greater efficacy. An existing study 

had shown when k-means was implemented within WGCNA, it improved the biological 

features identified (Botía et al., 2017). Perhaps using SOM as the clustering step of WGCNA 

may strengthen results. Further improvements of these methods are needed however, and on 

the basis of the GO ratios, WGCNA was selected for further co-expression analysis. 

SOM heatmaps offered a useful visualisation of the complete transcriptional profile of all 

samples and showed some similarities with PCA and DESeq2 findings (although differences 

were likely caused by normalisation technique differences). SOM like PCA, dendrogram, and 

differential expression analysis, identified the TEM vs TN comparison to have the greatest 

differences. This has highlighted it as a useful method for successfully visualising the genome-

wide transcriptional differences of a particular cell subset. Further integration of SOM with 

other techniques could likely yield better co-expression methodologies. 

4.3 Broad Transcriptional Differences Distinguish CD4+ T Cell Subsets 

Upon analysis of sample heatmaps, sample dendrograms, and SOM heatmaps, it was clear that 

cell subsets clustered more closely than different cells within the same individual. This 

indicated that there were core transcriptional similarities within cell subsets that superseded the 

differences that occur between individuals. This was the case for all cell subsets. Analysis of 

Pearson correlation coefficients for the samples showed that there was also a very high degree 

of correlation between subsets. This was expected as all three CD4+ T cell subsets are known 

to be phenotypically very similar. The degree of the similarities and differences between 

subsets could then be examined.  
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When analysed, SOM heatmaps across all 24 samples showed that TCM and TEM subsets seemed 

to have the greatest transcriptional similarities. This was not, however, supported by PCA, 

differential expression analysis and the raw count heatmap dendrogram. DE analysis also did 

not support SOM and VST heatmap results, with TCM vs TN having the fewest differentially 

expressed genes, followed by TEM vs TCM and vs TEM and TN. All methods showed TEM and TN 

had the greatest number of differences. Discrepancies in which cell subsets were the most 

similar are likely a result of differences in the DE and co-expression normalisation procedures. 

Both methods employed a size-factor based normalisation, however further processing for 

DESeq2 was using DESeq2’s own model (Love et al., 2014), while VST was used for co-

expression analysis.  It is likely that TCM vs TN and TEM vs TCM are both very similar and hence 

cluster closely together. Normalisation procedure likely biases the similarities slightly in either 

direction causing the discrepancy. 

TCM and TN subsets are known to have some similarity in function. Therefore, the findings 

suggesting their transcriptional similarity are explainable. TCM and TN both express CCR7 and 

CD62L, which enable them to manoeuvre through secondary lymphoid organs and High 

Endothelial Venules (HEV). They are similar in that they both have little to no effector 

function, and both can differentiate to produce effector subsets (Federica Sallusto et al., 2004). 

The manner in which they undergo differentiation is however, different - TCM cells maintain 

memory function while differentiated whilst TN cells do not. Unlike TN, TCM produce high 

amounts of IL2, which facilitates further T cell differentiation. TEM are CCR7 negative and 

have chemokine receptors specific to homing towards inflamed tissues. TEM cells are also the 

most differentiated subsets and it makes sense that TEM and TN would have a higher number of 

differences than TEM vs  TCM and TCM vs TN. Findings supporting these differences in subsets 

would therefore make sense, as they reflect the underlying functional differences of these cell 

subsets.  

The challenge for this study was attempting to establish whether subset differences were 

heightened as a result of HIV-1 infection. One notable observation from the study that produced 

the dataset used in this project (Boritz et al., 2016) was that TEM cells were found to have the 

highest levels of HIV-1. In contrast, TN cells had the lowest levels of HIV-1. This had potential 

to explain the high number of differences between these cell subsets. Memory CD4+ T cell 

subsets are known to harbour latent infected virus and a high copy number of HIV-1 DNA is 

expected (Zerbato et al., 2016). TCM cells also had relatively high levels of HIV-1 DNA, 

possibly explaining some of the similarity between TCM and TEM expression profile. While this 
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study cannot conclusively determine whether differences are induced by elite control of HIV-

1, it seems likely that high levels of HIV-1 DNA in TEM cells could affect their expression 

profile. The comparison of TEM cells to TN cells could therefore elucidate differences that occur 

as a result of high HIV-1 viral load. On this basis, the TEM vs TN comparison was selected for 

further study using WGCNA (Langfelder and Horvath 2008). 

4.4 Differences Between TEM and TN Subsets May Reflect HIV-1 Elite Control 

During chronic latent infection, HIV-1 is known to reside in reservoirs of CD4+ T memory 

cells (Bosque et al., 2011; Kulpa et al., 2019; Lee and Lichterfeld, 2017). TEM cells were known 

to have the highest levels of HIV-1 DNA of all subsets in this study (Boritz et al., 2016). TEM 

cells maintain effector function, and it was likely that these subsets had a degree of immune 

control over the virus. When comparing TEM to cells with the lowest levels of HIV-1 DNA (TN; 

(Boritz et al., 2016), it was observed that these cells had the potential to reveal mechanisms 

that contribute towards controlling viral replication. TN cells could therefore be used as a 

baseline control group for how lesser infected subsets function. Findings showed differences 

in viral transcription, immune differentiation and immune activation mechanisms. 

4.5  Greater Levels of Viral Transcription in TEM Compared to TN  CD4+ Subsets  

GO terms associated with viral transcription were found to be over-represented within genes 

identified as co-expressed across TEM and TN CD4+ cell subsets. Further analysis revealed that 

several ribosomal proteins were expressed at a greater level in TEM subsets than TN. One notable 

example was ribosomal protein S25 (RPS25), which was expressed at a much higher level in 

TEM than TN cells, and was co-expressed with other ribosomal proteins including RPS27A and 

RPSL24. The HIV-1 internal ribosome entry site (IRES), which drives important Gag HIV-1 

viral protein replication, is dependent on RPS25 and likely other ribosomal proteins (Carvajal 

et al., 2016). IRES causes recruitment of the 40S ribosomal unit which can initiate HIV-1 

transcription. High levels of RPS25 are therefore associated with high levels of viral 

replication. This supports the findings that TEM had higher levels of HIV-1 than TN cells (Boritz 

et al., 2016). Furthermore, it indicates that within the context of TEM cells, viral replication is 

likely upregulated, causing increased transcription of HIV-1. Such HIV-1 replication may 

allow for clearance of the virus from latent reservoirs by the immune system or allow for its 

continuous immune suppression. Latent reservoirs of HIV-1 in ECs are known to be much 

smaller than in progressor patients (Blankson et al., 2007), and there is evidence that stringent 

cytotoxic T lymphocyte (CTL) responses prevent the seeding of latent reservoirs (Migueles 
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and Connors, 2015). Perhaps stimulation of HIV-1 replication enables continued immune 

response to the virus and prevents large viral reservoirs developing in ECs. 

4.5.1 RIPK1 and RBPJ Facilitate Cellular Differentiation and Viral Replication 

GO terms associated with myeloid leukocyte and macrophage differentiation were 

overrepresented in genes differentially expressed across the CD4+ TN vs  TEM  cell subsets. 

Upon further investigation, RIPK1 (Receptor Interacting Protein Kinase 1), which is associated 

with both GO terms, was found to be expressed at a greater level in TEM cells than TN 

(downregulated in TN vs  TEM).  RIPK1 is a key regulator of innate immune signalling pathways 

(Lalaoui et al., 2020), and its up-regulation indicates activation and differentiation of immune 

pathways within these EC patients.  

Interestingly, RIPK1 is usually cleaved by HIV-1 protease during chronic infection (Wagner 

et al., 2015). Such cleavage is thought to counter host defence mechanisms against HIV-1, as 

it inhibits the RIPK1/RIPK3 complex and resulting Nuclear Factor kappa light chain enhancer 

(NF-kB) transcription factor activation. NF-kB includes a family of transcription factors that 

are involved in leukocyte and macrophage differentiation (Wagner et al., 2015). It was notable 

that this gene was downregulated within TEM (when compared to a baseline of TN cells), which 

had the greatest levels of HIV-1 (Boritz et al., 2016). This suggests that perhaps EC patients 

maintain a mechanism that prevents such cleavage allowing for continued immune cell 

differentiation and viral suppression.  

RBPJ was also expressed at a greater level in TEM vs TN CD4+ subsets. RBPJ is known to be 

involved in ERK MAP Kinase signalling, facilitating the activation and differentiation of 

immune cell subsets. This was supported by RBPJ mapping to GO enriched pathways for 

macrophage differentiation and myeloid leukocyte differentiation within the Skyblue3 module. 

MAPK, ERK1 and ERK2 facilitated pathways are known to link cytokine signals to cause 

activation of HIV-1 through stimulation of AP-1 and NF-κB (Yang et al., 1999). These in turn 

cause reactivation of latently infected virus through the HIV-1 long terminal repeat (LTR). Up-

regulation of RBPJ causes greater NF-κB and associated immune cell differentiation. This may 

also cause expression of the virus in TEM cells, reducing the latent reservoir and promoting 

HIV-1 control. 

The above findings are interesting as it means potential activation of the virus can also be 

associated with activation of immune differentiation mechanisms. Perhaps ECs have greater 
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levels of leukocyte differentiation that can then target replication virus to reduce viral 

reservoirs. Furthermore, RIPK1 and RBPJ were found to be co-expressed with SNX5 (Sorting 

nexin-5) a central gene in the Skyblue3 module. SNX5 was found to be likely co-regulated or 

co-expressed with members of the MAP kinase signalling pathway, MAP4, MAPK1 and 

AKT1. Therefore, it seems that TEM subsets support the activation of MAPK pathways which 

promote many cell processes including leukocyte and macrophage differentiation.  

4.5.2 Differences in Immune Response Mechanisms Across CD4+ TEM and TN Subsets 

Immune response, immune effector process, and phagocytosis GO terms were all 

overrepresented in genes identified as differentially expressed between the TEM and TN subsets. 

Within the Salmon module, 29 genes were identified as co-expressed that were involved in 

immune response. This supports significant levels of immune functional differences between 

TEM and TN CD4+ subsets. A notable difference between the two subsets was that TN cells had 

high levels of CDC42, which has been shown to facilitate HIV-1 cell-cell transmission in 

dendritic cells (Nikolic et al., 2011). CDC42 likely supports this process in other cell subsets. 

Downregulation of this gene within TEM cells may slow HIV-1 transmission to other CD4+ 

memory subsets, reducing viral seeding in other subsets. Other genes known to facilitate HIV-

1 replication were found to be upregulated in TEM subsets, notably Protein-disulfide isomerase 

A3 (PDIA3) and Insulin-like growth factor 2 Receptor (IGF2R). PDIA3 has been shown to 

play a predominant role in HIV-1 viral entry allowing for its replication. IGF2R is an 

IFNgamma inducible protein that is also known to facilitate intracellular HIV-1 replication  

(Suh et al., 2010). These support findings of increased HIV-1 replication within CD4+ TEM cell 

types. 

4.6 Conclusions  

This study examined the transcriptional profile of CD4+ T cell subsets within a context of HIV-

1 elite control. It investigated the differences amongst cell subsets and identified differences 

that potentially allow for HIV-1 suppression in ECs. Broad transcriptional findings showed 

that TCM and TN cells and TEM and TCM subsets had a greater number of similarities than TEM 

and TN subsets. This was attributable to similar functioning of TCM and TEM as memory subsets 

and of TCM and TN as cells able to navigate HEV and undergo further differentiation. The TEM 

vs TN comparison had the greatest number of transcriptional differences, with 2760 

differentially expressed genes that was supported by SOM, PCA and sample dendrogram 

analysis. TEM subsets had the greatest level of viral DNA and it was likely that EC mechanisms 
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allowed for suppression of viruses in these subsets. GO terms associated with viral 

transcription, immune differentiation and immune activation were found to be overrepresented 

across the subsets. This included differences in groups of ribosomal proteins known to be 

involved in HIV-1 viral replication; proteins RIPK1 and RPBJ involved in differentiation of 

and activation of immune cells and immune activation genes CDC42,  PDIA3 and IGF2R 

which facilitate virus replication. This highlighted that EC TEM cells underwent high amounts 

of viral replication which could have the potential to reduce residual latency. Activation of the 

immune response and differentiation of immune cells may cause a response to the virus that 

suppresses whilst preventing build-up of latent reservoirs. In summary, the transcriptional 

profile of CD4+ T cell subsets showed differences in their mechanisms which likely reflect the 

functional differences in subsets and differences in HIV-1 infection levels.  

4.7 Limitations 

One of the main limitations of this study was that ECs represent a heterogeneous set of 

individuals, which are likely to have multiple different mechanisms to suppress HIV-1. After 

extensive quality processing, a final cohort of eight individuals was selected from a total of 14 

for study. With a smaller sample size, diverse mechanisms of EC were likely to be lost. A 

smaller set of individuals is unlikely to represent the majority of differences in CD4+ T cell 

subsets within ECs. Quality processing did however ensure that the results from these 

individuals were of the highest quality. 

A further challenge in this study was the inability to determine whether the transcriptional 

differences observed reflected EC mechanisms, or where a consequence of differing levels of 

viral replication between subsets. Transcriptional differences may have been induced by 

baseline HIV-1 infection or normal functional cell type differences. To investigate these, 

further crossover work with datasets derived from patients on ART, non-controller HIV-1 

infected individuals and uninfected patients is needed. This would help establish to what extent 

mechanisms are induced by an elite control, HIV-1 or functional context.  

4.8 Future Work  

Advances in sequencing and deep machine learning models offer opportunities in further study 

of ECs. New artificial neural networks that use more extensive layering of neurons, known as 

deep learning models can outperform most clustering techniques. Deep learning models have 

already shown promise in co-expression analysis (Ahn et al., 2019; Svensson et al., 2020). One 
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such technique is autoencoders, which have recently been used in a co-expression context  (Ahn 

et al., 2019; Svensson et al., 2020). The use of more advanced machine learning models to 

identify causal relationships between genes will be beneficial in understanding gene sets from 

individuals such as HIV-1 ECs. 

Furthermore, progress in gating and sequencing technologies now allow for single-cell RNA 

sequencing. That is when the transcriptome of individual cells can be defined. This gives a 

much higher resolution picture of the functioning of cell subsets and could be applied to EC 

data for further progress in identifying the EC phenotype. To summarise, future work would 

ideally incorporate the latest techniques of single cell RNA sequencing with advanced deep 

learning models on a large sample subset of ECs in sub-Saharan Africa. This could include a 

study with patients who progress to AIDS, normal uninfected individuals and ECs.  
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6 Appendix A - Supplementary Results 

Figure S1: Sample distribution plots (A): Raw Counts (B): rlog Normalised Counts and (C): 

Variance Stabilised Counts. Colours represent the 24 different samples examined. Distributions 

highlight the effects of normalisation procedures on datasets. Raw counts maintained the 

highest spread of data whilst variance stabilised counts reduced most variation. Size factor and 

rlog counts show a high degree of variability in the different sample distributions. 

. 
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Figure S2: Sample heatmap with hierarchical clustering of rlog Normalised Counts. 

Colours depict sample PCC’s. Values close to 1 (high correlation) are shown in light colours 

and closer to 0 as darker colours.  
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Figure S3: M (log ratio plotted on y-axis) A (mean average plotted on x-axis) plots for 

DESeq2 (Love et al., 2014). Show similarities in the number of up and downregulated genes 

across (A)  CD4+ T CM vs EM, (B) CD4+ T CM vs N and (C) CD4+ T EM vs N. Red values 

are significantly differentially expressed genes. 

 

 

Figure S4: DESeq2 Dispersion estimate plots for different CD4+ T cell subsets (A):  

CD4+ T CM vs EM, (B) CD4+ T CM vs N and (C) CD4+ T EM vs N. Black dots show initial 

maximum likelihood gene wise dispersion estimates, a red curve matches the dispersion 

mean relationship, blue dots show estimates after shrinkage estimation and circled dots show 

dispersion outliers that do not undergo shrinkage. 

 

http://f1000.com/work/citation?ids=129353&pre=&suf=&sa=0
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Figure S5: Mean distance between neurons and genes with higher-dimensional datasets. 

Mean distance between units reaches a plateau 5000 indicating that the minimum distance 

between nodes and genes has been reached 

 

 

 

 

 

 

 

 

 



 



Figure S6: Self Organising Map - heat maps for CD4+ TEM (top), TN (middle) and TCM (bottom) subsets for 
all eight individuals analysed in the final cohort. Each plot represents the expression profile of 30 157 genes 
per cell sample for an individual. Colours represent scaled variance stabilised counts (between 0 and 4) of 
multiple genes that map to a particular node. Similarities in topology across all samples indicate transcriptional 
similarities in the same CD4+ cell type. TN and TCM have visually similar maps indicating similarities in 
expression. TN and TEM have differences in topology which may be attributable to their differences. 
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Figure S7: Visualisation of hub genes identified with WGCNA and their respective known 

interactions from STRING. Hub genes identified by WGCNA visualised using STRING with 

a high confidence level of 0.700, no more than 10 interactions for the first shell and no 

interactions for the second shell.  

 

 

 

 

 

 

Figure S8: Ribosomal Proteins found to be differentially co-expressed across the CD4+ 

TN vs TEM comparison and visualised in STRING. The majority of these genes were found 

to be expressed at a greater level in TEM cells compared to TN subsets. Genes visualised using 

STRING with a high confidence level of 0.700, no more than 10 interactions for the first shell 

and no interactions for the second shell.  
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7 Appendix B - Pseudocode 

 

Pseudocode included in this section summarises the key blocks of code used in this study. 

 

Workflow: 

 

kalisto_script.sh    alignment of and quantification of reads 

differential_expression.R   differential expression analysis 

normalisation.R    normalisation for network analyses 

coexpression_wgcna.R   co-expression analysis with WGCNA 

self_Organising_Map.R   co-expression analysis with SOM 

k_means_clustering.R    co-expression analysis with k-means 

coexpression_method_comparison.R  co-expression method comparison 
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kallisto_script.sh 

 

This script allowed for pseudo-alignment reference indexing and 

quantification 

 

get BiomaRt transcripts file 

 

build index.idx file for alignment 

 

for (each pair of fastq files per sample) { 

    quantify transcript level abundance 

    bootstrap estimates = 100 

} 
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differential_expression.R 

 

This script identified differentially expressed genes with DESeq2. 

 

packages <- "ggplot2", "knitr", "DeSeq2", "reshape2", "dplyr", 

"RColorBrewer", "Homo.sapiens","RColorBrewer" 

load packages 

 

import { 

       meta_data 

       hdf5_files #from kallisto 

       trancript_to_gene #from biomaRt 

} 

 

function create_tximport_object(meta_data,  hdf5_file,  

trancript_to_gene){ 

    create tximport objects #gene level abundance quantification 

    return(tximport_object) 

} 

 

function run_deseq(tximport_object, comparison){ 

    remove low variance and low count genes 

    fit deseq2 model 

    filter by Benjamini Hochburg adjusted p < 0.05 

    order by log2FoldChange 

    return(deseq_object) 

} 

 

 

comparisons <- (CD4+ EM vs CM; CD4+ EM vs N; CD4+ CM vs N) 

 

for(comparisons) { 

 

    select samples_for_comparison 



 

109 

 

    create_tximport_object() 

    run_deseq() 

    plot MA Dispersion and PCA plots 

    write significantly differentially expressed genes to file 

 

} 
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normalisation.R 

 

 

This script normalised data for library differences and 

heteroscedasticity and removed outliers. 

 

packages <- "fastcluster", "DESeq2" 

load(packages) 

 

import{ 

       raw_counts 

       meta_data 

} 

 

function remove_outliers(raw_counts, meta_data){ 

    calculate euclidean distance matrix 

    hierarchical clustering 

    visualise dendrogram 

    option to cut tree to remove outliers 

    cut dynamic tree 

    return(meta_data_samples_outliers_removed) 

 

} 

 

function normalise_it(raw_counts, meta_data_samples_removed){ 

 

    convert counts to integers 

 

    if(all_genes_unique = FALSE){ 

      stop_code 

 

    } 

 

  create DESeq2_object #with no design formula 
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  sizefactor_counts <- generate_sizesizeFactors(DESeq2_object) 

  variance_stabilised_counts <- generate_VST(DESeq2_object) 

  rlog_counts <- rlogTransformation(DESeq2_object) 

  log2_counts <- log2(input_counts + 1) 

 

  all_counts <- list(sizefactor_counts, variance_stabilised_counts,  

rlog_counts, log2_counts, raw_counts, input_meta) 

 

  return(all_counts) 

 

 

} 

normalised_counts <- normalise_it(raw_counts, meta_data_samples_removed) 

 

 

coexpression_wgcna.R 

 

 

This script underwent co-expression analysis with WGCNA. 

 

packages <- "gplots", "tidyverse", "riskyr", "ggplot2", 

"knitr","reshape2", "dplyr", "RColorBrewer", "WGCNA", 

"Homo.sapiens","RColorBrewer" 

load packages 

 

import{ 

       normalised_counts 

       meta_data 

       differential expressed gene lists 

} 
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get{ 

  annotation metadata for genes #using biomaRt 

} 

 

source { 

    heatmap_script.R 

    distribution_plot_script.R 

    plot_scale_independence.R 

    export_network_to_graphml.R 

 

} 

 

for("variance_stabilised_counts", "rlog_counts", "raw_counts", 

"size_factor_counts"){ 

  plot_sample_heatmap() 

  plot_distribution() 

  save to png format 

} 

 

counts_input <- normalsied_counts$variance_stabilised_counts 

 

for comparison 

 

comparisons <- (CD4+ EM vs CM; CD4+ EM vs N; CD4+ CM vs N) 

 

for(comparisons) { 

 

    select samples_for_comparison 

    select differentially expressed genes for comparison 

 

    create similarity_matrix 

      plot similarity_matrix 

    create adjacency_matrix 

      plot adjacency_matrix 
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    plot_scale_independence_mean_connectivity() 

    select soft threshold value 

 

    calculate Topological Overlap Measure 

    form distance matrix 

    hierarchical cluster distance matrix 

      plot cluster Dendrogram 

 

  identify hub genes 

      output hub gene list 

 

    assign logFC scores to genes 

    select hard threshold value 

 

    export_network_to_graphml() 

    write WGCNA cluster assignments to file 

 

} 

 

 

 

 

 

 

 

 

 

 



 

114 

 

Self_Organising_Map.R 

 

This script underwent co-expression analysis with SOM. 

 

packages <- "kohonen", "dummies", "ggplot2", "rgdal", "rgdal", "sp", 

"reshape2", "maptools", "rgeos" 

 

for (packages) { 

    load packages 

 

} 

 

import{ 

       normalised_counts 

       meta_data 

       differential expressed gene lists 

} 

 

all_genes <- normalised_counts$variance_stabilised_counts 

 

 

function train_som(normalised_counts,  rlen,  alpha, grid size){ 

 

    train self organising map 

    run hierarchical clustering within sum of squares plot 

    run hierarchical clustering over map 

    write gene cluster assignments to file 

 

} 

 

comparisons <- (CD4+ EM vs CM; CD4+ EM vs N; CD4+ CM vs N) 

 

for(comparisons){ 

  select samples for comparison 
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  select differentially expressed genes 

 

  define SOM som_grid 

  define rlen #the number of model iterations 

  define alpha #the learning rate 

  train_som() 

    plot distances between unit 

    for(all samples) { 

      plot heatmaps per sample 

  } 

 

} 

 

train_som(all_genes) 

plot sample heatmaps for all samples using all genes 

 

 

K_means_clustering.R 

 

 

This script underwent co-expression analysis with k-means clustering. 

 

import{ 

       normalised_counts 

       differential expressed gene lists 

} 

 

 

function K_means_clustering(normalised_counts, differential expressed 

list){ 

 

  calculate mean of counts per gene 
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  for(i in 1:15){ 

    calculate within sum of squares for i clusters 

    plot within sum of squares 

  } 

  select optimum number of clusters 

  select number of iterations = 50 

  select number of resamples = 50 

  run k-means model 

  plot clusters 

  write cluster assignments to file 

 

} 

 

comparisons <- (CD4+ EM vs CM; CD4+ EM vs N; CD4+ CM vs N) 

for(comparisons){ 

  select samples for comparisons 

  select differentially expressed genes 

  K_means_clustering() 

} 
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coexpression_method_comparison.R 

 

This script compared co-expression analysis approaches. 

 

packages <- "tidyverse", "clusterProfiler", "org.Hs.eg.db", "biomaRt", 

"tidyr", "forcats", "ggplot2", "praise" 

 

load(packages) 

            

source functions { 

    getmodule.R   #gets a specific gene module or cluster within a method 

    get_entrez_function.R #gets the right entrez ids needed for 

clusterProfiler 

    clusterit.R #clusterProfiler script undergoes GO enrichment and 

calculates gene ratio scores for a given module / cluster 

    almalgamate_GO.R #puts all GO terms identified into a single dataframe 

for analysis 

} 

 

import{ 

       SOM_cluster_assighnments 

       WGCNA_cluster_assighnments 

       k-means_cluster_assignment 

} 

 

 

list_GO <- NULL #initialise object to store GO terms 

 

function get_gene_ratios(gene_list_with_cluster_assighnment){ 

 

  for(module in range[1:number(modules)]){ 

 

    genes_in_module <- getmodule(gene_list, module) 

 

    genes_entrez <- getentrezids(genes_in_module) 
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    remove duplicate ids 

 

    GO_term <-  run_cluster_profiler(genes_entrez) 

 

    aggregate all GO terms for a method 

 

    get gene ratios 

 

    return(gene_ratios) 

 

    } 

 

 

} 

 

methods <- (SOM_cluster_assighnments; WGCNA_cluster_assighnments; k-

means_cluster_assignment) 

 

for(methods){ 

 

  get_gene_ratios(methods) 

  amalgamate gene ratios for all methods 

 

} 

 

plot box and whisker with all gene_ratios 

run ANOVA hypothesis test 

per method return mean(gene_ratios) 
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