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Abstract 

Blood transcriptomic profiles associated with fatal melioidosis and type 2 diabetes-

induced susceptibility to intracellular pathogens 

Patpong Rongkard 

St Hugh’s College  

Submitted for the degree of Doctor of Philosophy  

Trinity Term 2022 

Background: Melioidosis is caused by the Gram-negative bacterium Burkholderia 

pseudomallei, and is a leading cause of death from community-acquired infections in 

Northeast Thailand with a case fatality rate of up to 50%. Most melioidosis patients have 

one or more comorbidities, and more than half of patients have diabetes which confers a 12-

fold increased susceptibility to melioidosis. A similar, but less marked, relationship is seen 

in tuberculosis (TB) patients, with a 3-fold increased risk of developing TB in people with 

diabetes. Little is known regarding the mechanisms underlying the increased susceptibility 

in diabetes to these intracellular pathogens. Likewise, the host response associated with fatal 

melioidosis remains to be fully elucidated.  

Methods: Whole blood RNA sequencing data were generated from three independent 

melioidosis cohorts from Northeast Thailand and one global multi-site tuberculosis study. 

Both supervised and unsupervised data analysis approaches were performed including 

differential gene expression (DGE) analysis, pathway analyses, upstream regulator analysis, 

weighted gene co-expression network analysis (WGCNA), and hub gene analysis. 

Results: Firstly, principal component analysis (PCA) revealed clear separation between 

fatal and surviving melioidosis patients. DGE analysis identified profound changes in the 

transcriptome of fatal melioidosis cases with over 600 up- and 1,000 down-regulated genes 

compared to survivors. Pathway analyses following DGE analysis identified exaggerated 
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inflammation and up-regulated type 2 immune responses concurrent with massively down-

regulated T cell signalling cascades in fatal melioidosis. Upstream regulator analysis 

identified potential key regulators associated with fatality during melioidosis including TNF, 

IL4, IL1A, PTGER2, and OSM. Likewise, the unsupervised analysis by WGCNA confirmed 

that several co-expressed gene modules enriched for inflammatory immune responses driven 

by the innate immune compartment were associated with 28-day mortality. Furthermore, 

hub genes associated with fatal melioidosis such as CEACAM1, SERPINB1 and SORT1 may 

play deleterious roles during melioidosis.  

Secondly, the impact of diabetes on the transcriptome was subtle in acute melioidosis, with 

similar but more pronounced changes in TB, which is a more chronic disease. Diabetes status 

was associated with enhanced non-specific inflammatory responses for both melioidosis and 

TB, alongside failure to fully switch on interferon-mediated responses for TB.   

Conclusion: The transcriptomic signature in fatal melioidosis is characterised by 

concomitant excessive inflammation, a pronounced anti-inflammatory response, and a 

stunted T cell response. These results highlight the pivotal role of adaptive immunity during 

fatal melioidosis. Furthermore, diabetes is associated with increased activation of innate 

pathways and reduced interferon responses which may contribute to the increased 

susceptibility observed for these intracellular pathogens.  
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Chapter 1: Introduction 

1.1 Melioidosis, a neglected ‘neglected tropical disease” that kills up to half 

of infected individuals in endemic regions  

 

1.1.1 Melioidosis is more prevalent than we appreciated 

Melioidosis is a fatal infectious disease caused by infection with the Gram-negative bacillus, 

Burkholderia pseudomallei (Bp) affecting both humans and animals (1, 2). The bacterium 

is an environmental saprophyte, commonly found in soil and surface water in endemic areas, 

particularly in tropical and subtropical climate countries (3). A prediction model of the 

global burden of melioidosis from 2015 estimated there were 165,000 cases with 89,000 

deaths annually worldwide, with a much wider distribution in tropical countries across the 

globe than previously appreciated (Figure 1.1) (4, 5). In Thailand, melioidosis is highly 

endemic in the Northeast of Thailand, and melioidosis cases have been reported across the 

country as well as environmental isolates (6-8). Melioidosis can be acquired via inoculation, 

ingestion, and inhalation (9, 10). A case-control study conducted in Northeast Thailand 

identified activities associated with acquisition of melioidosis such as working in rice fields, 

outdoor exposure to rain, and eating/drinking contaminated food/water (11). Similar 

outcomes have been observed in other endemic regions, and melioidosis cases typically peak 

during rainy season with heavy rainfall associated with more severe disease and worse 

outcomes (12-15). 

 



 2 

 

 

Figure 1.1 Global burden of melioidosis and Burkholderia pseudomallei between 1910 and 2014. 

Each country was labelled ranging from red to green indicating a complete consensus on presence 

to absence of Bp isolates. Each black dot represents identified melioidosis cases based on geographic 

locations (4). Reproduced with licence from Limmathurotsakul et al., Predicted global distribution 

of Burkholderia pseudomallei and burden of melioidosis. Nat Microbiol 1, 15008 (2016). Licence 

number: 5380330406195. 

 

1.1.2 Clinical manifestations of melioidosis are broad and ambiguous 

Melioidosis usually presents as an acute infection (85%); however, the infection can result 

in chronic (11%) or latent (4%) disease (9, 16, 17). Clinical manifestations of melioidosis 

are broad and can resemble the clinical syndromes of other diseases such as TB, sepsis, and 

community-acquired pneumonia (17). In acute melioidosis, more than half of the patients 

are bacteraemic and / or present with pneumonia, and a sepsis syndrome is common with 

about 20% developing septic shock (10). Formation of abscesses in multiple organs such as 

liver, spleen, and skeletal muscle is also common (2), and more rarely melioidosis can occur 

in any organ system, with skin, cardiac and neurological manifestations described (10). 
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Recurrent melioidosis due to either relapse of latent infection or re-infection is common. 

The recurrence rate in Darwin, Australia was 5.7% over a 20-year prospective study (1989-

2012) (18). Similarly, a prospective study in Northeast Thailand between 1986 and 2005 

identified a recurrent rate of 5% (19). The in-hospital case fatality rate is up to 40% in 

northeast of Thailand and 14% in Australia (9, 20, 21). However, a recent prospective study 

between 1997 and 2020 in Townsville, Queensland identified higher case-fatality rates of 

23% compared to the Northern Territory, Australia (22). Mortality rates in some endemic 

areas reach 50%, and the clinical presentations associated with poor outcome include 

pneumonia, bacteraemia, and septic shock (2, 9, 23, 24). Differences in case fatality rates 

between regions may reflect late presentation to hospital in some settings (25), differing 

critical care management (26), or regional variation in bacterial virulence factors (27). 

 

1.1.3 Early diagnosis of melioidosis is critical for correct treatment 

Bacterial culture remains the gold-standard for diagnosis of melioidosis, despite low 

sensitivity (<60%) as estimated by Bayesian latent class modelling (28). Bp grows relatively 

well on standard laboratory diagnostic agars, but it may take up to 4 days until the bacterial 

colony appears, and in the absence of experienced laboratory personnel the Bp colony may 

be dismissed as a contaminating environmental Pseudomonas species with no clinical 

importance (10, 29). Therefore, it is challenging in certain settings where melioidosis is less 

endemic or underappreciated. Bacterial culture from multiple specimens such as throat 

swabs, abscesses and urine, and the use of selective media may improve detection of Bp (10, 

30), and the bacteria is correctly identified by Matrix-Assisted Laser 

Desorption/Ionisation-Time of Flight mass spectrometry (MALDI-TOF MS) if an 

appropriate database is used (31).  
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Prolonged and intensive use of antibiotics is the only treatment option and consists of two 

phases: intensive and eradication. The intensive phase is recommended following 

melioidosis-proven diagnosis with intravenous ceftazidime or meropenem for a minimum 

of 10 days. It is followed by the eradication phase with oral therapy for at least 3 months, 

with trimethoprim-sulfamethoxazole recommended (32). Currently, there is no licensed 

vaccine available although a Phase 1 clinical trial of a leading candidate  (33) is due to take 

place in Oxford in 2023.  

 

1.1.4 The host immune response against bacterial infection activates both innate and 

adaptive immune compartments 

During the host immune response against a bacterial infection, innate immune cells (e.g., 

neutrophils, macrophages, dendritic cells), anti-microbial proteins and peptides are the first 

host defence mechanisms against an invading pathogen (Figure 1.2). Innate immune cells 

sense presence of Pathogen-Associated Molecular Patterns (PAMPs) expressed on or 

released from a pathogen via Pattern Recognition Receptors (PRRs), with broad specificity. 

These cells can also detect Damage-Associated Molecular Patterns (DAMPs) released from 

injured cells or damaged tissues (34). Subsequently, this activates a series of inflammatory 

immune responses leading to elimination of the pathogen, antigen processing and initiation 

of adaptive immunity (35). Within a lymph node, primed antigen presenting cells (chiefly 

dendritic cells) present a cognate antigen to T and B lymphocytes leading to activation, 

polarisation, and proliferation of antigen-specific lymphocytes. The activated adaptive 

immune cells migrate to the site of infection and perform effector functions such as 

activation of bactericidal activity in phagocytes and direct killing of infected cells (36). In 

parallel, the antigen-specific antibody works in a synergy with the innate and adaptive 

immune compartments using mechanisms such as neutralisation, opsonisation for 
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complement activation and phagocytosis. If successful, local, and contained inflammatory 

immune responses then contract and antigen-specific memory responses are developed for 

subsequent reinfection with the same pathogen (37, 38).  

 

 

 

Figure 1.2 Interplay between innate and adaptive immunity during bacterial infection. Following 

infection, initial host innate immune responses such as anti-microbial peptides, chemokines, and 

cytokines are deployed to limit the infection and to communicate with other immune cells. At the 

infection site, innate immune cells such as neutrophils, macrophages and dendritic cells are the first 

line defenders that further eliminate the pathogen and initiate adaptive immune response. In the 

lymph node, activation of adaptive immunity is initiated, where a professional antigen presenting 

cell (APC) presents a cognate antigen to a naïve T lymphocyte. Subsequent events include activation 

and proliferation of T lymphocytes, activation of B lymphocytes, development of antigen-specific 

antibody, clearance of remaining pathogen and infected cells, and development of memory capacity 

in lymphocytes for the subsequent re-infection (39). Reproduced with licence from Clark and 

Kupper, Old meets new: the interaction between innate and adaptive immunity. J Invest Dermatol 

125, 629-637 (2005). Licence number: 5398730229737.  
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1.1.5 Burkholderia pseudomallei expresses various virulence factors that modulate host 

immune response 

During melioidosis, Bp has mechanisms for evasion of the host immune response. This 

intracellular bacterium can hide in a dormant state, with the longest reported latent period 

being 62 years since the first exposure (16, 40-42). Virulence factors expressed by Bp during 

infection include capsular polysaccharide (CPS), lipopolysaccharide (LPS), flagellin, and 

type III and type VI secretion systems (TTSS3/TTSS6) (43-47). For example CPS-expressed 

Bp is resistant to deposition of complement protein (C3b) and phagocytosis by 

polymorphonuclear leukocytes (40). LPS, one of the most potent immune activator derived 

from Gram-negative bacteria, is well established in the pathogenesis of sepsis (48). During 

melioidosis, LPS stimulates toll-like receptor-2 (TLR-2) and TLR-4 (in presence of myeloid 

differentiation factor 2 [MD-2]) to activate downstream pro-inflammatory signalling 

pathways e.g. via nuclear factor kappa B (NF-kB) leading to bacterial clearance (49-51).  

 

1.1.6 Burkholderia pseudomallei infection can lead to an excessive host immune 

response 

Persistence of Bp in the human host could potentially over-activate defensive immune 

response pathways, resulting in an exaggerated inflammatory immune response, onset of 

sepsis and death in melioidosis (52-54). Neutrophils are the most abundant innate myeloid 

cell and the first line defence against infections, increasing in frequency within hours of 

pathogenic insults. Neutrophils express broad PRRs (e.g. TLRs and NOD-like receptors 

[NLRs]), harbour cytotoxic granules (e.g. myeloperoxidase [MPO] and neutrophil elastase 

[NE]) and employ several key defence mechanisms such as degranulation, phagocytosis, 

and NETosis to eliminate invading pathogens (55). Fatal melioidosis patients show 

increased plasma cytokines including interleukin-6 (IL-6), IL-8, and IL-10 compared to 
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survivors (56, 57). Moreover, ex vivo stimulation with Bp LPS of whole blood obtained from 

melioidosis patients demonstrates reduced production of pro-inflammatory cytokines such 

as IL-1b, tumour necrosis factor (TNF), and IL-6 in non-survivors compared to survivors 

(58). Immunosuppression is associated with case fatality, with expression of interleukin-1R-

associated-kinase-M (IRAK-M), a negative regulator of TLR being up-regulated in the non-

survivors (58, 59). In line with evidence from clinical studies, a study by Ceballos-Olvera 

et al. (60) demonstrated improved survival, decreased neutrophil infiltration and lower 

bacterial burden in the lungs of IL-1b-deficient mice compared to wild type mice. In 

contrast, IL-18 knockout in mice was detrimental, suggesting a protective role of IL-18 

while IL-1b may play a deleterious role during melioidosis potentially through recruitment 

of neutrophils leading to excessive inflammation and tissue damage (Figure 1.3).  

 

 

 

 

 

 



 8 

 

 

 

 

 

 

 

 

 

 

Figure 1.3 Inflammasome-mediated immune response in melioidosis. Following Burkholderia 

pseudomallei (Bp) infection, free-living Bp in the cytosol is recognised by the host intracellular 

pattern recognition receptors such as Nod-like receptor (NLR) family CARD domain containing 4 

(NLRC4) and NLR family pyrin domain containing 3 (NLRP3) leading to activation of the caspase-

1 inflammasome response. NLRC4 activates pyroptosis, an inflammatory programmed cell death 

that contains bacterial growth. While activation of NLRP3 leads to production of pro-inflammatory 

cytokines, IL-18, and IL-1b. IL-18 promotes IFN-g production thus facilitating bacterial clearance, 

whereas IL-1b response leads to infiltration of neutrophils, increased inflammation, and inhibition 

of protective IFN-g response (60). Reproduced from Ceballos-Olveraet et al., Inflammasome-

dependent pyroptosis and IL-18 protect against Burkholderia pseudomallei lung infection while IL-

1beta is deleterious. PloS Pathog 7, e1002452 (2011). Licence: CC BY 4.0 

 

1.1.7 Genetic predispositions are associated with worse outcome in melioidosis 

Host genetic variation of the innate immune system impacts the host immune response 

during melioidosis. Type I immune responses are indispensable for controlling intracellular 

infections (61, 62). In particular, interferon-g (IFN-g) is required for bacterial clearance 
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mediated by macrophages through bactericidal activities of inducible nitric oxide synthase 

(iNOS), reactive nitrogen species (RNS), and reactive oxygen species (ROS) in melioidosis 

(63, 64). An experimental melioidosis model identified reduced survival rates in mice treated 

with aIFN-g antibody, and similar outcomes were observed when neutralised with aTNF 

and anti-interleukin-12 (aIL-12) (61). Increased frequency of the TNF2 allele in melioidosis 

and septic shock patients is associated with case fatality (65, 66). Increased frequency of 

human leukocyte antigen (HLA) DRB1*1602 allele but a decrease of DQA1*03 was 

associated with enhanced susceptibility to melioidosis and disease severity (67). Moreover, 

melioidosis patients with HLA-B*46 and HLA-C*01 were associated with poor outcome 

(68). Nevertheless, the balance of the innate immune response is important, with TLR-2 

responses found to be detrimental during experimental melioidosis (50). Genetic variants of 

TLR-4 in humans are associated with increased susceptibility to melioidosis (69). Likewise, 

TLR-5 is key in host defence against melioidosis in flagellin-independent manner (70), in 

which melioidosis patients with TLR5 c.1174C>T variant were associated with survival 

(71). 

 

1.1.8 Cellular immune responses are protective during melioidosis  

Cellular immune responses against melioidosis are important, with type I immune responses 

(e.g. IFN-g, TNF, IL-18) by T lymphocytes protective against disease progression, bacterial 

dissemination and clearance (72). An experimental melioidosis model (73) identified 

diminished protection against Bp infection in IFN-g, IL-12-, and IL-18-knockout mice. The 

primary source of IFN-g was from natural killer (NK) cells, NK T cells, and conventional T 

cells, which were dependent on IL-12 and IL-18 following Bp infection. In addition, Bp-

specific CD4 T cells in particular were shown to have a protective role in mice following 

the initial period of infection. However, increased systemic inflammatory responses are 
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associated with poor outcome. One study identified elevated serum IFN-g and soluble IL-

2R in melioidosis patients with severe disease and associated with case fatality compared to 

milder cases (74). Similarly, another study identified elevated type I immune cytokines 

including IFN-g, IL-18, IL-12p40, and IL-15 in melioidosis patients and those with 

bacteraemia compared to healthy donors (53). Melioidosis patients with bacteraemia show 

elevated plasma levels of CXCL9 and CXCL10, chemokines that regulate Th1 immune 

response, and found to be correlated with poor outcome (75).  

In patient studies of acute melioidosis in Ubon Ratchathani, Thailand, patients who survived 

showed stronger Bp-specific IFN-g responses and higher frequencies of Bp-specific CD4+ 

T and CD8+ T cells compared to non-survivors (76). Several studies since have identified 

protective Bp antigens that stimulate T cells and are associated with protection in clinical 

melioidosis including alkyl hydroperoxidase reductase subunit C (AhpC), the Type III 

secreted protein BopE, the Type IV pilus biosynthesis protein (PilO), ATP binding protein, 

BpOmpW, and hemolysin co-regulated protein 1 (Hcp1) (33, 68, 77, 78).  

 

1.1.9 The humoral immune response is also important during melioidosis 

Humoral immune responses to Bp are highly prevalent in people who live in endemic areas 

(e.g., Northeast Thailand, many parts of Southeast Asia, and South Asia) (79-81). 

Seropositive people may be at risk of developing the disease when one or more co-

morbidities is present such as diabetes, chronic renal disease, and alcohol abuse (10). Whilst 

seropositivity is a marker of exposure to Burkholderia species, the role of antibodies in 

protection against clinical melioidosis is less established. In melioidosis-endemic areas of 

Thailand, Bp co-exists with its low-virulence Burkholderia species (Burkholderia 

thailandensis [Bt] and Bt-expressing Bp-like CPS) (82), and healthy people show immune 

cross-reactivity between Bp and its counterparts for both humoral and cellular immunity 



 11 

(83). Environmental exposure to the low-virulence strains may be protective against 

melioidosis. A clinical study of Thai melioidosis patients demonstrated that phagocytosis of 

live Bp by macrophages was enhanced in the presence of serum from the survivors and 

bacterial growth was reduced, implicating antibody-dependent cellular phagocytosis as 

protective (84). A follow-up study identified elevated Bp-specific IgG2 levels in the 

survivors compared to non-survivors, with FcgRIIa-H/R131-expressing monocytes showing 

enhanced Bp uptake in the presence of serum from survivors (85).   

 

1.1.10 People with type 2 diabetes are highly susceptible to Burkholderia pseudomallei 

infection and their immune responses were dysregulated during melioidosis 

Protective immunity against melioidosis requires a competent host immune response in both 

the innate and adaptive immune compartments (76, 86). Established risk factors for 

melioidosis include type 2 diabetes (T2DM), chronic renal diseases, and excessive alcohol 

consumption (9, 87). Strikingly, people with T2DM have up to 12-fold increased risk for 

melioidosis, and half to two-thirds of patients with melioidosis have T2DM (frequently 

undiagnosed) (20, 87, 88). Interestingly, once admitted to hospital with melioidosis, having 

T2DM is not correlated with increased severity and mortality (9, 87).  

An experimental melioidosis study using a streptozotocin (STZ)-induced diabetic model 

identified a delayed innate immune response following Bp challenge compared to 

normoglycemic mice (89). Furthermore, a study by Hodgson et al. (90) using genetically 

T2DM-induced mice model revealed increased susceptibility to Bp infection, increased 

bacterial burden, and an elevated pro-inflammatory response (TNF, IL1-b, IL-6) following 

Bp challenge compared to normoglycemic mice. Peritoneal macrophages isolated from the 

T2DM model showed reduced bactericidal activity of nitric oxide resulting in increased 

bacterial burden compared to non-diabetic model. A subsequent study from the same 
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research group (91) identified impaired pro-inflammatory response at the site of infection 

including IFN-g, TNF, IL1-b, IL-12, and iNOS in the T2DM model compared to non-

diabetic counterparts. As a result, T2DM-induced mice showed increased bacterial burden 

in the lungs, spleen, and subcutaneous adipose tissue 3-day following subcutaneous 

challenge. Glutathione (GSH) is an antioxidant that eliminates free radicals arisen during 

oxidative stress such as under chronic hyperglycaemia and T2DM (92). T2DM patients have 

been shown to have reduced GSH levels compared to normoglycemic healthy donors (93, 

94). During the Th1 immune response, GSH is essential for production of type I immune 

response such as IL-12 and IFN-g against intracellular infections (95-97). An ex vivo study 

by Tan et al. (98) showed reduced levels of IL-12, IFN-g and bacterial killing against Bp 

infection in peripheral blood mononuclear cells (PBMCs) derived from melioidosis and TB 

patients with T2DM. However, IL-12 responses and bacterial killing activity against Bp 

infection were improved when supplemented with GSH and similar results were confirmed 

in T2DM-induced mice challenged with Bp infection (98).  

 

1.1.11 Melioidosis causes wide activation of host inflammatory programmes  

A study in melioidosis with sepsis using whole blood mRNA profiling targeting 35 

inflammatory markers by Wiersinga et al. (99) identified up-regulation of genes for both 

pro-inflammatory cytokines such as IL1b, IL6, TNF and anti-inflammatory cytokines such 

as IL4 and IL10 in melioidosis compared to healthy controls. Additionally, monocyte-

derived genes such as IL1B, IL1RA, NFKB1 and MIP1A and SERPINB9 from granulocytes 

were associated with fatal melioidosis. The first genome-wide transcriptomic study of 

melioidosis with sepsis by Pankla et al. (100) identified up-regulation of pathways involved 

in innate immune responses such as activation of neutrophils and IFN signalling in 32 

melioidosis patients compared to uninfected controls. On the other hand, pathways involved 
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in the cell-mediated immune response such as by T cells, B cells, and cytotoxic cells were 

down-regulated in melioidosis. A later study by Koh et al. (101) demonstrated that the whole 

blood transcriptome in 30 melioidosis patients was dominated by an IFN-mediated response, 

and was indistinguishable from active TB patients (101, 102). However, the whole blood 

transcriptomic profile associated with increased susceptibility to melioidosis in people with 

T2DM melioidosis remains unaddressed. 
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1.2 The co-epidemic of tuberculosis and diabetes is an urgent global health 

issue 

 

1.2.1 The burden of tuberculosis has returned to levels from a decade ago due to the 

COVID-19 pandemic  

Tuberculosis (TB) is the leading cause of death from one single pathogen worldwide and is 

caused by the acid-fast bacillus Mycobacterium tuberculosis (Mtb). In 2021, approximately 

10 million people were infected with Mtb and an estimated 1.3 million deaths occurred, 

including 214,000 deaths among the human immunodeficiency virus (HIV)-positive 

population (103). The COVID-19 pandemic has had a huge impact on the World Health 

Organization (WHO) End TB programme, leading to undiagnosed new cases, disrupted 

treatment regimes, untreated cases and consequently increased case fatality worldwide 

(103). Eight countries account for two-thirds (66.2%) of all cases globally, including India 

(26%), China (8.5%), Indonesia (8.4%), the Philippines (6%), Pakistan (5.8%), Nigeria 

(4.6%), Bangladesh (3.6%), and South Africa (3.3%) (Figure 1.4) (103).  
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Figure 1.4 Estimated global TB incidence in 2020. Top 8 countries with the highest incidence of 

TB in at least 100,000 cases among the 18 high TB burden countries are shown (103). Reproduced 

from Global tuberculosis report 2021. Geneva: World Health Organization; 2021. Licence: CC 

BY-NC-SA 3.0 IGO.  

  

1.2.2 Pathogenesis of tuberculosis and a steady rise of multi-drug resistant tuberculosis  

Pulmonary TB is the most prevalent primary form of TB disease. The majority of Mtb-

infected individuals are at the latent TB infection (LTBI) stage, which is an asymptomatic 

and non-transmissible state. However, when host immunity is compromised, about 5-10% 

of LTBI will progress to active TB in a life-time (103). On the other hand, a fast progressor 

may develop active TB within 2 years following initial exposure (104). Patients with active 

TB disease may manifest symptoms including persistent cough with or without blood, fever, 

lack of appetite, and weight loss (105). First-line drugs for TB treatment include isoniazid, 

rifampicin, ethambutol, and pyrazinamide. Drug resistance in TB is a global problem 

occurring in around 4% of newly diagnosed cases (106). Besides, multi-drug resistant TB 
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(MDR-TB, resistance to at least isoniazid or rifampicin) has become a global threat 

accounting for 14% of total TB-related deaths in 2017 (107) and extensive multi-drug 

resistant TB (XDR-TB) is now known (108).  

 

1.2.3 People with diabetes are at risk of progression to active tuberculosis   

Whilst it is well established that HIV infection confers the greatest risk of developing TB 

disease, with up to 20-fold increased risk (109), other key risk factors for TB include 

undernourishment, alcohol abuse, smoking and diabetes (103, 110, 111). In 2016, 1.7 billion 

people were estimated to have been infected with Mtb and a fraction of LTBI at 16.5 per 

100,000 per year was projected to become an active TB infection in 2035 (112). People with 

diabetes have increased risk of progressing to active TB infection at a rate exceeding 10% 

annually compared to between 10% and 20% lifetime risk in those without diabetes (113).  

 

1.2.4 The co-epidemic of tuberculosis and type 2 diabetes are a major global health 

challenge 

T2DM confers up to three-fold increased risk of developing TB, contributing to 15% of 

global TB cases, or approximately one million TB cases worldwide in 2013 (111, 114-117). 

A systemic review focusing on co-prevalence of T2DM and TB in low- and middle-income 

countries (LMICs) from 1990 to 2016 (118) identified an estimated co-prevalence of 

between 10% and 30% in the majority of reviewed studies (Figure 1.5). The top three 

countries with the highest co-prevalence were India (20.2%), China (13.1%), and Mexico 

(8.3%). Moreover, TB patients with diabetes have up to three-fold increased risk of 

treatment failure and death, and up to four-fold enhanced risk of relapse compared to those 

without diabetes (119-121). The co-epidemic of TB and diabetes, especially in LMICs, will 

result in increased co-morbidity and mortality that will impact on healthcare expenditure 



 17 

and socio-economic status. Therefore, an urgent plan is needed to mitigate the impact of the 

growing co-epidemics.  

 

 

Figure 1.5 Estimated co-epidemic of diabetes and tuberculosis in low- and middle-income countries 

between 1990 and 2016 (118). Reproduced with licence from McMurry et al., Coprevalence of type 

2 diabetes mellitus and tuberculosis in low-income and middle-income countries: A systematic 

review. Diabetes Metab Res Rev 35, e3066 (2019). Licence number: 5380341047476.  

 

1.2.5 Tuberculosis and melioidosis share some common features 

Bp, the causative agent of melioidosis is a Gram-negative bacillus from the genus 

Burkholderia (previously the genus Pseudomonas) (122) whilst Mtb is a bacillus derived 

from the genus Mycobacterium (123, 124). Interestingly, Mtb expresses peptidoglycans that 

resemble that of Gram-positive bacterial cell wall components (125). Based on genetic 

evidence and taxonomy classification, Bp and Mtb are rather distinct from each other, but 



 18 

both are intracellular infections (Figure 1.6). Clinically, melioidosis patients most 

commonly present as acute infection (85%) whereas TB is a chronic infection (9). Unlike 

melioidosis, sepsis in pulmonary TB is rare (126). However, clinical manifestations of the 

two diseases can overlap. In melioidosis, the majority of patients (up to 60%) present with 

lung disease (10). In TB, the lungs are primarily affected by Mtb infection. Like Bp, Mtb 

infection may occur in other part of the body such as lymph nodes, bones and joints, and 

central nervous system (127). Granuloma formation is a hallmark of TB, but can occur in 

melioidosis (127, 128). Melioidosis is an acute infection, in which sepsis is common and 

case fatality is up to 50% despite appropriate treatment. In contrast, the case-fatality rate in 

TB patients is around 15% based on current estimation (103). 

 

 

 

 

 

Figure 1.6 Simplified phylogenetic tree of selected pathogenic bacteria causing diseases in human. 

Burkholderia pseudomallei and Mycobacterium tuberculosis are labelled in red and blue 

respectively. The tree was constructed using phyloT (https://phylot.biobyte.de/) based on NCBI 

taxonomy or Genome Taxonomy Database with default setting. Bacterial species and corresponding 

taxonomy IDs are shown.  

 

1.2.6 Tuberculosis and melioidosis utilise virulence determinants against host immune 

defence mechanisms 

Despite different aetiology and biology, both pathogens employ similar immunomodulatory 

mechanisms for their own survival. In melioidosis, Bp expresses a number of carbohydrates 
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(e.g., CPS and LPS) and protein antigens (e.g. flagellin, TTSS3, and TTSS6) on their surface 

to facilitate host immune evasion (10, 129). Experimental melioidosis using the Syrian 

hamster model showed increased persistence of wild-type Bp in the blood with higher 

bacterial loads in multiple organs compared to hamsters challenged with CPS-mutant Bp 

strain. Moreover, complement factor C3b deposition on wild-type Bp and phagocytosis 

activity were reduced compared to the CPS-mutant strain (40). TTSS3 is a virulence factor 

that is deployed by Gram-negative bacteria to evade and modulate host immune responses 

during infection such as Salmonella enterica serovars, Yersinia species, and Shigella species 

(130). The structure of TTSS resembles a needle-like structure, allowing the pathogens to 

inject bacterial effector proteins into host cells for their own benefits such as cell adhesion, 

invasion, and intracellular survival (130, 131). During Bp infection, wild-type BP is able to 

escape the phagosome following phagocytosis. TTSS3-mutant Bp strains showed inability 

to escape from phagosomes compared to the wild-type and were targeted for killing by host 

phagolysosome (45, 132). On the other hand, cell wall components of Mtb are enriched with 

lipids such as lipoarabinomannan, mycolic acid and glycolipids (133). Macrophages and 

other phagocytes are known to play an important role in controlling Mtb infection. 

Sulfoglycolipids are abundantly expressed on the Mtb cell wall (134). An in vitro study of 

innate immune responses to Mtb by macrophages showed sulfoglycolipid-mutant Mtb 

increased activation of NF-kB and IL-8 compared to the wildtype strain. Moreover, 

sulfoglycolipids was found to inhibit activation of TLR-2 and its downstream signalling 

cascade by NF-kB (135). Similar to immune evasion mechanisms by Bp, lipid components 

of Mtb cell wall such as lipomannan, lipoarabinomannan, and phosphatidylinositol 

mannosides halt phagosome maturation and formation of phagolysosome, allowing them to 

replicate within macrophages (136, 137).  
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1.2.7 Type I immune responses are essential for controlling Mycobacterium tuberculosis 

infection 

A small fraction of LTBI will develop into active disease when the host immune response 

is compromised due to either underlying conditions or immunomodulatory treatments (138).  

During LTBI, Mtb is contained within granulomas which are mediated by immune cells 

from both the innate and adaptive immune systems, such as neutrophils, macrophages, NK 

cells and T cells (139). Pro-inflammatory immune responses by Th1 cells are indispensable 

during Mtb infection, with type II interferon (IFN-g) a key cell mediator that can activate 

bactericidal effector function within macrophages or via IFN-g-independent mechanisms 

(140-142). Other pro-inflammatory cytokines such as TNF, IL-12, and IL-18 work 

synergistically in defence against Mtb infection (143-145). A number of studies have 

demonstrated the importance of TNF in regulating granuloma integrity, with blockade of 

TNF resulting in reactivation of LTBI (146-148). Suppressed IFN-g responses are associated 

with increased risk of developing active TB, and worse outcomes (149-151). Interestingly, 

type I interferon (IFN-a/ IFN-b), which is important for controlling viral infections, does 

not appear to be protective during Mtb infection (142). The type I interferon response 

induces an anti-inflammatory cytokine (IL-10) that counteracts protective Th1 immune 

responses, leading to uncontrolled Mtb infection (152). Type II immune responses (i.e., IL-

4, IL-5, and IL-13) are important for controlling parasitic and helminth infections, however, 

their protective roles during host immune response against intracellular infections are not 

favourable (153, 154). IL-10 is a potent anti-inflammatory cytokine that has a broad 

immunomodulating effects on many immune cells leading to poor control of infections such 

as chemotaxis, antigen presentation, activation, proliferation, and killing mechanisms (155, 

156).  
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Inflammatory macrophages (M1) harbour bactericidal effector functions controlling Mtb 

infection and can be derived in presence of granulocyte-macrophage colony-stimulating 

factor (GM-CSF) (157). Upon type I immune response, IL-12 and IL-23 are primary 

cytokines that mediate Th1 differentiation and activation. On the other hand, anti-

inflammatory macrophages (M2) are generated such as in presence of macrophage colony-

stimulating factor (G-CSF) or some Mtb-derived antigens (158, 159). M2 macrophages 

produce IL-10, TGB-b, and arginase-1 which inhibits pro-inflammatory responses and 

down-regulate co-stimulatory molecules that are necessary for T cell activation leading to 

uncontrolled replication of Mtb, dissemination, and increased disease severity (159, 160). 

Nevertheless, a balanced pro- and anti-inflammatory immune responses against Mtb 

infection is crucial, in which excessive inflammation could potentially cause tissue damage 

and overactivated anti-inflammation may support bacterial growth and dissemination (151, 

161).  

 

1.2.8 Type 2 diabetes impairs innate immune responses against Mycobacterium 

tuberculosis and Burkholderia pseudomallei infection 

T2DM is considered as a low-grade chronic inflammatory syndrome and it is known to 

enhance susceptibility to infections in general (162, 163). The impact of diabetes on the host 

immune response against Mtb has been demonstrated, with both innate and adaptive immune 

compartments are affected such as cell adhesion, chemotaxis, phagocytosis, bactericidal 

activity, T lymphocyte activation, effector function, and proliferation (Figure 1.7) (164). 

An ex-vivo phagocytosis model study of Mtb demonstrated increased frequency of 

neutrophils count in diabetes patients. However, phagocytosis activity of Mycobacterium 

bovis Bacillus Calmette-Guérin (BCG) in neutrophils and monocytes was reduced compared 

to healthy donors (165). Similarly, neutrophils derived from diabetes patients showed 
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reduced phagocytosis activity against Bp and cell migration in response to IL-8 stimulation 

compared to healthy donors (166). A follow-up study identified delayed NETosis in 

neutrophils derived from diabetes patients against Bp infection compared to healthy donors 

(167). Another study from the same laboratory identified impacts of anti-diabetic drugs on 

host immune response against Bp infection in diabetes patients. Production of pro-

inflammatory cytokines from neutrophils following the infection including IL-1b and IL-18 

were reduced in diabetes patients who received glibenclamide (sulfonylureas) compared to 

those who received metformin (biguanides), untreated group, or healthy control (168). This 

phenomenon was later discovered due to reduced glutathione level, which is essential for 

production of pro-inflammatory cytokines, thus bacterial growth (98, 169). A study by Wong 

et al. (170) identified elevated NETosis in diabetes patients and diabetic mice model. The 

increased NETosis in diabetic mice showed reduced wound healing compared to NETosis-

deficient or normal-glycaemic mice.  
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Figure 1.7 Impact of diabetes during host immune response against tuberculosis. A number of host 

immune responses including both innate and adaptive immune compartments are dysregulated in 

people with diabetes. Consequently, compromised host immune responses are predisposed to 

enhanced susceptibility, progression to active disease, and poor outcome (171). Reproduced with 

licence from Kaufmann, New issues in tuberculosis. Ann Rheum Dis 63 Suppl 2, ii50-ii56 (2004). 

Licence number: 5380341488680.  

 

1.2.9 Type 2 diabetes dysregulates cellular immune response against Mycobacterium 

tuberculosis and Burkholderia pseudomallei infection 

Dysregulation of cellular immune responses in people with diabetes during active TB have 

been demonstrated, in which TB patients with diabetes (TB-DM) showed lower production 

of IFN-g and IL-12 compared to those without diabetes (172). Those with poor glycaemic 

control among TB-DM showed lower IFN-g responses compared to those with good 

glycaemic control (173). An ex vivo study of PBMC isolated from TB patients with and 

without diabetes identified increased IL-10 production following M. bovis BCG and Mtb-
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derived antigen stimulation. The Th1:Th2 cytokine ratio was also lower in TB-DM 

compared to non-diabetes and healthy donors, suggesting Th2 bias in the immune response 

in diabetes (174). Furthermore, T2DM has been shown to affect APCs, which are important 

for Th1 cell activation and the appropriate host immune response against Mtb infection (175-

177). An in vitro study identified reduced expression of antigen presenting and 

costimulatory molecules (e.g., HLA-DR, CD80 and CD86) in monocyte-derived 

macrophages following infection with Mtb from TB-DM patients compared to those without 

diabetes (178). Similarly, another in vitro study identified increased frequency and 

production of IL-10, transforming growth factor-beta (TGF)-b, and IL-5 from myeloid-

derived suppressor cells derived from T2DM patients (179). Moreover, reduced expression 

of CD14 and macrophage receptor with collagenous structure (MACRO) on alveolar 

macrophages and phagocytosis activity against Mtb were observed in diabetic compared to 

non-diabetic mice (176). Likewise, TB patients with T2DM showed increased plasma anti-

inflammatory proteins including heme oxygenase-1 and tissue inhibitors of 

metalloproteinase-4, higher circulating neutrophils, and higher bacterial loads in sputum 

compared to non-diabetes (180). Impact on antigen presentation by dendritic cells in the 

diabetic mice model was demonstrated, with delayed migration to the lungs and activation 

of T cells due to reduced production of chemokine ligands (CCL5 and CCL2) in diabetic 

mice (177). In melioidosis, altered cell-mediated immune responses in people with diabetes 

has been reported, in which reduced Bp-specific IFN-g responses were observed in the 

patients with T2DM compared to non-diabetes (76). Collectively, diabetes affects both 

innate and adaptive immune compartments. Dysregulation of innate immune cells, 

compromised Th1 immune response, increased anti-inflammatory immune with Th2-bias 

phenotype may be responsible for increased susceptibility to the infections in people with 

diabetes.  
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1.2.10 The host immune response against Mycobacterium tuberculosis infection is 

driven by interferon signalling 

In 2010, a landmark whole blood transcriptomic study Berry et al. (102) identified a TB 

transcriptomic signature that could discriminate active TB from other inflammatory diseases 

and bacterial infections tested, and was characterised by an interferon-inducible neutrophil-

driven signature. However, Bp was not one of the comparator infections. The study by Koh 

et al. in 2013 (101) showed that whole blood transcriptomic signatures between TB and 

melioidosis were indistinguishable, both being dominated by interferon-regulated pathways, 

although few of the TB patients in this cohort had DM. In 2017, Prada-Medina et al. (181) 

studied the impact of diabetes in TB using a systems immunology approach combining 

plasma cytokine and whole blood transcriptomic profiling. The integrative analysis of 

cytokines and transcriptomes identified 114 genes that explained the observed expression of 

cytokines in TB-DM. These genes are involved in innate and adaptive immunity, including 

neutrophil recruitment and activation, interferon signalling, antigen processing-cross 

presentation, regulation of complement cascades, and DNA methylation.  
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1.3 Community-acquired infections are complicated by sepsis leading to 

high case-fatality 

 

1.3.1 Sepsis remains a global health challenge, especially in low- and middle-income 

countries  

Sepsis is a leading cause of death in critically ill patients, caused by a dysregulated host 

response to infection (182). In 2017, approximately 50 million cases and 11 million deaths 

were estimated to be caused by sepsis globally, accounting for ~20% of all-cause mortality 

(183). Between 1990 and 2017, the incidence of sepsis declined by 37%, possibly due to 

better vaccine deployment, hygiene, and water progress, improved treatment, and 

management (183). A recent meta-analysis reported an estimated case fatality rate from 

sepsis of 27% in hospitalised patients, and up to 42% in patients admitted to intensive care 

units (184). Moreover, sepsis-related mortality is highly prevalent in young children and the 

elderly population (183). Strikingly, 85% of all sepsis cases and mortality (~85%) were 

estimated to have occurred in LMICs (Figure 1.8) (183, 185). However, due to limited data 

on the burden of sepsis in LMICs, the estimated sepsis-related incidence and mortality were 

extrapolated from high-income settings (183) and may underestimate the true incidence and 

sepsis-related mortality in LMICs. The high incidence and fatality rate in resource-limited 

settings remains a challenge for managing sepsis. Higher incidence and sepsis-related 

mortality were estimated to occur in countries with low and low-middle socio-demographic 

indices (183), potentially affected by such as low awareness, delayed diagnosis, 

socioeconomic status and resource-limited healthcare settings (186).  
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Figure 1.8 Estimated global sepsis-related mortality based on age-standardised sepsis incidence 

100,000 population for both sexes in 2017 (183). Reproduced from Rudd et al., Global, regional, 

and national sepsis incidence and mortality, 1990-2017: analysis for the Global Burden of Disease 

Study. Lancet 395, 200-211 (2020). Licence: CC BY 4.0.  

 

1.3.2 Burkholderia pseudomallei is an important cause of death due to community-

acquired infection in Southeast Asia 

A systemic review of seventeen prospective studies in South and Southeast Asia between 

1990 and 2010 (187) identified a wide range of Gram-negative and Gram-positive bacteria 

as the common causes of community-acquired bacteraemia in adults and children, including 

Salmonella enterica serotype Typhi, Escherichia coli, Streptococcus pneumoniae, 

Haemophilus influenzae, and Staphylococcus aureus. The case fatality ranges between 2% 

and 34% (9% overall). A multinational cross-sectional study across Southeast Asia between 

2013 and 2015 (188) identified a wide range of infectious diseases such as dengue, 
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leptospirosis, and rickettsiosis as the commonest causes of community-acquired sepsis. 

Other emerging pathogens causing sepsis such as hantaviruses, non-typhoidal Salmonella 

species, and Bp were identified. The 28-day mortality was 13% in adults, with acute 

respiratory infection the leading cause of sepsis. A single-centre prospective observational 

study (Ubon-Sepsis) between 2013-2017 in Northeast Thailand identified E. coli, Bp, and 

coagulase-positive staphylococcus as the commonest causes of community-acquired 

infections. Bacteraemia is common in sepsis and is associated with increased mortality, 

presumably as it represents uncontrolled bacteria (189-191). Out of over 5,000 patients with 

suspected infection, 74% had confirmed sepsis as defined by a modified Sequential Organ 

Failure Assessment (SOFA) score ≥ 2 with high 28-day mortality at 21% (192). Moreover, 

exceptionally high 28-day mortality at 42% was seen in the sepsis patients who were 

admitted to intensive care units (ICUs) (193). Furthermore, a subset of the sepsis patients 

(194) had bacteraemia (~14%), in which E. coli, Bp, and S. aureus were the most frequent 

pathogens with overall 28-day mortality at 41%. Sepsis patients with bacteraemia caused by 

Bp have a staggering 28-day mortality at 66%. A Sepsis Fast Track programme (SFT) was 

introduced into the Ubon-Sepsis study (195), where patients with suspected sepsis were 

immediately admitted to ICUs. The SFT-implemented group showed an improved survival 

rate compared to the standard care group. This study highlights importance of early 

recognition and management of sepsis for improved outcomes.  

 

1.3.3 Sepsis criteria have been redefined over the past 30 years 

Definitions of sepsis have been evolved over the last three decades as a result of improved 

understanding of pathophysiology, immunopathology and aetiology leading to sepsis (182). 

In Table 1.1, Sepsis-1 is defined as a host’s systemic inflammatory response syndrome 

(SIRS) as a result of infection (196). Severe sepsis, a subset of sepsis is defined as having 
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organ dysfunction or sepsis-induced hypotension (196). Furthermore, septic shock is the 

most serious form of sepsis that confers highest mortality approaching 50%, defined as 

having persistent hypotension in spite of adequate fluid resuscitation (197, 198). Sepsis-2 

definition was proposed to facilitate early recognition of sepsis (182), in which additional 

clinical parameters and laboratory tests such as inflammatory, hemodynamic, and tissue 

perfusion parameters are included (199). Nevertheless, the SIRS criteria by Sepsis-1 and 

Sepsis-2 are unable to discriminate between infection-induced and sterile inflammation such 

as pancreatitis, trauma, and myocardial injury (200, 201). The latest sepsis definition 

(Sepsis-3) has removed SIRS criteria and incorporated SOFA score as an indication of organ 

dysfunction. Patients with suspected infection who manifest the total SOFA score of 2 or 

more, are considered as having sepsis (197). 

 

Table 1.1 Definitions of sepsis over the past 30 years (202).  

 

Reproduced from Lam et al, Clinical management of sepsis. Hong Kong Med J 23, 296-305 (2017). 

Licence: CC BY-NC-ND 4.0.   
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1.3.4 The host immune response during sepsis is heterogenous, with simultaneous 

hyper- and hypo-inflammation 

A hyper-inflammatory immune response driven by the innate immune compartment (e.g. 

TLRs) against PAMPs (e.g. LPS), resulting in activation of the inflammatory response 

through elevation of cell mediators such as TNF, IL-1, and IL-6, alongside activation of 

leukocytes, was originally thought to play a deleterious role during sepsis in previous studies 

(203, 204). Therefore, several clinical trials attempted to reduce hyper-inflammation by 

neutralising pro-inflammatory mediators such as TNF, IL-1, and GM-CSF; however, little 

or no benefits were achieved (205-207). An exaggerated inflammatory immune response 

can cause collateral tissue damage. Consequently, DAMPs are released from injured cells 

and tissues which further attract and activate immune cells, therefore participating a vicious 

cycle of excessive inflammation (208). 

A balanced immune response between pro- and anti-inflammation is the key for successful 

immune resolution following sepsis. Activation of the inflammatory immune response 

causes activation of compensatory anti-inflammatory immune mechanisms (209). Over-

activation of anti-inflammatory responses has been shown to cause subsequent 

immunoparalysis, in which the cell-mediated immune response is compromised or reduced 

in number, leading to failure to clear the infection and secondary nosocomial infections 

(210). Key immune checkpoints such as IL-10, programmed cell death protein-

1/programmed cell death ligand 1 (PD-1/PD-L1), and cytotoxic T-lymphocyte associated 

protein 4 (CTLA-4) are over-expressed in severe sepsis patients and are associated with poor 

outcomes (211-213). Several pre-clinical studies of PD-1/PD-L1 as an immunomodulatory 

target showed improved survival and cellular immune function in sepsis-induced models 

(214-216). However, implementation of anti-immune checkpoints in clinical settings must 
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be proceeded with caution because inhibition of anti-inflammatory mechanisms could result 

in harmful exaggeration of the inflammation and autoimmune-like conditions (217).  

 

1.3.5 Host immune dysregulation during sepsis is due to the presence of bacterial-

derived virulence factors  

Sepsis and septic shock lead to collateral tissue damage, multiorgan failure, and lethality 

(198, 218). Some infectious diseases confer higher case fatality than others. For example, 

the case fatality in melioidosis is up to 50% in patients with septic shock, and mortality rate 

at ~30% was reported in patients with methicillin-resistant S. aureus (MRSA) bacteraemia 

(10, 219, 220). Pathogenic determinants play an important role of host-pathogen interactions 

and consequences during sepsis. LPS is an endotoxin released during Gram-negative-

induced sepsis, and is recognised by the TLR-4 receptor complex (221). TLR-4 is 

abundantly expressed on many innate immune cells such as neutrophils, macrophages, and 

dendritic cells (222). Binding of LPS to TLR-4 induces activation of TLR signal 

transduction involving a series of phosphorylation of downstream signalling complex such 

as myeloid differentiation primary response gene 88 (MyD88), NF-kB, and ultimately 

production of pro-inflammatory cytokines and chemokines (221). Activation of the pro-

inflammatory response is crucial for the host immune response against infections. However, 

exaggeration of the inflammatory response can be harmful to host tissues, potentially leading 

to SIRS. Several experimental sepsis studies have demonstrated that TLR4-deficient models 

were protected from E. coli-induced septic shock (223-225). In Gram-positive sepsis, S. 

aureus is the commonest cause of sepsis worldwide (194, 226, 227). In several experimental 

sepsis studies, staphylococcal enterotoxins-induced sepsis models displayed a severe from 

of the disease with increased frequencies of circulating leukocytes and elevated pro-

inflammatory mediators and were associated with high mortality if left untreated (228-230).  
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1.3.6 Dysregulation of the innate immune response during sepsis leads to excessive 

inflammatory responses 

The host innate immune system is dysregulated during sepsis. Factors from both host and 

pathogen such as host genetics, age, pregnancy, compromised immune system, 

comorbidities, and virulent determinants contribute to the development of sepsis (231). The 

innate immune system deploys various mechanisms to detect the presence of PAMPs and 

DAMPs within the host system, such as TLRs, nucleotide-binding and oligomerisation 

domain (NOD)-like receptors (NLRs), retinoic acid-inducible gene-I (RIG-I)-like receptors 

(RLRs) and the complement system (232). The innate immune response by TLRs has been 

extensively studied in the context of infectious diseases and sepsis. Location and 

combination of TLRs are important for host immune surveillance. Expression of cell surface 

TLRs such as TLR-1, TLR-2, TLR-4, TLR-5 and TLR-6 is essential for detection of PAMPs 

released from bacteria or fungi (233). For example, TLR-2 alone is specific for 

peptidoglycan from Gram-positive bacteria, whilst TLR2 from heterodimers with TLR-1 or 

TLR-6 can detect lipoprotein, lipoarabinomannan, glycolipids, and zymosan. TLR-4 and its 

complex including CD14 and MD-2 binds to LPS from Gram-negative bacteria, whilst TLR-

5 detects flagellin (233). In contrast, endosomal TLRs such as TLR-3, TLR-7, TLR-8 and 

TLR-9 detect the presence of nucleic acids (single-stranded RNA and unmethylated DNA) 

derived from viruses and bacteria (234).  

Hypofunction of TLRs can be associated with increased susceptibility to infections. 

However, over-activation of TLRs leads to hyperinflammation, SIRS, collateral tissue 

damage, and organ failure (235). DAMPs released following cell death or tissue damage can 

exert inflammatory effects (34). Examples of DAMPs are myeloid related protein 8/9 

(MRP8/9) or S100A8/9, which are abundantly expressed in neutrophils and exert multiple 
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functions such as chemotaxis, inflammatory response, and anti-microbial activity (236, 

237). S100A8/9 activates TLR-4 and its downstream signalling pathways (MyD88 and NF-

kB) resulting in production of pro-inflammatory cytokines such as TNF, IL-1, and IL-17 

(238-240). S100A8/9 activates advanced glycation end products (RAGE) receptors resulting 

in activation of NF-kB and pro-inflammatory responses (241). Elevated plasma levels of 

S100A8/9 were observed in septic shock patients and were associated with poor outcomes 

(242). Inhibition of the S100A8/9-mediated immune response by pharmaceutical agents 

(S100A8/9 inhibitors; ABR-238901 or paquinimod) was found to reduce inflammation and 

improve survival rates in animal models (243-245). Furthermore, perpetuation of 

inflammatory responses could be due to persistence of bacterial components as a result of 

bacteraemia, especially in Gram-negative sepsis, and is associated with increased severity 

and death (246-248).  

 

1.3.7 Innate immune components are dysregulated during sepsis leading to 

complications and death 

The complement system is another innate immune defence mechanism against infections 

and clearance of DAMPs. Complement proteins e.g., C3b can bind to the microbial surface 

for destruction by membrane attack complex or induction of opsonisation followed by 

phagocytosis (249). During infection, in particular as a result of bacteraemia, the 

complement system is activated, with C-reactive protein (CRP) involved in activation of the 

complement system via C1q molecules (250). Several clinical studies have identified 

increased plasma concentrations of complement protein, particularly C3 fragments or 

complement-CRP complex in septic shock patients and in those who succumb to death (251-

253). During infection, the coagulation system is activated as a part of early host response 

to limit dissemination of pathogens. Coagulation and inflammation are closely regulated, 
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involving activation of the complement system, tissue factor, and platelets (254). Over-

activation of coagulation can result in coagulation-related complications such as 

disseminated intravascular coagulation (DIC), thrombosis, and organ failure (255). An 

experimental E. coli sepsis using a baboon model identified reduced activation of 

complement pathway (C3a and C3b) after administration of C3 convertase inhibitor 

(compstatin). Moreover, a compstatin-treated baboon model showed reduced coagulation, 

infiltration of leukocytes, improved circulation, and organ functions (256). Collectively, 

during sepsis (particularly caused by microbial insults), a number of innate immune defence 

mechanisms are activated in order to eliminate invading pathogens, resulting in an 

overwhelmed inflammatory response. This innate response is closely interconnected 

involving complement, coagulation, and inflammation, potentially leading to systemic 

inflammation, tissue damages, multiorgan failure, and death (257-259).  

 

1.3.8 Neutrophil dysregulation is a hallmark of sepsis 

Lymphopenia and neutrophilia are a hallmark of sepsis, with an increased neutrophil-to-

lymphocyte ratio associated with poor outcomes in sepsis patients in a meta-analysis (260). 

During sepsis, immature neutrophils (CD16dim) are seen, with reduced expression of PRRs 

essential for pathogen recognition and functions such as CD14, MD2, and CXCR2 (261). 

Moreover, immature neutrophils have a longer lifespan and increased basal levels of pro-

inflammatory cytokines (e.g., TNF and IL-1b), but reduced chemotaxis, phagocytosis, and 

reactive oxygen species (261-263). Dysregulation of chemotaxis, phagocytosis and NETosis 

play a deleterious role, contributing to immunopathogenesis during sepsis. For example, 

reduced expression of the chemokine receptor CXCR2 was observed in sepsis patients (261), 

leading to impaired migration to the site of infection, accumulation of circulating neutrophils 

and development of systemic inflammation (261, 263). Microbial killing following 
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phagocytosis by RNS/ROS is important for controlling infections; however, this process is 

dysregulated during sepsis (264). Excessive, uncontrolled production of ROS and RNS in 

sepsis is associated with organ failure as a result of oxidative stress-induced mitochondrial 

dysfunction (265). Likewise, excessive RNS/ROS and NETosis activity directly causes 

tissue damage and organ dysfunction in experimental sepsis and clinical studies (266-268). 

A study by Poli et al. (269) identified histone deacetylases (HDACs) as a key enzyme 

driving NETosis in humans and mouse models. Furthermore, a septic shock model in mice 

treated with an HDAC inhibitor showed reduced NETosis, inflammasome activation and 

pro-inflammatory cytokines (e.g., IL-1b, IL-6, and TNF), alongside protection against 

systemic inflammation (270).  

 

1.3.9 Protective immunity by T lymphocytes is modulated by dysregulated innate 

immunity 

An excessive inflammatory response by innate immune cells such as neutrophils and 

macrophages has been found to modulate the cellular immune response (271, 272). A 

competent cellular immune response requires cell-cell interaction between APCs and 

lymphocytes for activation, proliferation, effector functions and memory acquisition (273). 

During microbial infections (274), neutrophils deploy bactericidal mechanisms in which 

neutrophil granules such as NE, MPO, and defensins can be released extracellularly into the 

system and modulating host immune response (Figure 1.9). An experimental study of lung 

disease using a mice model (275) identified inhibition of dendritic cell maturation 

accompanying reduced expression of co-stimulatory molecules including CD40, CD80 and 

CD86 on NE-treated dendritic cells. The reduced expression of CD86 was due to proteolytic 

cleavage by NE. Moreover, NE induced production of TGF-b1 in dendritic cells, which 

promotes development of regulatory T cells (Tregs) (276, 277). Similarly, another murine 



 36 

model study (271) demonstrated that MPO was able to suppress activation, function, and 

proliferation of CD4 T cell. Similar to NE, MPO was able to reduce activation of DC via 

cleavage of co-stimulatory molecules including CD40 and CD86, impair migration to lymph 

nodes, and antigen uptake and processing. Moreover, MPO was able to inhibit activation of 

DC via reduced expression of CD86 and HLA-DR on human DC.  

 

 

 

 

 

 

 

 

 

Figure 1.9 Neutrophil-mediated immunomodulation. Neutrophil granules are released during host 

immune response to infections or during inflammatory conditions. Neutrophil granules such as MPO 

and NE have been found to inhibit antigen presentation capability of dendritic cells and deviate 

polarisation of T cells into particular subsets (274). VD3=Vitamin D3. CS=Corticosteroids. 

RA=Retinoic acid. Reproduced from Hafkamp, Kormelink, and de Jong, Targeting DCs for 

Tolerance Induction: Don't Lose Sight of the Neutrophils. Front Immunol 12, 732992 (2021). 

Licence: CC BY 2.0. 

 

Likewise, other innate immune cells can inhibit or alter T lymphocyte function and 

differentiation. Myeloid-derived suppressor cells (MDSCs) derived from heterogenous 

populations of myeloid cells were found to modulate T cell responses via production of 

ROS/RNS and arginase (278). MDSC-like neutrophils were found to inhibit T cell 
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proliferation through inhibition of CD3 zeta-chain via arginase (279). Increased arginase 

production was found to compete L-arginine product which is required for T cell 

proliferation (279, 280). Mechanisms in which ROS mediates T cell suppression include 

interruption between T-cell receptor (TCR) and major histocompatibility complex (MHC) 

interaction, ROS-induced apoptosis, disruption of TCR signalling (281). Altogether, innate 

immune cells are able to modulate the adaptive immune response through various cell 

mediators such as NE, MPO, arginase and ROS resulting inhibition of T cell function, 

activation, and proliferation.  

 

1.3.10 Impaired cellular immune responses lead to inefficient bacterial clearance and 

secondary infection  

Cell-mediated immune responses, particularly by T cells and APCs are indispensable during 

infection and sepsis (282, 283). Depletion of lymphocytes is a hallmark of sepsis resulting 

in immune suppression and is associated with increased disease severity and mortality (284). 

Moreover, immune suppression during sepsis is associated with enhanced susceptibility to 

secondary or nosocomial infections and late mortality. Both pro- and anti-inflammatory 

immune response occurs concomitantly as early as the onset of sepsis (285, 286). Potential 

mechanisms involved in immune suppression include inflammation-associated 

immunomodulation, apoptosis of lymphocytes, and dysregulation of APCs (208).  

Depletion of lymphocyte populations during acute infections and sepsis is primarily thought 

to be mediated by apoptosis and it has been associated with poor outcomes (212, 287, 288). 

Depleted lymphocyte population was observed in severe sepsis cases within 24 hours 

following confirmed-diagnosis (289). Correspondingly, host immune response fails to clear 

on-going infection while risk acquiring secondary infection is enhanced (290). During 

sepsis, reduced expression of HLA-DR on monocytes but increased frequency of CD64-
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expressing neutrophils and Treg may be a prognostic marker of immune suppression (291). 

Increased active caspase-3 within splenic white pulp was identified in sepsis compared to 

non-sepsis patients (292). Similarly, increased apoptosis was identified in both T and B 

lymphocytes in septic shock patients within 3 days of disease onset and associated with case-

fatality (293). Likewise, another study identified increased circulating Treg but reduced 

proliferative capacity of CD4 T cells in sepsis patients compared to healthy control (294). 

PD-1 and its ligand, PD-L1 have been found to mediate sepsis-induced immune suppression. 

During sepsis, expression of PD-1 is increased on T and B lymphocytes, and monocytes and 

it is correlated with increased apoptosis of lymphocytes, reduced cellular immune response, 

and poor outcomes (214, 295). Collectively, poor cellular immune response during sepsis is 

primarily mediated by suppressed APC response, increased apoptosis of lymphocytes, or 

through negative T cell co-stimulation. 

 

1.3.11 Distinct transcriptomic signatures are associated with poor outcome in sepsis  

Landmark genome-wide blood transcriptomic studies of sepsis (296, 297) identified two 

distinct blood transcriptomic signatures which distinguish sepsis patients based on clinical 

outcome. Patients with sepsis response signature 1 (SRS1) exhibit a higher mortality rate 

with an immunosuppressive profile such as T cell exhaustion, reduced MHC-II expression, 

endotoxin tolerance, and apoptosis. On the other hand, patients with SRS2 exhibit an 

immunocompetent phenotype. The SRS group assignment was based on the use of seven-

gene set including DYRK2, CCNB11P1, TDRD9, ZAP70, ARL14EP, MDC1, and ADGRE3. 

Moreover, temporal changes of blood transcriptome were identified, in which majority of 

sepsis patients with SRS1 who moved to SRS2 survived compared to ~50% deaths in those 

who remained in SRS1 (297). Interestingly, sepsis patients with SRS2 showed reduced 

survival when treated with hydrocortisone possibly through immunosuppression of 
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competent and helpful immune responses (298). A similar whole blood transcriptomic study 

of sepsis patients with community-acquired pneumonia (CAP) (299) identified four distinct 

molecular endotypes of sepsis (Mars1-4) using a 140-gene signature. Sepsis patients with 

Mars-1 signature had the poorest outcome compared to other endotypes with suppressed 

phenotypes of both innate and adaptive immune responses such as TLRs, APCs, and T cell 

signalling cascades. In contrast, patients with Mars-3 and Mars-4 showed up-regulated 

pathways involved in TLR signalling, interferon signalling, co-stimulatory molecules, and 

effector functions of T lymphocytes.  

A recent transcriptomic study identified five sepsis endotypes to predict disease progression 

and clinical outcome in patients admitted to the emergency department. The five sepsis 

endotype include Neutrophil-Suppressive (NPS), Inflammatory (INF), Innate-Host-Defence 

(IHD), Interferon (IFN), and Adaptive (ADA). Patients with NPS and INF endotypes had 

more severe disease and poor outcomes, whereas patients with ADA had the mildest disease 

and better outcomes. NPS endotype features up-regulation of neutrophil degranulation but 

down-regulation of adaptive immune responses involving in TCR signalling cascades such 

as CD28 co-stimulation, phosphorylation of CD3/TCR, translocation of ZAP-70 to 

immunological synapse and interferon signalling. Up-regulation of inflammatory responses 

such as TLR-4, IL-1 signalling, interferon signalling, and activation of platelet were 

dominated in INF endotype (300). A comparison between SRS and the five-sepsis endotype 

signatures showed agreeable results in which SRS1 and NPS signatures were mostly present 

in sepsis patients with poor outcomes (300). Another sepsis study (301) aimed to identify 

transcriptomic signatures associated with either Gram-negative or Gram-positive CAP and 

revealed largely similar transcriptomic profiles between the two groups of bacteria. 

However, plasma cytokine profiling showed distinct profiles, in which IL-8 and IL-10 

responses were higher in E. coli-induced CAP patients whereas infection with S. 
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pneumoniae induced higher response of matrix metalloproteinase-8 (MMP-8) compared to 

H. influenzae and Pseudomonas aeruginosa.  
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1.4 Type 2 diabetes and dysregulation of host immune responses 

 

1.4.1 Type 2 diabetes is on a rise and highly prevalent in low- and middle-income 

countries  

Diabetes is a major global health issue, one of the top four non-communicable diseases 

(NCDs) alongside cardiovascular disease, cancer, and respiratory disease (302). Moreover, 

diabetes is a key co-morbid risk factor other NCDs and for infectious diseases (303, 304). 

In 2021, the prevalence of diabetes mellitus is currently at 536.6 million cases (aged 20-79 

years) and killed over 6 million deaths worldwide, with 432.7 million cases (~80%) living 

in LMICs (Table 1.2 and Figure 1.10). It is estimated that the prevalence of diabetes will 

reach 783.2 million cases (31% rise) by 2045 (Table 1.2) (304). Furthermore, it is projected 

that up to 94% of predicted diabetes cases will occur in LMICs by 2045, as a result of 

expected population growth and socio-economic changes. Although formal typing is rarely 

done in LMIC settings, over 90% of diabetes cases in LMICs are estimated to be T2DM 

(305).  
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Table 1.2 Estimated number of global diabetes cases aged 20-79 years based on World Bank income 

classification in 2021 and projection by 2045 (304). Reproduced with permission from the 

International Diabetes Federation (IDF Diabetes Atlas, 2021. http://www.diabetesatlas.org.)  

 

 

 

Figure 1.10 Estimated global burden of diabetes cases in adults aged 20-79 years in 2021. The total 

number of diabetes cases exceeded 20 million people in many low- and middle-income countries 

such as China, India, and Pakistan (304). Reproduced with permission from International Diabetes 

Federation (IDF Diabetes Atlas, 2021. http://www.diabetesatlas.org.)  
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1.4.2 Type 1 and Type 2 diabetes have different aetiologies 

Clinically, people with concentrations of glycated haemoglobin (HbA1c) greater than or 

equivalent to 48 mmol/mol or 6.5% are considered as having T2DM (306). T2DM is a 

chronic metabolic disease resulting from dysregulation of insulin production and function 

leading to hyperglycaemia (307). The causes of T2DM are multifactorial, including obesity, 

pre-disposed genetics, imbalanced diet, and unhealthy lifestyle (308). T2DM is considered 

a low-grade chronic inflammatory disease, in which obesity is strongly associated with 

increased production of inflammatory mediators and insulin resistance (309). In healthy 

people, insulin is secreted by beta cells in the pancreas in response to high glucose 

concentration in the bloodstream e.g., after meals. Consequently, insulin binds to insulin 

receptors on cells allowing glucose molecules to enter cells for cellular energy source (310).  

 

Constant secretion of insulin due to high blood glucose can cause insulin resistance when 

cells no longer respond to insulin and high demand insulin production (hyperinsulinemia) 

can lead to dysregulation and malfunction of the beta cells (311). People with T2DM secrete 

little or no insulin, leaving high blood sugar in the circulatory system (312). In parallel, 

excessive glucose is converted to fat and stored in multiple organs and tissues around the 

body. Altogether, high blood sugar, insulin resistance and high body fat content are thought 

to be key factors contributing to the development of T2DM (313). The majority of T2DM 

cases develop later in life; however, prevalence of T2DM in children and adolescents (aged 

below 20 years) can occur, up to 160-3,000 cases per 100,000 in some parts of the world 

(304). Treatment of T2DM ranges from diet, exercise and weight loss, a range of oral 

therapies including biguanides (metformin), sulphonylureas, thiazolidinediones, dipeptidyl 

peptidase 4 (DPP-4) inhibitors, glucagon-like peptide-1 (GLP-1) receptor agonists and 
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sodium-glucose co-transporter-2 (SGLT2) inhibitors, through to injectable insulin therapy 

(314).  

In contrast, type 1 diabetes (T1DM) can occur at any age but has peak incidence in 

childhood. T1DM is thought to be caused by a combination of pre-disposed genetic 

susceptibility followed by an autoimmune-like response against the beta cells following an 

environmental trigger, leading to a complete loss of insulin production (315). Treatment for 

T1DM is limited to life-long insulin dependency usually through self-injection(316), unless 

receiving successful islet cell transplantation. Other types of diabetes include gestational 

diabetes, maturity onset diabetes of the young (MODY) and latent autoimmune diabetes in 

adults (LADA) (317). The majority of people with diabetes in the world have never 

undergone formal typing (e.g., with measurement of autoantibodies and C-peptide levels) 

but studies show that T2DM accounts for >90% of diabetes in the world, and higher in 

LMICs. For the purpose of this thesis, adults with diabetes in Thailand are assumed to have 

T2DM (318, 319). 

 

1.4.3 Type 2 diabetes leads to other complications resulting in the global economic 

burden  

People with T2DM develop secondary complications affecting many systems. 

Microvascular complications such as retinopathy, neuropathy and nephropathy are leading 

causes of T2DM-related morbidity (320). Moreover, T2DM is highly associated with 

development of macrovascular complications, primarily cardiovascular diseases, which are 

a major cause of death in diabetic patients (321). Therefore, management of patients with 

T2DM is complex due to its complications and costly as it requires life-long treatment and 

management. By 2021, the estimated global health expenditure on diabetes had increased 
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416% from USD $232 billion in 2007 to USD $966 billion. It is predicted that diabetes-

related expenditure will surpass USD $1.05 trillion by 2045 (304). 

 

1.4.4 Type 2 diabetes causes dysregulation of metabolic processes leading to elevated 

inflammation 

Mechanisms underlying increased inflammation and oxidative stress leading to T2DM-

induced complications in people with T2DM include alternative activation of the polyol 

pathway, elevated advanced glycation end products (AGEs), and enhanced protein kinase C 

(PKC) via diacylglycerol (DAG) (322). Excessive glucose under hyperglycaemic conditions 

activates the polyol pathway, in which glucose is converted to sorbitol (via aldose reductase) 

through oxidation of nicotinamide adenine dinucleotide phosphate (NADPH) and fructose 

(via sorbitol dehydrogenase) yielding nicotinamide adenine dinucleotide (NADH) (323). 

This causes depletion of NADPH, leading to reduced production of GSH (324), an important 

antioxidant which has been reported to be diminished in people with T2DM (325, 326). 

Moreover, activation of the polyol pathway can lead to accumulation of AGEs resulting in 

generation of ROS and RNS, and ultimately activation of NF-kB and pro-inflammatory cell 

mediators (327-330). Likewise, both free fatty acids and  hyperglycaemia induce production 

of DAG that activates the PKC pathway, which in turn activates NF-kB pathway leading to 

production of pro-inflammatory cytokines (e.g. IL-1, TNF, and IL-6),  superoxide, and 

ultimately contributing to oxidative stress (331-333). AGEs are elevated in T2DM patients, 

and include non-enzymatically glycosylated proteins and lipids that have been linked to 

increased inflammation and shown to promote diabetic complications such as cardiovascular 

diseases and atherosclerosis (334). 

These aberrant mechanisms in T2DM have been shown to have impacts on host immune 

responses. A randomised-controlled study (335) on the effect of the aldose reductase 
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inhibitor (ponalrestat) on intracellular killing of E. coli by neutrophils firstly identified 

reduced bacterial killing by neutrophils derived from patients with DM compared to 

euglycemic matched controls. However, patients with DM treated with ponalrestat showed 

restoration of bacterial killing of E. coli to the level observed in euglycemic matched 

controls (335). Impacts of diabetes and its metabolic products on host immune responses 

were demonstrated including enhanced baseline inflammatory responses (336, 337), 

increased ROS production (338), impaired opsonophagocytosis of type III group B 

Streptococcus (339), reduced killing of S. aureus by neutrophils (340), reduced phagocytosis 

of yeast particles by neutrophils (341), and reduced phagocytosis of LPS by macrophages 

(342). Collectively, hyperglycaemia induces activation of the polyol and PKC pathway, and 

AGEs leading to activation of pathways involved in inflammation and dysregulation of 

innate immune functions, leading to a compromised host immune response against infection.  

 

1.4.5 Altered functions of innate immune cells in people with type 2 diabetes led to 

increased inflammatory response 

Besides well-known T2DM related complications, host immune response in people living 

with T2DM is altered (163). Neutrophil-mediated mechanisms are dysregulated in people 

with T2DM. Under homeostasis and upon LPS stimulation, production of pro-inflammatory 

cytokines from neutrophils including IL-1b, TNF and IL-8 were elevated in T2DM patients 

(343). In diabetic patients (both T1DM and T2DM) there is increased NETosis activity in 

freshly isolated neutrophils ex vivo with or without ionomycin stimulation (170). The same 

study identified higher level of citrullinate histone H3 which was associated with 

compromised wound healing in the diabetic mice model (170). Likewise, functions of 

macrophages are altered in diabetes for example, islet infiltration by macrophages is present 

in a T2DM mouse model with increased pro-inflammatory cytokine such as IL-6 and IL-8 
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and associated neutrophil and monocyte (344). Obesity is a major risk factor of T2DM 

development (345). A clinical study identified macrophages isolated from obese donors 

showed increased expressions of IL1B and NOS2, key pro-inflammatory regulated genes 

encoding IL-1b cytokine and nitric oxide synthase 2 (346). Altogether, elevated pro-

inflammatory mediators and released cytotoxic compounds in circulation in diabetes 

contribute to dysregulation of immune responses and T2DM-related complications (347).  

 

1.4.6 Dysregulated cellular immune responses in people with type 2 diabetes  

Cell-mediated immune responses are crucial for controlling infections, generating memory 

for subsequent infections, and maintaining homeostasis (72). The low grade chronic 

inflammation of T2DM features elevated inflammatory mediators in circulation such as 

CRP, IL-6, and TNF (348). In line with increased inflammatory innate immune cells, 

frequencies of pro-inflammatory T cells subsets including Th1 and Th17 have been reported 

to be elevated in people with stable T2DM and obesity (349-351). One study identified 

reduced ratios of Treg/Th1 and Treg/Th17 populations in T2DM patients but increased 

inflammatory cytokine responses such as IFN-g and IL-17 compared to healthy donors. The 

reduced circulating number of Treg cells appears to be due to increased susceptibility to 

apoptosis (352). A systemic review on the relationship between Treg and T2DM revealed 

reduced frequency of peripheral Treg (CD4+CD25+ Foxp3+) and serum IL-10 but increased 

serum IL-6, TGF-b, and TNF in patients with T2DM (353). Jagannathan-Bogdan et al. 

demonstrated similar findings, with increased peripheral Th17 cells and elevated production 

of IFN-g from total T cells but reduced circulating Treg cells (351). However, people with 

T2DM showed reduced multifunctionality of CD8+ PD-1+ T cells (TNF, IFN-g, IL-2), 

accompanied by reduced glycolysis and basal respiration, which was reversed by treatment 
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with metformin (354). Likewise, frequencies of PD-1 expressing CD4+ T and CD8+ T cells 

were increased in people with T2DM compared to healthy donors (355, 356).  

 

1.4.7 T2DM increases susceptibility to intracellular infections and disease severity in 

viral infections 

Generally, people with diabetes have increased susceptibility to infections including 

bacterial, viral, and fungal pathogens (357). People with type I and II diabetes are at higher 

risk from respiratory tract infection, urinary tract infection, and bacterial skin and mucous 

membrane infection (358). Mechanisms underlying the increased susceptibility to infections 

are complex and potentially involve both host conditions and pathogen factors (Figure 1.11) 

(359). Several clinical studies indicate that people with diabetes are at risk of increased 

colonisation of S. aureus (360-362) and Candida species (363, 364). In particular,T2DM 

patients are at increased risk of acquiring intracellular infections such as Mtb (115), Bp (20), 

and Hepatitis B virus (365). In TB, mycobacterial antigen-stimulated whole blood samples 

from TB patients with T2DM showed increased frequencies of both IFN-g and IL-2 

producing CD8 T cells and of TNF and IL-17 producing NK cells. In contrast, expression 

of cytotoxicity markers on CD8+ T cells including perforin, granzyme B, and CD107a 

(degranulation marker) was reduced compared to non-diabetic TB patients (366). People 

with T2DM showed an immunosenescent T cell phenotype with increased frequencies of 

effector memory CD45RA expression (EMRA) CD4+ T and CD8+ T cells, that express the 

pro-inflammatory marker CXCR2 and CX3CR1 but impair cell migration (367). Moreover, 

increased susceptibility and severity to viral infections is seen in T2DM. A prospective 

cohort study during the COVID-19 pandemic identified people with T2DM have about a 

three-fold increased susceptibility to severe acute respiratory syndrome coronavirus 2 

(SARS-COV2) infection and hospitalisation (368). Moreover, SARS-COV2 patients with 
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diabetes co-morbidity showed increased disease severity and mortality (368-370). A 

metadata analysis identified an enhanced risk of severe dengue disease in people with 

diabetes (371, 372). People living with T2DM may be more susceptible to other viruses such 

as hepatitis C (373), varicella zoster virus (374), and Zika virus (375). 

 

 

Figure 1.11 Host and pathogen factors implicated in increased susceptibility to infection in diabetes. 

A number of host immune mechanisms are dysregulated such as chemotaxis, phagocytosis, and 

bacterial killing, resulting in persistence of the invading pathogen. Pathogens can have a degree of 

intrinsic resistance to host immune responses, for example Burkholderia pseudomallei, the causative 

agent of melioidosis, displays evasion of multiple host innate immune systems including the 

complement system and phagocytosis (359, 376). Reproduced with licence from Cooke, Infections 

in people with diabetes. Medicine 47, 110-113 (2019). Licence number: 5380320935659.  
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1.5 Rationale for the thesis  

 

To sum up, people living with T2DM are at higher risk of acquiring intracellular infections. 

Strikingly, people with T2DM are exceptionally susceptible to melioidosis (12-fold 

increased risk) and have a 3-fold increased risk of acquiring TB, with dysregulation of both 

innate and adaptive immunity due to diabetes likely to contribute to this phenomenon. Both 

diseases are caused by intracellular infections, with overlap of some clinical features, 

pathogenesis, and host immune responses. Therefore, underlying mechanisms leading to 

enhanced susceptibility in people with T2DM to melioidosis and TB may be common. To 

date, whole blood transcriptomic profiles associated with T2DM during melioidosis are yet 

to be elucidated. Furthermore, the high case fatality of melioidosis in endemic regions 

remains a great challenge despite improved healthcare facilities and clinical management. 

Host responses close to the onset of melioidosis are rarely evaluated systematically due to 

the requirement of diagnosis by bacterial culture. In this thesis, early whole blood 

transcriptomic profiles associated with fatal melioidosis are studied in a large, well-

characterised cohort of melioidosis patients enrolled within 24 hours of hospital admission. 

Lastly, the identified transcriptomic profiles are validated using the independent melioidosis 

cohort.  

 

 

 

 

 

 

 



 51 

1.6 Aims and objectives of this thesis  

  

The aims of this thesis are to investigate the whole blood transcriptomic profiles associated 

with (i) diabetes in both melioidosis and TB, (ii) case-fatality in melioidosis, (iii) melioidosis 

compared to other community-acquired infections. The central objectives of this thesis are: 

 

1. To study the whole blood transcriptome of melioidosis patients to reveal underlying 

mechanisms of increased susceptibility to melioidosis in diabetes, and to study the 

impact of diabetes on clinical outcomes.  

 

2. To identify the whole blood transcriptomic profiles associated diabetes and 

intermediate hyperglycaemia in TB and common transcriptomic profiles associated 

with diabetes in both TB and melioidosis.   

 

3. To identify the early whole blood transcriptomic profile associated with fatal 

melioidosis and transcriptomic signature of melioidosis compared to other 

community-acquired infections.   

 

4. To validate the identified whole blood transcriptomic profiles associated with fatal 

melioidosis in community-acquired infections in the independent melioidosis cohort 

with similar study settings. 
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Chapter 2: Methods 

 

This chapter will outline core RNA sequencing data analyses implemented across four main 

chapters (Chapter 3-6). Specific RNA sequencing approaches, data acquisitions, and data 

analyses will be described in detail within each chapter.  

 

2.1 Rationale of experimental approach 

The origin of this study came from a prospective observational study between 2013 and 

2017 conducted at Sunpasitthiprasong Hospital, Ubon Ratchathani, a world-renowned study 

site for melioidosis. The study aimed to evaluate human immune response to melioidosis in 

adult patients, in which clinical samples such as peripheral blood mononuclear cell (PBMC), 

serum, and plasma were collected for studies using a wide range of humoral and cellular 

immune assays. Moreover, whole blood samples were collected for genomics and 

transcriptomics. As a result, key findings from this study identified importance of cellular 

immune responses during melioidosis and altered immune profiles in the patients with type 

2 diabetes (T2DM) in PBMC samples (76, 377). Therefore, a full picture of host response 

during melioidosis is remained to be elucidated. This thesis, whole blood samples were 

studied using bulk RNA sequencing approach in melioidosis and tuberculosis, aiming to 

decipher whole blood transcriptomic profiles associated with (i) T2DM during the 

intracellular infection and (ii) case-fatality in melioidosis.  

 

2.1.1 Why whole blood transcriptomics? 

Transcriptomics is a study of the complete set of transcriptomes (coding and non-coding 

RNAs) within a cell or organism allowing decipherment of a relationship between the 

genome and observed phenotypes qualitatively and quantitively (378). Within each cell, a 
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fraction of genes are actively transcribed from the genome and influenced by both internal 

and external factors such as diseases, aging, or infections at a given time point (379). 

Therefore, whole blood transcriptomics provides a snapshot of global gene expression at 

genome-wide scales facilitating a comprehensive study between two or more phenotypes of 

interest within the biological systems (380). However, gene expression profiles may not 

fully reflect functions of protein and corresponding phenotypes, where functional proteins 

may undergo post-translational modifications (PTMs) such as glycosylation, methylation, 

and ubiquitylation (381). 

 

2.1.2 Available tools for RNA transcriptomics  

Multiple tools can be used to study gene expression such as real-time polymerase chain 

reaction (RT-PCR), microarray, and RNA sequencing. RT-PCR is a quick and robust tool 

to study gene expression, however, it is not applicable for genome-wide transcriptomics. In 

early 2000s, microarray had become a standard tool to study genome-wide gene expression, 

the technology was based on a fluorescent-based hybridization chip of known transcriptome 

(382). Nevertheless, microarray has several limitations including limit detects of known 

genes or transcripts, high background noise, low dynamic range, and low resolution (383). 

These limitations from microarray approach have led to the development of next-generation 

sequencing (NGS) and it has become a default approach for transcriptomics until nowadays. 

The NGS offers high-throughput and massively parallel sequencing of both DNA and RNA 

(384). 

Likewise, RNA sequencing allows a study of global gene expression without a priori 

knowledge, providing higher dynamic ranges (378), and discovery of novel transcripts 

(385). A typical gene expression study usually targets messenger RNAs (mRNAs), 

therefore, poly-A tail or total RNA library preparation can be an option for RNA sequencing 
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(386). In fact, total RNA sequencing approach allows detection of other forms of RNAs and 

more suitable for samples with lower RNA quality e.g., preserved specimens (387). 

Nevertheless, total or bulk RNA sequencing measures averaged gene expression profile at 

population level, where cell-specific expression profile is natively indistinguishable but can 

be computationally estimated (388). In recent years, single-cell RNA sequencing (scRNA-

seq) has become a widely adopted method to study gene expression at single-cell level, 

unravelling complexity of cellular heterogeneity and composition within an organism at a 

given condition and point in time (389). However, scRNA-seq is currently more expensive 

than bulk RNA sequencing and required enriched live cells to begin with (390). In this study, 

all-study cohorts were not designed for scRNA-seq experiment, in which cryopreserved 

PBMC samples were mostly unavailable or inapplicable due to low cell viability and poor 

recovery as a result of long-term storage (> 5 years) or a nature of acute PBMC samples.  

 

2.1.3 Different choices of differential gene expression analysis  

The emergence of high-throughput sequencing (HTS) data has led to the development of 

statistical R/Bioconductor packages. DESeq2 and edgeR are the most popular R packages 

developed to deal with large and complex HTS data generated from various sequencing 

platforms and approaches (391, 392). Differential gene expression analysis by DESeq2 and 

edgeR R packages assumes that genes are not differentially expressed between biological 

conditions. However, there are some key differences between the two packages including 

data normalisation and filtering of genes. DESeq2 estimates overdispersion of expression 

data utilising a statistical model based on a negative binomial distribution followed by a 

generalised linear model to estimate the mean and variance of each gene (392). DESeq2 uses 

a normalisation method called median of ratios method, in which counts are normalised by 

a scaling factor calculated from the median of the ratios of each gene over its geometric 
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mean across all samples (393). By default, DESeq2 employs the independent filtering 

method, in which differentially expressed genes are further filtered using the quantiles 

method (392). edgeR uses a similar statistical model based on the negative binomial 

distribution, in which data normalisation (trimmed mean of M-values method [TMM]) is 

based on a scaling factor calculated from a reference sample. By default, edgeR utilises a 

count-per-million (CPM) threshold to filter out genes that do not pass the minimum CPM in 

the smallest group sample size (394). Nevertheless, both methods provide similar results 

given sufficient biological replicates and are robust against low biological replicates, 

differences of library sizes, library compositions and outliers due to high variation of 

biological replicates (395, 396). However, the performance of DESeq2 has been shown to 

be slightly better in minimising false positivity, particularly in the presence of high 

variability of biological replicates and outliers (392, 397). I therefore chose DESeq2 to 

normalise read counts for downstream data analysis and perform DGE analysis.   

  

2.2 Study cohorts 

This thesis consists of whole blood RNA sequencing data derived from four independent 

studies including patients with melioidosis (Chapter 3: MICRO1501, N=110), tuberculosis 

(Chapter 4: The Concurrent Tuberculosis and Diabetes Mellitus [TANDEM], N=239), 

community-acquired infections (Chapter 5: Ubon-Sepsis, N=284), and an additional 

melioidosis cohort for validation (Chapter 6: Determinants of Outcome and Recurrent 

Infections in Melioidosis [DORIM], N=32) (Figure 2.1). Ethical approval information and 

participant demographics within each cohort will be described in detail within each chapter. 

In Chapter 4, the identified transcriptomic profiles associated with T2DM in melioidosis 

from Chapter 3 were compared with tuberculosis patients. In Chapter 6, the identified 

transcriptomic profiles associated with fatality in melioidosis from Chapter 5 were 
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validated in the independent melioidosis cohort. Although majority of diabetes cases in 

LMICs have T2DM, however, for accuracy of clinical data, the term “T2DM” was only used 

for the data associated with the study cohort from Chapter 3. Throughout this thesis, T2DM 

and diabetes were used interchangeably due to lack of formal diagnosis of diabetes in most 

studies.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1 Study cohorts. 

This thesis consists transcriptomic data derived from four independent study cohorts: (Chapter 3) 

melioidosis (MICRO1501), (Chapter 4) tuberculosis (TANDEM), (Chapter 5) community-

acquired infections (Ubon-Sepsis), and (Chapter 6) melioidosis for validation (DORIM). Timing of 

participant enrolment into the study cohort relative to day of hospital admission (median in days 

after hospital admission and inter quartile range [IQR]) are indicated where appropriate (patients 

with tuberculosis were typically not admitted to hospital). The identified transcriptomic profiles 

associated with type 2 diabetes during melioidosis in Chapter 3 were compared with tuberculosis 

patients in Chapter 4. The identified transcriptomic profiles associated with case fatality during 
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melioidosis in Chapter 5 were validated in the independent melioidosis cohort in Chapter 6. 

Created with BioRender.com. 

 

2.3 RNA sequencing data generation and data acquisition 

This thesis, only RNA sequencing data from Chapter 3 (MICRO1501) were generated 

locally. Briefly, RNA isolation and preparation for RNA sequencing was performed in 

Dunachie’s laboratory at Peter Medawar Building for Pathogen Research, University of 

Oxford. Total RNA samples were sent for RNA sequencing at the Oxford Genomics Centre, 

Wellcome Centre for Human Genetics, University of Oxford. The RNA sequencing data 

from the remaining three chapters were kindly provided by our collaborators. Chapter 4: 

TANDEM, RNA sequencing data from tuberculosis study were kindly provided by Dr. 

Jackie Cliff and Professor Gregory Bancroft the London School of Hygiene and Tropical 

Medicine, UK. Chapter 5: Ubon-Sepsis, RNA sequencing data from community-acquired 

infections were provided by Professor Eoin West at University of Washington, USA. And 

Chapter 6: DORIM, RNA sequencing data for validation from melioidosis study were 

kindly provided by Professor Narisara Chantratita at Mahidol University, Thailand.  

 

2.4 RNA sequencing data analyses 

In this thesis, identical RNA sequencing data analysis approaches were applied to all study 

cohorts consisting of supervised and unsupervised approaches unless stated otherwise 

(Figure 2.2). The supervised data analysis approach or typical transcriptomic data analyses 

consisted of differential gene expression analysis (DGE), functional pathway analyses, and 

the Ingenuity Knowledge Base by QIAGEN Ingenuity Pathway Analysis (QIAGEN Inc., 

https://digitalinsights.qiagen.com/IPA) including canonical pathway and upstream regulator 

analyses. The unsupervised approach is based on weighted gene co-expression network 
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analysis (WGCNA), gene module enrichment, and identification of hub genes. To identify 

potential gene regulators, differentially expressed genes following DGE and identified hub 

genes from interesting gene modules were explored for overlapping genes using Venn 

diagrams by ggvenn R package (version 0.1.9).  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2 Overview of transcriptomic data analysis workflow. 

The core data analysis pipeline consists of two independent approaches, supervised and unsupervised 

data analysis pipeline. The supervised approach employs a typical differential gene expression 

analysis and followed by functional pathway analysis. The unsupervised approach uses weighted 

gene co-expression network analysis and followed by module-trait and hub gene analysis within 

interesting gene modules. The two approaches are cross validated at the end of the pipeline in order 

to identify potential biomarkers.  
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2.5 Supervised approach 

 

2.5.1 Differential gene expression analysis 

All expression data were annotated to gene symbol (HGNC, HUGO Gene Nomenclature 

Committee). Genes with no counts or low counts were removed. Pre-filtered read counts 

were normalised using the median of ratios method within the DESeq2 R package that 

adjusts for different sequencing depth and RNA composition amongst samples (393). After 

normalisation, normalised read counts were transformed on the log2 scale using variance 

stabilising transformation (VST) function within the DESeq2 R package for data 

visualisation such as multi-dimensional scaling and heatmap (392). After the VST, 

unsupervised clustering by principal component analysis (PCA) was performed using the 

top 1,000 most variable genes to detect outliers and visualise biological variations among 

samples. Next, DGE analysis was carried out using negative binomial generalised linear 

modelling, implemented in the DESeq2 R package (392) adjusted for age and sex, unless 

otherwise stated. By default, the Wald test was applied to test the null hypothesis for 

comparison between two groups. To further reduce false positivity, independent filtering 

based on the mean of normalised counts and multiple testing correction using Benjamini-

Hochberg/False discovery rate (FDR) was applied (392, 398). Finally, differentially 

expressed genes (DEGs) were deemed significant when satisfying absolute[Log2 fold-

change]≥ 1 and adjusted P-value (FDR)< 0.05, unless stated otherwise. DEGs were 

visualised on volcano plot using EnhancedVolcano R package (version 1.10.0) and heatmap 

using pheatmap R package (version 1.0.12). 
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2.5.2 Functional pathway analysis 

Functional pathway analysis or over-representation analysis based on gene sets from the 

Molecular Signatures database (MSigDB, version 7.0, https://www.gsea-

msigdb.org/gsea/msigdb/) such as Hallmark (399), Reactome (400), KEGG (401) and Gene 

Ontology (402) was performed using the clusterProfiler R package (version 4.0.5) (403, 

404). To complement the result obtained from a particular gene set (e.g., Hallmark), an 

additional pathway analysis from another gene-sets collection (e.g., Reactome, KEGG, and 

Gene Ontology) was performed in most cases. Hallmark gene sets are the collection of 

summarised well-represented biological pathways from MSigDB database consisting of 

non-redundant 50 pathways (399). On the other hand, curated gene sets i.e., Reactome 

consists of 1,615 gene sets covering detailed biological pathways, disease, and processes in 

24 major groups such as immune system, signal transduction, and metabolism (400). 

Following DGE analysis, a list of DEGs was filtered to remove any rows (genes) containing 

N/A values and ranked based on adjusted P-value (FDR)<0.05 and a cut-off of absolute 

[Log2 fold-change]≥1, unless stated otherwise. The analysis was based on determination of 

whether known gene sets were over-represented in the pre-ranked list of DEGs. The P-value 

was calculated using hypergeometric distribution (405). Gene sets or pathways were deemed 

significant when satisfying adjusted P-value (FDR)<0.05.  

 

2.5.3 Gene set enrichment analysis (GSEA) 

The over-representation analysis is only applicable when there are large differences of 

transcriptomic profiles between biologically distinctive phenotypes such as disease versus 

control or severe versus mild disease. On the other hand, gene set enrichment analysis 

(GSEA) can detect subtle but coordinated changes of gene expression patterns between 

comparative phenotypes (406, 407). A test result from DGE analysis was filtered to remove 
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any rows (genes) containing N/A values and ranked based on adjusted P-value. Pre-ranked 

data was used to perform the GSEA pre-ranked method based on the gene sets from 

MSigDB. GSEA analysis was performed and visualised using the fgsea R package version 

1.18.0 (408) or GSEAPreranked mode on GSEA software with 1,000 permutations and classic 

scoring scheme setting (BROAD Institute, version 4.1.0).  

 

2.5.4 Canonical pathway analysis 

Ingenuity Pathway Analysis (IPA) was used to identify significant canonical pathways based 

on the Ingenuity Knowledge Base (QIAGEN Inc., https://digitalinsights.qiagen.com/IPA). 

Lists of DEGs were filtered to remove any rows (genes) containing N/A values and retained 

the DEGs with adjusted P-value (FDR)<0.05. Significant pathways satisfied overlap P-

value<0.05 and z-score ≥2. The overlap P-value was calculated by the right-tailed Fisher’s 

exact test to determine whether there was a significant overlap between the input expression 

data and pre-defined gene sets. A positive z-score indicates predicted activated pathways, 

and a negative z-score indicates predicted inhibited pathways.  

 

2.5.5 Ingenuity upstream regulator analysis 

IPA was used to identify genes, transcription factors or any molecules that may be 

responsible for changes of observed gene expression based on the Ingenuity Knowledge 

Base. Lists of DEGs were filtered to remove any rows (genes) containing N/A values and 

retained the DEGs with adjusted P-value (FDR)<0.05. Potential upstream regulators were 

based on overlap P-value<0.05 and z-score ³2, unless stated otherwise. The overlap P-value 

was calculated using the right-tailed Fisher’s exact test, to determine whether there was a 

significant overlap between the input expression data and known downstream target genes 

regulated by transcriptional regulators. The use of z-score is to infer activation status of 
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transcriptional regulators, where positive z-score indicates predicted activation of upstream 

regulators or negative z-score indicated predicted inhibition of upstream regulators (409).  

 

2.6 Unsupervised approach 

 

2.6.1 Weighted gene co-expression network analysis  

In biological system, genes are usually co-expressed and functionally related. Gene 

expression may be controlled by a gene regulatory network such as transcription factors, 

RNA binding protein or gene products themselves (410, 411). There is evidence suggesting 

that biological networks are closed to “scale-free”(412), where a few genes (nodes) are 

connected to many nodes following distributions of a power law (413, 414). These highly 

connected genes are considered as hub genes that may regulate that particular gene network 

(415). Weighted gene co-expression network analysis (WGCNA) is a systems biology tool 

which can be used for studying the relationship between a group of highly interconnected 

genes and observed phenotypes (416). Genes with similar expression profiles (co-

expression) form a cluster or gene module in an unsupervised manner. This significantly 

reduces a number of input genes and allows genes with biologically related functions 

forming a cluster and can be further studied for relationships to external traits. Finally, hub 

genes responsible for the observed phenotype can be identified (415). Therefore, WGCNA 

facilitates unbiased discovery of candidate biomarkers in high throughput data.  

There are six major steps in performing WGCNA: (i) detection of outliers, (ii) construction 

of co-expressed gene network, (iii) identification of co-expressed gene modules, (iv) 

identification of module-trait relationships, (v) study of module relationships, and (vi) 

identification of hub genes within modules of interest (415). Firstly, outliers were detected 

and removed if present by hierarchical clustering using average method (417). Secondly, to 
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construct a weighted network, the correlation between every pair of genes was calculated to 

produce an adjacency matrix, where the strength of the connection between two genes in the 

network is graded from 0 (unconnected) to 1 (fully connected). Unlike a weighted network, 

an unweighted network uses a hard threshold resulting in a dichotomous relationships 

between a pair of genes, therefore, genes with low or moderate correlations below the 

threshold are disregarded (416).  

 

There are three types of networks available: (i) unsigned, (ii) signed (418), and (iii) signed 

hybrid (419). The unsigned network considers genes with strong correlation regardless of 

the directions of association (418). The signed network only considers genes with positive 

correlation, and those genes with negative correlation are considered as unconnected (418). 

The signed hybrid considers genes with positive correlation and those with negative 

correlation considered as no correlation (420). Practically, signed and signed hybrid 

networks produce almost identical outcomes (421), but unsigned network was found to be 

less sensitive in a certain circumstance (418). In this thesis, the signed network was chosen 

for network construction as it was proven to be robust in identification of biologically 

meaningful biomarkers in several studies (418, 422-424). Thirdly, soft-threshold (power b) 

was chosen to obtain a scale-free network (416). Ideally, an approximate scale-free network 

is obtained when a minimal power reaches high R2 (≥	0.8) on the scale-free topology model. 

Moreover, the same power b should result in low mean connectivity (<100), avoiding 

influence of strong drivers that would invalid the assumption of scale-free topology (Figure 

2.3). Fourthly, a topological overlap matrix (TOM) was calculated from the adjacency 

matrix in order to minimise effects of background noise and spurious correlations (416). 

Next, a dissimilarity of topological overlap matrix (DistTOM) was calculated and used to 

identify gene modules. Fifthly, co-expressed gene modules were identified via hierarchical 
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clustering using the Dynamic Tree Cut method (425). The one-step network construction 

and module detection function were performed with a minimal number of 50 genes per 

module.  

 

Figure 2.3 An example of scale free network topology analysis.  

Scale-free network analysis with scale independence plot indicates scale free topology model fit (R2) 

and mean connectivity plot, with the soft threshold displayed on the x-axis. Here, the power b of 14 

was chosen based on high R2 (0.82) with low mean connectivity (72).  

 

As a result, co-expressed gene modules (module eigengenes, MEs) were generated and 

assigned with different colours (Figure 2.4). Each module eigengene can be described as 

the first principal component or a representative gene expression profile of a given module 

(Figure 2.5) (426). Finally, module-trait relationship analysis was performed to identify the 

correlations between module eigengenes and clinical traits (e.g. age, sex, diabetes status, 

mortality outcome). The module-trait relationship analysis accepts the clinical traits either 
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in binary or continuous outcomes. Correspondingly, a table of correlations where each row 

represents a gene module and each column represents a clinical trait was generated. 

Correlations were calculated by Pearson’s correlation method and the corresponding 

correlation coefficients and P-values were displayed in each cell (415) (Figure 2.6). A high 

positive module-trait correlation indicates that the module eigengene increases with 

increasing trait values (i.e., increased frequency of neutrophils and SOFA scores). On the 

other hand, a high negative correlation of module-trait analysis implies that the module 

eigengene decreases with increasing trait values. In other words, within a gene module of a 

signed network, all genes are positively correlated with the eigengene. Therefore, a positive 

correlation of module-trait relationship implies an increase in expression profile within that 

particular module eigengene that correlates with increasing external trait values (Figure 2.5, 

2.6). Interesting MEs (both positive and negative correlations) with significant module-trait 

correlations (P-value <0.05) were further studied with module enrichment analysis for 

pathways that are associated with observed phenotypes (i.e., clinical outcomes) and whether 

the same pathways were observed in the analyses by the supervised approach.  

 

To facilitate identification of biologically meaningful gene modules, a co-expressed gene 

module that correlates with a given trait with a nominal P-value <0.05 is considered 

significant. This allows detection of gene modules associated with weaker or moderate 

correlations to other parameters (e.g., age, sex, and underlying conditions) which are 

typically hindered by transcriptional responses in drastic conditions (i.e., disease versus 

control or severe versus mild disease). To minimise false positive rates in identification of 

potential biomarkers, hub genes identified from interesting gene module must be present in 

the DEGs derived from the DGE analysis of interest (e.g., non-survivors versus survivors) 

and satisfy a threshold of DEGs with a fold change (FC) ≥1 (impact of diabetes in TB), FC 
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≥2 (impact of case fatality in melioidosis) and adjusted P-value <0.05 (Figure 2.2). In 

addition, the rationale behind identification of hub genes in a given gene module with 

positive correlation with trait values is robustness of increased expression of gene sets 

proven in many studies and settings providing higher sensitivity and specificity in 

discriminating one from another condition (102, 427, 428). Increased expression or presence 

of genes and gene products (i.e., proteins) are fundamentally important for development of 

diagnostic and prognostic tools in many conditions or diseases (429). In this thesis, the 

transcriptomic signature (gene sets) associated with fatal melioidosis may be useful for 

development of a point-of-care test that helps distinguish patients at high risk of developing 

severe disease.  

 

 

 

 

 

 

 

 

 

 

Figure 2.4. An example of cluster dendrogram and gene modules. 

Cluster dendrogram of co-expressed gene modules by a hierarchical clustering of genes based on 

topological overlap using the Dynamic Tree Cut method. The corresponding modules assigned with 

different colours were displayed underneath. Here, 11 module eigengenes (MEs) were detected and 

are displayed with colours assigned in descending order based on size (number of genes) as follows: 

turquoise, blue, green, red, black, pink, magenta, purple and greenyellow.  
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Figure 2.5 An example of module eigengene associated with 28-day mortality. 

A module eigengene (ME) can be described as the first principal component or a 

representative gene expression profile of a given co-expressed gene module. For example, 

ME1 is associated with survivors whereas ME2 is associated with non-survivors. 

Accordingly, expression profiles of survivors are increased in ME1 but decreased in ME2 

or vice versa.  
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Figure 2.6 An example of module-trait correlations. 

Module-trait relationship analysis. Each column represents clinical traits and each row presents 

module eigengenes, with corresponding Pearson’s correlation coefficient and P-value in parenthesis 

for each module trait pair. The gradient colour bar indicates positive (+1, red) and negative (-1, blue) 

Pearson’s correlation coefficient. Clinical traits analysed include diabetes status (binary - diabetes), 

28-day mortality (binary - mortality), HbA1c level as percentage of haemoglobin (hba1c), age in 

years, sex (binary male or female), neutrophils percentage of total white cell count (Neu.), and 

lymphocyte percentage of total white cell count (Lymph.). Here, METurquoise was significantly 

correlated with %neutrophils and mortality (Pearson’s correlation=0.65, P-value < 0.001).  
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2.6.2 Module enrichment analysis 

Interesting modules with significant module-trait relationships (both positive and negative 

correlations) underwent module enrichment analysis based on the gene sets from MSigDB 

collection using clusterProfiler R package (version 4.0.5) (399, 403, 404).  

 

2.6.3 Identification of hub genes within interesting gene modules 

Interesting modules featuring the highest correlations with clinical traits of interest were 

used to identify hub genes. Co-expression gene network data containing edges (weights of 

network) and nodes (genes) were exported and visualised on Cytoscape software (version 

3.9). Identification of hub genes within interesting modules was calculated using Maximal 

Clique Centrality method from CytoHubba plugin (version 0.1) on Cytoscape (430).  

 

2.6.4 Identification of candidate biomarkers in fatal melioidosis, diabetes-induced 

susceptibility to tuberculosis, and validation experiments 

In Chapter 3 and Chapter 5, key regulators associated with fatal melioidosis were 

identified for overlapped genes among identified co-expressed gene modules associated 

with clinical parameters of interest, top 20 hub genes identified in the modules of interest, 

and up regulated genes following differential gene expression analysis between non-

survivor and survivor melioidosis patients (Figure 2.2). Similarly, In Chapter 4, key 

regulators associated diabetes and intermediate hyperglycaemia during tuberculosis were 

identified in similar fashion. Extensive literature research was performed to address 

potential contribution of each key hub gene in regulating host response associated with poor 

outcome during melioidosis. Likewise, key regulators potentially involving in increased 

susceptibility to Mtb infection in tuberculosis patients were discussed. In Chapter 5, 
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identified transcriptomic profiles associated with fatal melioidosis were validated in the 

independent melioidosis cohort and using functional assays in Chapter 6.  

 

2.6.5 Deconvolution of bulk RNA sequencing data  

As discussed previously, a scRNA-seq approach allows dissection of cell-type specific 

expression and cell compositions within a biological sample. Nevertheless, cell type 

abundances within whole blood population of bulk RNA-seq can be mathematically 

estimated using computational approaches. There are a number of available methods based 

on different algorithms and estimated cell types such as CIBERSORTx (431) (v-support 

vector regression, 22 immune cell types), EPIC (432) (constrained least square regression, 

6 immune cell types), MCP-counter (433) (geometric mean of gene markers, 8 immune cell 

types), TIMER (434) (constrained least square fitting, 6 immune cell types), and xCell (435) 

(single sample gene-set enrichment analysis [ssGSEA], 64 immune and other cell types). 

Nevertheless, CIBERSORTx and xCell have shown decent performance in benchmark 

studies and provided more immune cell phenotyping compared to other methods (388, 436). 

This thesis deployed the two most popular deconvolution methods, CIBERSORTx 

(extended from CIBERSORT) (431, 437) and xCell (435). Firstly, CIBERSORTx uses a 

machine learning approach, with a linear support vector regression method for 

deconvolution of the mixture (437). In addition, a LM22 signature containing 547 genes that 

discriminate 22 human hematopoietic cells such as T cell subsets, B cell subsets, and 

myeloid subsets was used to deconvolute the RNA sequencing data using impute cell 

fractions analysis mode with 100 random permutations and other parameters set at default 

values (https://cibersortx.stanford.edu/) (437). Samples with P-value <0.05 were included 

for further analyses.  
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On the other hand, xCell employs ssGSEA algorithm to estimate the enrichment of 64 cell 

subsets such as lymphoids, myeloids, and stem cells using 489 gene signatures derived from 

six different sources (435). For xCell, read counts were normalised to Reads Per Kilobase 

of transcript per Million reads mapped (RPKM) using the DESeq2 package (392). 

Enrichment of 64 immune and stromal cells was performed using xCell (version 1.1.0) with 

default parameters. Both methods provide estimations of cell types using slightly different 

mathematical approaches, reference gene sets, and number of target cell types, in which the 

22 immune cell types by CIBERSORTx were complimented and further phenotyped by 64 

immune and stroma cell signatures by xCell. The imputed cell fractions and enrichment 

scores were compared using non-parametric Mann-Whitney tests in R programme. 
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Chapter 3: What is the impact of type 2 diabetes on the whole blood 

transcriptomic response during melioidosis? 

 

3.1 Introduction 

Melioidosis is a fatal infectious disease caused by an infection with a Gram-negative 

bacillus, Burkholderia pseudomallei (Bp). A recent prediction of global burden of 

melioidosis in 2015, estimated 165,000 cases with 89,000 deaths, and a much wider 

distribution in tropical countries across the globe than previously appreciated (4). The in-

hospital case fatality rate is up to 40% in northeast of Thailand and 14% in Australia (9, 20). 

Established risk factors for melioidosis include diabetes, chronic renal diseases, and 

excessive alcohol consumption (87), in which people with diabetes  have a 12-fold increased 

risk for melioidosis (20). In 2021, it was estimated that over 530 million people live with 

diabetes worldwide, and 77% live in LMICs. It was further estimated that the prevalence of 

diabetes will increase up to 31% by 2045 (304). Although formal typing is rarely done in 

LMIC settings, over 90% of diabetes cases in LMICs are estimated to be T2DM (304).  

People with T2DM are known to have increased susceptibility to infections. There is 

established increased susceptibility in diabetes to many pathogens including both Gram-

negative and Gram-positive bacteria and viruses (357). Host immune responses during 

infections in people with diabetes have been shown to be compromised including 

phagocytosis, cytokines, and chemokine response (438). Co-epidemics between the ever-

growing burden of diabetes and individual infectious diseases, could result in more co-

morbidity, mortality, and impact on global economy. In 2013, Koh et al. (101) demonstrated 

that the whole blood transcriptome in 30 melioidosis patients was dominated by interferon-

mediated responses, and was indistinguishable from active TB patients (102). However, the 
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whole blood transcriptomic profile associated with increased susceptibility to melioidosis in 

people with T2DM melioidosis remains unaddressed. 

A prospective observational study (MICRO1501) was conducted between 2015 and 2017 at 

Sunpasitthiprasong Hospital, a tertiary hospital, in Ubon Ratchathani, Thailand. The study 

aimed to investigate human cellular and humoral immune response during melioidosis using 

a wide range of assays including whole blood samples for bulk RNA sequencing. Firstly, a 

study of the functional cellular immune response to melioidosis using IFN-g enzyme-linked 

immunosorbent spot (ELISpot) and intracellular staining demonstrated decreased Bp-

specific IFN-g responses in acute melioidosis patients with T2DM compared to non-diabetes 

(76). Secondly, Kronsteiner et al. (377) demonstrated that elevated humoral immune 

response and increased frequency of double-negative T cells were associated with survival 

in melioidosis with T2DM. Moreover, IFN-g  producing gd T cells in response to Bp 

stimulation was also increased in recovered melioidosis patients with T2DM.  

Based on the results of cellular immunity in melioidosis with T2DM, I hypothesised that 

stunted cellular immune response is one of underlying mechanisms leading to increased 

susceptibility in patients with T2DM to melioidosis. In this Chapter, whole blood 

transcriptomics in melioidosis (MICRO1501) will be studied for mechanisms behind the 

increased susceptibility to Bp infection in the patients with T2DM.  
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3.2 Specific objectives  

1. To investigate whole blood transcriptomic profiles from acute melioidosis with and 

without T2DM. 

2. To investigate whole blood transcriptomic profiles from fatal melioidosis compared to 

those who survived.  

3. To correlate the identified transcriptomic signatures in T2DM cases with clinical 

outcomes. 
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3.3 Materials and Methods 

 

3.3.1 Study design and ethical approval 

RNA sequencing data used for this chapter were derived from a prospective observational 

study (MICRO1501) conducted between 2015 and 2017 at Sunpasitthiprasong Hospital, 

Ubon Ratchathani, Thailand. The study protocol was approved by the ethics committees of 

the Faculty of Tropical Medicine, Mahidol University (TMEC 12-014); Sunpasitthiprasong 

Hospital, Ubon Ratchathani (017/2559) and the Oxford Tropical Research Ethics Committee 

(OXTREC35-15). The study was conducted according to Good Clinical Practice, and all 

subjects gave written informed consent, including for export and storage of their blood 

samples. Adults aged 18 years and over were recruited into the Melioidosis Cohort of the 

study as soon as feasible after hospitalisation with melioidosis, defined as culture of Bp from 

any clinical specimen. Healthy household contacts of melioidosis cases enrolled in the study 

were recruited as endemic control participants, alongside people with T2DM recruited from 

diabetes out-patient clinic at Sunpasitthiprasong hospital. HbA1c was performed for all 

participants. Diabetes status for the Melioidosis Cohort was defined as holding a pre-existing 

diagnosis of DM and / or having an HbA1c ≥ to 6.5 %, as defined by WHO criteria (439). 

This clinical immunology study aimed to evaluate human immune responses in melioidosis 

patients using a wide range of humoral and cellular immune assays. For RNA 

transcriptomics, 3 mL whole blood samples were collected into Tempus blood RNA tube 

(Applied Biosystems, Cat No. 4342792) from culture-confirmed melioidosis (Melioidosis 

Cohort, n=81) along with control cohorts, T2DM outpatients (T2DM, n=15), and household 

contacts of the melioidosis patients (HH, n=14). The tempus blood RNA tubes were store at 

-80°C at the study site, transferred on dry ice to the central laboratory at Mahidol Oxford 

Tropical Medicine Research Unit (MORU) in Bangkok for long-term storage. Then, the 
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samples were shipped on dry ice to Dunachie’s research laboratory at Peter Medawar 

Building for Pathogen Research, University of Oxford, UK. The samples were stored at -

80°C until use.  

 

3.3.2 RNA isolation and preparation 

RNA isolation, preparation, quantification, and qualification were performed according to 

the manufacturer’s instructions unless otherwise stated. Total RNA was isolated from whole 

blood sample collected in Tempus blood RNA tube using the Tempus Spin RNA Isolation 

(Applied Biosystems, Thermo Fisher Scientific, Cat No. 4378926). Additionally, potential 

contaminating genomic DNA was removed using the TURBO DNase enzyme (Invitrogen, 

Cat No. AM1907). Isolated RNA samples were quantified and quality-checked using 

Qubit™  RNA IQ assay and RNA XR assay kits respectively. RNA samples with low 

concentrations of RNA were concentrated using GeneJET RNA cleanup and concentration 

micro kit (Thermo Fisher Scientific, Cat No. K0841). RNA samples were transferred to the 

Oxford Genomics Centre, Wellcome Centre for Human Genetics (OGC, WCHG) for library 

preparation and RNA sequencing. 

 

3.3.3 Library preparation and RNA sequencing 

Library preparation and RNA sequencing were performed at OGC, WCHG. Ribozero library 

preparation and the globin depletion workflow were chosen for library preparation. The 

library was sequenced for 75-base pair pair-end, 50 million reads using HiSeq4000 

sequencer. Raw sequencing data (FASTQ files) were pre-processed, quality checked and 

data were accessed via secured file transfer protocol (ftp). 
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3.3.4 Upstream RNA sequencing analysis pipeline 

The sequencing data (FASTQ files) were retrieved from the ftp server provided by OGC, 

WCHG sequencing provider. For upstream data analysis including mapping and counting 

mapped reads were performed on computer cluster provided by the Computational Biology 

Research Group, Weatherall Institute for Molecular Medicine, University of Oxford. Firstly, 

the raw sequencing data (FASTQ files) were quality checked using FastQC programme 

(version 0.11.9). Secondly, the raw data were mapped against human reference genome 

(UCSC hg38.p2 version 20201) using STAR aligner (version 2.6.1d) and binary alignment 

map (.bam) files were generated (440). Thirdly, mapped read files (.bam) were visualised 

using IGV programme (version 2.4.16). Fourthly, the .bam files were used as an input into 

Subread package using featureCounts function (version 1.6.2) for counting uniquely mapped 

reads (441) . Finally, read count files (tab delimited) were generated and compiled into a 

single expression data using Sartools R package version 1.6.8 (442). The expression data 

were used for subsequent data analyses.  

 

3.3.5 Differential gene expression and functional pathway analysis 

A total of 26,196 transcripts were generated and annotated to gene symbol (HGNC). Genes 

with no counts or lowly expressed were removed with a cut-off of row sum below 100. Pre-

filtered genes (17, 594 features) were normalised and variance stabilising transformed using 

DESeq2 R package for downstream data analyses and visualisation (392). To assess whether 

melioidosis induces global transcriptional responses, multi-dimensional scaling by principal 

component analysis (PCA) using the top 1,000 most variable genes was performed in 

melioidosis (n=81) and control (n=29) subjects. Differential gene expression (DGE) analysis 

was carried out using negative binomial generalised linear model implemented in DESeq2 

R package adjusted for age and sex covariates. Following DGE analysis, functional pathway 
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analysis was performed on pre-filtered differentially expressed genes (DEGs) with adjusted 

P-value <0.05 and absolute[Log2 fold-change]≥1. The functional pathway analysis based 

on MSigDB collection was performed using clusterProfiler R package (403, 404). 

Moreover, gene set enrichment analysis (GSEA) based on the MSigDB gene sets was 

performed using pre-ranked GSEA method (406, 407).  

 

3.3.6 Weighted gene co-expression network analysis (WGCNA) and identification of 

hub genes 

To identified co-expressed gene modules associated fatal melioidosis and T2DM, WGCNA 

was performed using pre-filtered, normalised and variance stabilising transformed 

expression data (17, 046 features) of melioidosis patients (n=81) (415). The remaining 

WGCNA workflow was performed as described in Chapter 2.   

 

3.3.7 Deconvolution of bulk RNA sequencing data  

Cell type abundances were estimated from bulk RNA sequencing data in 81 melioidosis 

patients using CIBERSORTx (431) and xCell (435). The imputed cell fractions and 

enrichment were compared between non-survivors (n=28) and survivors (n=53) using non-

parametric Mann-Whitney tests in R programme. 
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3.4 Results 

 

3.4.1 Study cohort 

A total of 100 patients with culture-confirmed melioidosis (a median of 5 days after 

admission; interquartile range (IQR) 4 to 6 days) were enrolled into the melioidosis study 

(MICRO1501) along with control cohorts including healthy household contacts of 

melioidosis cases (healthy control, n = 96), T2DM outpatients (T2DM control, n = 98), and 

patients admitted to the hospital due to infections with other Gram-negative bacteria (other 

Gram-negative bacterial infections, n = 48). One patient from the Melioidosis Cohort was 

excluded from the study due to a positive diagnosis with tuberculosis (co-infection). Overall 

case fatality for this study was 30% and the proportion of melioidosis patients with T2DM 

was 67% (Table 3.1).  

 

Table 3.1 Subject demographics for melioidosis study (MICRO1501) 

 

 

 

 

 

 

 

 

*T2DM is defined by those patients who were previously diagnosed with diabetes or having an HbA1c level ³ 

6.5% on recruitment into the study. **Based on 28-day mortality. IQR, inter quartile range.  

 

 

Baseline 
characteristics 

Cohorts 
Melioidosis  

(n = 99) 
Healthy 
control  
(n = 96) 

Diabetes 
control  

(n = 98)* 

Other Gram-
negative 
bacterial 
infections 
 (n = 48) 

 Male (%) 63 (64%) 27 (28%) 25 (26%) 27 (56%) 
Female (%) 36 (36%) 69 (72%) 73 (74%) 21 (44%) 

Age in years; 
median (IQR) 

55 (20-84) 48 (25-69) 53 (41-60) 64 (24-95) 

*T2DM 66 (67%) NA 98 (100%) NA 
*Non-survivors 30 (30%) NA NA NA 

Survivors 69 (70%)  NA NA NA 
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Of 99 samples, 81 whole blood samples from patients with culture-proven melioidosis were 

selected for RNA sequencing along with representative blood samples from uninfected 

individuals, 14 healthy blood donors and 15 T2DM outpatients. Sample selection for RNA 

sequencing for both melioidosis and control cohorts was based on matched DM and non-

DM cases by age and sex where possible. Table 3.2 shows the demographics of the 

participants for RNA sequencing. There was no statistically significant difference in the sex 

of melioidosis and control cohorts for RNA sequencing. 28-day mortality of the Melioidosis 

Cohort was not significantly different between the patients with/without T2DM. However, 

the age of melioidosis without T2DM was significantly higher than those with T2DM and 

control cohorts (P<0.001). Of 49 melioidosis patients who had T2DM, 26 patients (53%) 

had records of prescribed diabetic drugs including insulin (n=16), metformin (n=11), and 

sulphonylureas (n=11) (Supplementary Figure 3.1). Of the 26 patients, 8 patients were co-

prescribed for metformin and sulphonylureas and 3 patients received all the treatments.  

 

Table 3.2 Subject demographics for whole blood transcriptomic study from melioidosis and control 

cohort 

Baseline 

characteristics 

(N=110) 

*Non-

survived 

melioidosis  

(n=28) 

Survived 

melioidosis 

(n=53) 

Diabetes 

control 

(n=15) 

Healthy 

control 

(n=14) 

P-value 

Male  18 (64%) 36 (68%) 7 (47%) 8 (57%) †0.48 

Female  10 (36%) 17 (32%) 8 (53%) 6 (43%) 

Age in years; 

median (IQR) 

61 (53-69) 54 (50-65) 49 (44-57) 47 (44-54) ¶<0.001 

**T2DM 18 (64%) 31 (59%) NA NA †0.61 

Non-T2DM 10 (36%) 22 (41%) NA NA 

 

*Case fatalities are based on 28-day mortality. ** Type 2 diabetes (T2DM) is defined by those patients who 

were previously diagnosed with diabetes or having an HbA1c level ³ 6.5% on recruitment into the study. †Chi-
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square test. ¶Anova test. Comparisons among melioidosis patients and control cohort respectively. T2DM = 

Type 2 diabetes. NA= Not applicable. 

 

3.4.2 High RNA quality for whole blood total RNA sequencing 

To profile the whole blood transcriptome, total RNA was first isolated from whole blood 

samples collected into Tempus blood RNA tubes. Generally, RNA samples with a RIN score 

equivalent to 8 or higher are considered as high RNA quality for RNA sequencing (443). 

After RNA isolation, the RNA samples were quantified and qualified using Qubit™ RNA 

XR and IQ assay prior sending to OGC, WCHG for library preparation and RNA 

sequencing. Due to limited availability of Qubit™ RNA XR and IQ assay, total RNAs were 

randomly assayed. The RNA samples from 32 melioidosis patients had RNA integrity an 

average of 8.6 RNA IQ score (standard deviation (SD) = 0.55), and a mean quantity of 471 

ng/µl (SD = 180) (Supplementary Figure 3.2A, 3.2B). RNA integrity from 29 uninfected 

donors (Control; 15 T2DM patients and 14 healthy donors) was comparable to the 

Melioidosis Cohort (RNA IQ score, median 8.7; SD = 0.28) (Supplementary Figure 3.2C). 

However, the quantity of total RNA isolated from the controls was significantly lower than 

the patients with a mean of 72 ng/µl (SD = 17) possibly due to lower total white cell count 

(Supplementary Figure 3.2D). Afterwards, the RNA samples were diluted with nuclease-

free water to obtain a total of 100 ng per sample. At the sequencing facility, the RNA samples 

were re-quantified and re-qualified using the Agilent TapeStation platform prior proceeding 

to library preparation. The RNA integrity by RIN score was slightly lower compared to the 

Qubit™ RNA IQ assay, with a mean of 8.2 (SD = 0.75) (Supplementary Figure 3.2E); 

however, both methods confirmed high quality RNA for RNA sequencing with overall RIN 

score exceeding 8 (Supplementary Figure 3.2F). The final RNA input mass for library 

preparation was at a mean of 185 ng (SD = 74.7) (Supplementary Figure 3.2G).  
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3.4.3 High quality RNA sequencing data from the globin-depleted, Ribo-zero total 

RNA sequencing approach 

RNA sequencing data were generated from whole blood samples of 81 melioidosis patients 

and 29 uninfected donors (controls) using the globin-depleted, Ribo-zero total RNA 

sequencing approach. Firstly, the quality of raw RNA sequencing data was primarily cleaned 

and checked by the sequencing facility and reports were provided. The raw RNA sequencing 

data were randomly double-checked and visualised using FastQC programme. The quality 

score is an indication of accuracy of base calling within a read, in which a score of 30 or 

higher considered high confidence in calling, with a probability of incorrect base-calling at 

the rate of 1 in 1,000 – or 99.9% accuracy (444). Overall, high quality raw RNA-sequencing 

data were achieved with a median quality score of 38.65 (interquartile range (IQR) 37.8-

39.2) (Supplementary Figure 3.3A). Secondly, more than 50 million (M) high quality reads 

were generated from both cohorts (melioidosis: mean 65.2 M, SD = 5.6 M; controls: median 

79.5 M, SD = 7.4) and mapped against the human reference genome, UCSC hg38.p2 version 

20201 using STAR aligner (Supplementary Figure 3.3B). Thirdly, high, and comparable 

frequencies of uniquely mapped reads were achieved in both cohorts with an average of 69% 

mapped reads (melioidosis: median 69%, SD = 8.6; controls: median 66%, SD = 7.5) 

(Supplementary Figure 3.3C, 3.3D). Finally, the uniquely mapped reads were counted 

using the featureCounts function from Subread package to identify an average of 27.5 M 

reads per sample (melioidosis: mean 25 M, SD = 3.9 M; controls: median 29.7 M, SD = 2.8 

M) (Supplementary Figure 3.3E). Consequently, the read counts were normalised by 

median of ratios method implemented in DESeq2 R package for the downstream RNA 

sequencing analysis pipeline including differential gene expression analysis, pathway 

analyses, and WGCNA (Supplementary Figure 3.4). 



 83 

 

3.4.4 Melioidosis causes profound changes in the whole blood transcriptome  

To evaluate whether melioidosis causes global transcriptional changes, principal component 

analysis (PCA) using 1,000 most variable genes was performed among Melioidosis and 

Control cohorts. Firstly, PCA identified clear separation between melioidosis cohort and 

control cohorts (Figure 3.1). Furthermore, there was some separation between healthy and 

T2DM controls. However, PCA coloured by diabetes status shows subtle differences 

between melioidosis with and without T2DM. In contrast, PCA coloured by 28-day 

mortality status shows better separation between non-survived and survived melioidosis 

patients. Secondly, differential gene expression (DGE) analysis was first performed between 

healthy and T2DM control cohorts. As expected from the PCA analysis, DGE analysis 

identified 94 up- and 2 down-regulated genes between T2DM and healthy controls 

(absolute[Log2 fold change]≥1, adjusted P-value<0.05) (Supplementary Figure 3.5). 

Therefore, healthy control was used as a baseline in subsequent analyses.  
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Figure 3.1 Principal component analysis (PCA) of the top 1,000 most variable genes in melioidosis 

and control cohorts coloured by (A) diabetes status and (B) 28-day mortality status. A: Cohorts: 

patients with melioidosis and T2DM (“dm”, orange triangles, n=42), melioidosis patients without 

diabetes (“nondm”, green triangles, n=39), healthy endemic controls (“healthy_ctrl”, black circles, 

n=14), and T2DM endemic controls (“dm_ctrl”, grey circles, n=15). B: Cohorts: patients with 

melioidosis who died (“non_survivors”, red triangles, n=28), patients with melioidosis who survived 

(“survivors”, turquoise triangles, n=53), healthy endemic controls (“healthy_ctrl”, black circles, 

n=14), and T2DM endemic controls (“dm_ctrl”, grey circles, n=15). PCA plots were generated using 

plotPCA function implemented in DESeq2 R package. 
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3.4.5 Profound changes in the whole blood transcriptome are associated with case 

fatality, however, subtle impacts by T2DM in melioidosis 

DGE analysis identified large-scale changes of transcriptome between melioidosis patients 

and healthy donors with 1,537 up- and 610 down-regulated genes (Figure 3.2). People with 

T2DM confer 12-fold increased susceptibility to melioidosis (20). However, DGE analysis 

identified almost none of differentially expressed genes (3 down-regulated DEGs) between 

the melioidosis patients with and without T2DM (Figure 3.3), suggesting similar host 

immune responses during melioidosis regardless of diabetes status, at least by the time 

people were sampled for our study. To evaluate the impact of diabetic drugs on blood 

transcriptomics, DGE analysis between the melioidosis patients with and without T2DM 

identified no DEGs controlling for diabetic drugs prescribed in melioidosis patients with 

T2DM as a covariate (Supplementary Figure 3.6A). One major obstacle of bulk whole 

blood transcriptomic study especially whole blood samples derived from patients with acute 

infections is high proportion of neutrophils. Therefore, whole blood transcriptomic profiles 

are often dominated by neutrophil-driven transcriptional responses (101). Despite 

controlling for the frequency of neutrophils as a covariate, DGE analysis between 

melioidosis patients with and without T2DM did not increase sensitivity in detecting 

diabetes-driven transcriptional response during melioidosis (Supplementary Figure 3.6B). 

In Thailand, the hospitalised case fatality rate in melioidosis is up to 40% despite receiving 

recommended antibiotics (20). Here, DGE analysis identified 389 up- and 343 down-

regulated genes between non-survived and survived melioidosis based on 28-day mortality 

(Figure 3.4). 
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Figure 3.2 Visualisation of different differentially expressed genes (DEGs) between 81 melioidosis 

patients (disease) and 14 healthy endemic donors (healthy_ctrl). A: volcano plot of DEGs between 

melioidosis patients and healthy donors. Dotted lines define the cut-off for differentially expressed 

genes based on absolute[Log2 fold-change]≥ 1 (x-axis) and adjusted P-value < 0.05 (y-axis). B: 

heatmap of the top 25 DEGs between melioidosis patients and healthy endemic donors. Each column 

and row represent an individual participant (top bar) and gene respectively. The gradient colour bar 

indicates the magnitude of differentially expressed genes based on absolute[Log2 fold-change] and 

B 
Top 25 DEGs, Melioidosis vs. Healthy control, by adj P−value
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adjusted P-value < 0.05. C-H: Representative expression profiles between melioidosis patients 

(“disease”, turquoise dots) and healthy donors (“healthy_ctrl”, coral dots). Each boxplot shows 

[log10] normalised counts of representative DEGs (both up- and down-regulated genes) derived 

from differential gene expression analysis between melioidosis patients and healthy donors. Each 

dot represents each participant. Box plots represent medians with interquartile range plus lines to 

minimum, maximum and potential outliers.  

 

 

 

 

 

 

 

 

 

 

Figure 3.3 Volcano plot of differentially expressed genes between melioidosis with (n=49) and 

without (n=32) type 2 diabetes. Dotted lines define the cut-off for differentially expressed genes 

based on absolute[Log2 fold-change]≥ 1 (x-axis) and adjusted P-value < 0.05 (y-axis). Volcano plot 

was generated using EnhancedVolcano R package.  
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Figure 3.4 Volcano plot of differentially expressed genes between non-survivors (n=28) and 

survivors (n=53) of melioidosis based on 28-day mortality. Dotted lines define the cut-off for 

differentially expressed genes based on absolute[Log2 fold-change]≥ 1 (x-axis) and adjusted P-

value < 0.05 (y-axis). Volcano plot was generated using EnhancedVolcano R package.  

 

3.4.6 Melioidosis drives up-regulation of the inflammatory immune response, 

predominantly by innate immune compartment 

To study the impact of melioidosis on transcriptomic profiles, functional pathway analysis 

was employed following DGE analysis by Hallmark and Reactome gene sets. Pathways 

involved in inflammatory immune responses such as inflammatory response, TNF signalling 

via NF-kB, neutrophil and platelet degranulation were highly up-regulated in melioidosis 

compared to healthy control (Figure 3.5). Immunoregulatory interactions between lymphoid 

and non-lymphoid cells, chemokine receptors bind chemokines and cell signalling pathways 

were down-regulated in melioidosis compared to healthy controls (absolute[Log2 fold-

change]≥1, adjusted P-value < 0.05).  
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Figure 3.5 Functional pathway analysis comparing all melioidosis patients with healthy endemic 

controls. (A) Hallmark gene sets. (B) Reactome genes sets. The top 10 over-represented pathways 

are displayed. The gradient colour bar corresponds to the adjusted P-value. The size of each term is 

indicated by representative counts. Differentially expressed genes were pre-filtered based on a cut-

off of absolute[Log2 fold-change]³1 and adjusted P-value <0.05. MelvsHctrl_up: up-regulated 

pathways in melioidosis compared to healthy endemic controls. MelvsHctrl_down: down-regulated 

pathways in melioidosis compared to healthy endemic controls.  
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3.4.7 Increased innate pro-inflammatory immune responses but reduced T cell 

signalling are associated with poor outcome in melioidosis 

To elicit pathways associated with fatality in melioidosis, functional pathway analysis based 

on Reactome, and Gene Ontology (biological process) was performed following DGE 

analysis between non-survived and survived melioidosis (absolute[Log2 fold-change]≥1, 

adjusted P-value < 0.05). Pathways involved in pro-inflammatory immune response such as 

neutrophil degranulation, cytokine mediated signalling, myeloid cell chemotaxis and TLR 

cascades were highly up-regulated in fatal melioidosis (Figure 3.6). On the other hand, 

pathways involved in adaptive immune responses such as T cell activation, T cell 

differentiation, immunoregulatory interactions between a lymphoid and non-lymphoid cell, 

and lymphocyte stimulation were down-regulated in non-survived compared to survived 

melioidosis patients.  
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Figure 3.6 Functional pathway analysis between non-survived and survived melioidosis patients. A: 

Reactome genes sets. B: Gene Ontology (biological process) gene sets. The top 10 over-represented 

pathways are displayed. The gradient colour bar corresponds to the adjusted P-value. The size of 

each term is indicated by representative counts. Differentially expressed genes were pre-filtered 

based on a cut-off of absolute[Log2 fold-change]³1 and adjusted P-value <0.05. 

Died.vs.Survived_up = up-regulated pathways in non-survived melioidosis compared to survivors. 

Died.vs.Survived_down = down-regulated pathways in non-survived melioidosis compared to 

survivors. 
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3.4.8 Increased non-specific inflammatory immune response and stress response in 

melioidosis with T2DM and having T2DM during melioidosis is not associated with 

worse outcome 

To investigate the impact of T2DM on whole blood transcriptome, the genome-wide 

functional class scoring method was performed using pre-ranked GSEA following DGE 

analysis. Firstly, uninfected diabetes control cohort shows enriched pathways involved in 

heme metabolism and pro-inflammatory immune responses such as IFN-g, TNF signalling 

via NF-kB, and IL-6 JAK STAT3 signalling compared to healthy donors (Supplementary 

Table 3.1). Secondly, the DGE analysis was unable to detect DEGs due to subtle differences 

of transcriptomic profiles in melioidosis patients with and without T2DM. However, GSEA 

revealed enriched pathways involved in inflammatory responses such as TNF signalling via 

NF-kB, inflammatory response, protein secretion, neutrophil degranulation, innate immune 

system, and endoplasmic reticulum stress responses in melioidosis with T2DM compared to 

non-diabetes cases (Figure 3.7). Thirdly, to evaluate the impact of T2DM on clinical 

outcome during melioidosis, pre-ranked GSEA following DGE analyses between the non-

survivors and survivors within melioidosis with (n=49) and without (n=32) T2DM were 

performed. Table 3.2, melioidosis patients with and without T2DM had comparable 

outcome (Chi-square test, P-value = 0.61). Likewise, GSEA following DGE analyses 

between non-survivors compared to survivors of melioidosis within T2DM and non-T2DM 

group (Table 3.3), shows that both groups were enriched by immune-dominated pathways 

such as TNF signalling, inflammatory response, complement, and both interferon-g and 

interferon-a. Nevertheless, the non-survivors compared to survivors within T2DM group 

show more enriched pathways involved in metabolisms, cell signalling, and proliferation.  
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Figure 3.7 Gene set enrichment analysis following differential gene expression analysis of 

melioidosis patients with type 2 diabetes compared to non-diabetes cases. (A) Hallmark gene sets. 

(B) Reactome genes sets. All significant Hallmark pathways are displayed. Pathways were deemed 

significant when adjusted P-value <0.05. Enriched pathways were calculated from the DESeq2 

statistical test of pre-ranked gene list following DGE analysis using the fgsea R package. 
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Table 3.3 Pre-ranked gene set enrichment analysis (pre-ranked GSEA) by Hallmark gene sets 

following differential gene expression analysis (DGE) based on 28-days mortality status within a 

subset of melioidosis patients with and without type 2 diabetes (T2DM). The DGE analyses were 

performed within melioidosis with T2DM (18 non-survivors versus 31 survivors) and melioidosis 

without T2DM (10 non-survivors versus 22 survivors). Gene sets were deemed significant when 

satisfied false discovery rate (FDR q-value < 0.05) and ranked by normalised enrichment score and 

FDR. Enriched pathways were calculated from the DESeq2 statistical test of pre-ranked gene list 

following DGE analysis using GSEAPreranked mode on GSEA software. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

NES= Normalised Enrichment Score. FDR q-val= False discovery rate.   

Rank Hallmark pathways NES FDR q-val Process category
1 TNFA_SIGNALING_VIA_NFKB 6.08 0 Signalling
2 INFLAMMATORY_RESPONSE 5.47 0 Immune
3 INTERFERON_GAMMA_RESPONSE 5.26 0 Immune
4 INTERFERON_ALPHA_RESPONSE 5.10 0 Immune
5 IL6_JAK_STAT3_SIGNALING 4.42 0 Immune
6 PROTEIN_SECRETION 4.16 0 Pathway
7 MTORC1_SIGNALING 3.87 0 Signalling
8 COMPLEMENT 3.68 0 Immune
9 ANDROGEN_RESPONSE 3.24 0 Signalling
10 IL2_STAT5_SIGNALING 2.97 0 Signalling
11 OXIDATIVE_PHOSPHORYLATION 2.78 0 Metabolic
12 APOPTOSIS 2.77 0 Pathway
13 HYPOXIA 2.75 0 Pathway
14 UV_RESPONSE_UP 2.74 0 DNA damage
15 CHOLESTEROL_HOMEOSTASIS 2.69 0 Metabolic
16 ADIPOGENESIS 2.59 1.14E-04 Development
17 PI3K_AKT_MTOR_SIGNALING 2.40 9.69E-04 Signalling
18 KRAS_SIGNALING_UP 2.38 9.16E-04 Signalling
19 P53_PATHWAY 2.37 9.52E-04 Proliferation
20 MITOTIC_SPINDLE 2.17 0.003 Proliferation
21 GLYCOLYSIS 2.14 0.004 Metabolic
22 UNFOLDED_PROTEIN_RESPONSE 2.08 0.005 Pathway
23 FATTY_ACID_METABOLISM 1.88 0.018 Metabolic
24 COAGULATION 1.86 0.019 Immune
25 MYC_TARGETS_V1 1.86 0.019 Proliferation
26 G2M_CHECKPOINT 1.82 0.022 Proliferation
27 REACTIVE_OXYGEN_SPECIES_PATHWAY 1.68 0.046 Pathway
1 TNFA_SIGNALING_VIA_NFKB 4.58 0 Signalling
2 COMPLEMENT 3.77 0 Immune
3 INFLAMMATORY_RESPONSE 3.72 0 Immune
4 IL6_JAK_STAT3_SIGNALING 3.57 0 Immune
5 INTERFERON_GAMMA_RESPONSE 3.05 0 Immune
6 HYPOXIA 2.98 0 Pathway
7 PROTEIN_SECRETION 2.64 0 Pathway
8 INTERFERON_ALPHA_RESPONSE 2.53 1.38E-04 Immune
9 TGF_BETA_SIGNALING 2.13 0.007 Signalling
10 P53_PATHWAY 2.12 0.006 Proliferation
11 KRAS_SIGNALING_UP 2.07 0.010 Signalling
12 HEME_METABOLISM 2.01 0.012 Metabolic
13 ANDROGEN_RESPONSE 1.98 0.014 Signalling
14 APOPTOSIS 1.97 0.014 Pathway
15 PI3K_AKT_MTOR_SIGNALING 1.76 0.047 Signalling
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3.4.9 Co-expressed gene modules correlated with case fatality were mutually shared 

with other clinical parameters associated with makers of disease severity 

To complement the results obtained from DGE and pathway analyses as well as discovery 

of key regulators that may play a deleterious role during melioidosis, WGCNA was 

performed. A normalised variance-stabilising transformed expression dataset from the 81 

melioidosis patients (17,046 features) was first constructed to identify potential outliers, and 

sample clustering was visualised based on their expression profiles and corresponding 

phenotypes (Figure 3.8A). Secondly, a power of b = 14 was chosen (soft-threshold R2 = 

0.83 and mean connectivity = 72) in order to achieve scale-free network (Figure 3.8B).  

 

As a result, 22 co-expressed gene modules were identified based on dissimilarity of the 

topological overlap matrix via hierarchical clustering using the Dynamic Tree Cut method 

(Figure 3.8C). Module-trait relationship analysis identified significant correlations between 

the 28-day mortality clinical trait and the ME brown, black and blue modules, with ME 

brown (indicated in red boxes) showing the strongest correlation (Pearson’s rho = 0.5, P-

value=2e-06) (Figure 3.9). These modules were also positively correlated with 

%neutrophils, and reciprocally, %lymphocytes were negatively correlated with these 

modules. Interestingly, diabetes status was also correlated with ME brown and cyan 

(indicated in red boxes). The latter module was specifically correlated with both diabetes 

status and HbA1c level.  
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Figure 3.8 Weighted gene co-expression network analysis workflow in 81 melioidosis patients. A: 

Sample dendrogram with corresponding clinical trait heatmap. B: Scale-free network analysis, with 

scale independence plot displaying (left) scale free topology model fit (R2) and (right) mean 

connectivity plot, with soft threshold on x-axis. Here, a power of b=14 resulted in soft-threshold R2 

= 0.83 indicating a scale-free topology obtained. C: Cluster dendrogram of co-expressed gene 

modules by hierarchical clustering of genes based on topological overlap and assigned module 

colours underneath.   
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Figure 3.9 Module-trait relationship analysis in 81 melioidosis patients by weighted gene co-

expression network analysis. A total of 22 co-expressed gene modules (module eigengenes, MEs) 

were identified. Each row represents an assigned module eigengene (ME) and each column 

represents a clinical trait of interest, with corresponding Pearson’s correlation coefficient between 

each ME-trait pair displayed with P-value in parenthesis. The gradient colour bar indicates the degree 

of positivity (maximum +1, red) / negativity (minimum -1, blue) for the Pearson’s correlation 

coefficient. Clinical traits include age (in years, continuous variable), sex (binary outcome), diabetes 

status (binary outcome), HbA1c level (hba1c, percentage of glycated haemoglobin in continuous 

variable), all-cause fatality (all_fatality, survived or dies over 1 year of follow-up in binary outcome), 

28-day mortality (D28_mortality, survived or died over 28 days of follow-up in binary outcome), % 
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of total white cell count represented by neutrophils (Neu., continuous variable), and % of total white 

cell count represented by lymphocytes (Lymph., continuous variable).   

 

3.4.10 Co-expressed gene modules enriched with inflammatory immune responses are 

associated with poor outcome 

Enrichment analysis based on Reactome gene sets identified pathways involved in pro-

inflammatory immune responses such as neutrophil degranulation, signalling by 

interleukins, TLR signalling and phagocytosis that were highly enriched within the ME 

brown and blue modules (Figure 3.10). On the other hand, ME black was enriched with 

pathways involved in cellular regulation such as protein degradation, respiratory electron 

transport, and regulation of apoptosis. Enrichment analysis based on Gene Ontology within 

the ME cyan module –which was associated with diabetes status and HbA1c level identified 

enriched pathways involved in regulation of endoplasmic reticulum and response to 

unfolded protein (Table 3.4).   

 

Module eigengene (ME) can be considered as a representative expression profile or first 

principal component. MEs with significant correlations to 28-day mortality, %neutrophils, 

and %lymphocytes (both positive and negative) were visualised between non-survived and 

survived melioidosis. The expression profiles of ME brown, blue, black, and purple were 

associated with non-survivors. In contrast, the expression profile of ME salmon, yellow, red, 

turquoise, lightyellow and royalblue were associated with survivors (Figure 3.11). 

Enrichment analysis based on Gene Ontology in the modules positively correlated with 

%lymphocytes but negatively correlated with 28-day mortality (P-value <0.001) identified 

pathways involved in RNA regulation, B-cell and T-cell mediated immune responses 

(Supplementary Figure 3.7). Collectively, the results from WGCNA suggest that excessive 
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inflammatory immune response during melioidosis was associated with fatality, whereas 

cellular regulation and adaptive immune response were associated with survival. Diabetes 

status in melioidosis patients was associated with increased inflammation and unfolded 

protein response (UPR).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.10 Enrichment analysis based on Reactome pathway in module eigengene (ME) brown, 

blue and black from Figure 3.9 that were associated with 28-day mortality identified by module-

trait relationship analysis in 81 melioidosis patients. Pathways with closely related functions were 

linked and clustered together. Line thickness indicates common genes shared among the pathways. 

The size of each term is indicated by representative counts. Enrichment plot was created using 

clusterProfiler R package.  
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Table 3.4 Gene Ontology enrichment analysis of module eigengene cyan associated with diabetes 

status and HbA1c level in module-trait relationship analysis by weighted gene co-expression 

network analysis of 81 melioidosis patients.  

 

 

 

 

 

Module Rank dataSetID dataSetName nCommonGenes adjusted P-value
cyan 1 GO:0005783 endoplasmic reticulum 99 1.80E-20
cyan 2 GO:0005789 endoplasmic reticulum membrane 69 1.36E-16
cyan 3 GO:0098827 endoplasmic reticulum subcompartment 69 1.70E-16
cyan 4 GO:0042175 nuclear outer membrane-endoplasmic reticulum membrane network 69 3.57E-16
cyan 5 GO:0034976 response to endoplasmic reticulum stress 36 2.02E-15
cyan 6 GO:0140534 endoplasmic reticulum protein-containing complex 25 3.09E-15
cyan 7 GO:0030968 endoplasmic reticulum unfolded protein response 24 8.26E-14
cyan 8 GO:0034620 cellular response to unfolded protein 25 2.48E-13
cyan 9 GO:0006986 response to unfolded protein 27 3.93E-13
cyan 10 GO:0035967 cellular response to topologically incorrect protein 26 5.62E-13
cyan 11 GO:0035966 response to topologically incorrect protein 28 8.92E-13
cyan 12 GO:0031984 organelle subcompartment 82 1.10E-12
cyan 13 GO:0005788 endoplasmic reticulum lumen 29 7.20E-12
cyan 14 GO:0006487 protein N-linked glycosylation 16 4.70E-10
cyan 15 GO:0012505 endomembrane system 136 7.46E-09
cyan 16 GO:0036498 IRE1-mediated unfolded protein response 14 2.31E-08
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Figure 3.11 Comparison of module eigengene (ME) from Figure 3.9 between non-survived (fatal) 

and survived melioidosis cases. ME is considered as a representative expression profile in each gene 

module. MEs with significant associations with 28-day mortality, %neutrophils, and %lymphocytes 

were compared between non-survived and survived melioidosis. Box plots represent medians with 

interquartile range plus lines to minimum, maximum and potential outliers. 
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3.4.11 Genes involved in the inflammatory immune response are potentially a key 

driver of the deleterious host immune response during melioidosis  

To identify potential key regulators, the results from supervised (DGE analysis) and 

unsupervised (WGCNA) approaches were compared using Venn diagrams for overlapped 

genes. Top 20 hub genes were identified in ME brown and blue which were associated with 

fatal melioidosis (Figure 3.12). Out of a total of 2,222 genes within ME blue, 116 genes 

were differentially expressed between non-survived and survived melioidosis (as identified 

by the DGE analysis absolute[Log2 fold-change]≥1, adjusted P-value<0.05). Of 1336 gene 

members in ME brown, 210 genes were differentially expressed. Of 20 hub genes, 6 hub 

genes were differentially expressed between non-survived and survived melioidosis in the 

ME blue (5) and brown (1) respectively (Figure 3.12B). The 6 hub genes consist of WDFY3 

(WD Repeat and FYVE Domain Containing 3), FCER1G (Fc Epsilon Receptor Ig), ACSL1 

(Acyl-CoA Synthase Long Chain Family Member 1), TLR4 (Toll Like Receptor 4), AQP9 

(Aquaporin 9) and KLHL2 (Kelch Like Family Member2). 
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Figure 3.12 Top 20 hub genes with potential regulatory role in fatal melioidosis. A: The top 20 hub 

genes identified in the module eigengene (ME) brown, blue and black associated with 28-day 

mortality. B: Venn diagram of overlapping differentially expressed genes (DEGs), genes member of 

the ME brown, blue, and black identified by weighted gene co-expression network analysis 

(WGCNA) (Figure 3.9), and hub genes in the ME brown, blue, and black. DEGs were derived from 

up- and down-regulated genes between non-survived and survived melioidosis patients (Figure 3.4). 

ME brown, blue, and black were significantly associated with 28-day mortality by module-trait 

relationship analysis. 20 Hub genes within ME brown and blue were derived using the Maximal 

Clique Centrality (MCC) algorithm with the CytoHubba plugin on Cytoscape software. MCC scores 

of hub genes were ranked from high (red) to low (yellow).  
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3.4.12 Depleted adaptive immune cells, but increased innate immune cells were 

associated with poor outcome 

To identify the distribution of immune cells associated with deleterious immune responses 

during melioidosis, whole blood RNA sequencing data were deconvoluted using xCell 

(435). Of 64 immune-cell signatures, 15 immune-cell subsets were significantly different 

between non-survived and survived melioidosis. Overall, T cell subsets, B cell subsets and 

dendritic cells were significantly enriched in the survivors compared to non-survivors, 

including CD4+ memory T cells, CD4+ effector memory T cells (CD4+ Tem), CD8+ T 

cells, CD8+ central memory T cells (CD8+ Tcm), CD8+ effector memory T cells (CD8+ 

Tem), memory B cells, naïve B cells, dendritic cells (DC), classical dendritic cells (cDC), 

and invariant dendritic cells (iDC) (Figure 3.13). In contrast, neutrophils, natural killer T 

cells (NKT), monocytes, macrophages, and M1 macrophages were significantly enriched in 

the non-survivors. The differential white cell count in the full blood count (FBC) measured 

in the hospital laboratory at Sunpasitthiprasong Hospital mostly confirmed the results 

obtained from the deconvolution technique in which higher neutrophil counts were observed 

in the non survivors with reduced lymphocytes (Supplementary Figure 3.8). In addition, 

Pearson’s correlation analysis between enrichment scores of each cell type by the xCell 

method and frequency of white cell count obtained from 81 melioidosis patients shows 

significant correlations in most cases except monocytes (Figure 3.14). Interestingly, 

melioidosis patients with T2DM show enrichment of NKT cells, class switched memory B 

cells, and neutrophils, but reduced CD8+ naïve T cells (Supplementary Figure 3.9).  
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Figure 3.13 Scattered boxplots show comparisons of deconvoluted cell enrichment between survivor 

melioidosis patients (blue, n=53) and non-survivor (red, n=28) using the xCell deconvolution method 

(xCell R package version 1.1.0). The Y-axis displays each cell type defined by enrichment scores. 

Box plots represent medians with interquartile range plus lines to minimum, maximum and potential 

outliers. Non-parametric Mann-Whitney test was performed with its corresponding 2-tailed P-value 

displayed on each plot alongside median and inter-quartile range boxes. 
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Figure 3.14 Scattered plots show correlations between deconvoluted cell enrichment scores by the 

xCell method and the results of full blood count (FBC) in 81 melioidosis patients. The x-axis displays 

enrichment scores of each cell type defined by the xCell method. The y-axis displays frequency of 

each cell type by FBC method. Pearson’s correlation coefficient, corresponding P-value, and linear 

regression line with 95% confidence interval (shaded area) are displayed within each plot.  
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3.5 Discussion 

 

In this chapter, the impacts of T2DM in melioidosis on whole blood transcriptome were 

studied. Melioidosis induces profound changes in the whole blood transcriptomic response 

compared to healthy controls, with over 2,000 differentially expressed genes. Despite an 

estimated twelve-fold increased risk of melioidosis in people with T2DM, transcriptomic 

profiles were largely similar between melioidosis patients with and without T2DM. 

However, analysis of case fatality based on 28-day mortality reveals profound 

transcriptomic changes in fatal melioidosis compared to survivors. 

 

The 2013 transcriptomic study in melioidosis by Koh et al. (101) identified prominent 

interferon-signalling and inflammatory immune pathways in melioidosis and active 

tuberculosis relative to a healthy control group. In this chapter, I did not see such 

predominance of interferon signalling pathways in melioidosis compared to healthy 

controls, which may be due to differences in the timing of the sampling relative to 

participant’s melioidosis journey but this information was unavailable from the Koh et al. 

study (101). In Chapter 5, predominant interferon signalling pathways were detected in 

melioidosis patients recruited at an earlier enrolment timepoint (less than 24 hours following 

hospital admission) compared to control group (192). These results suggest that interferon 

signalling is prominent during the early stages of melioidosis and resolves as the disease 

progresses.  

 

People living with diabetes are known to have increased risk of infection from both 

extracellular and intracellular pathogens such as S. aureus (360), Dengue, and Candida 

species (357, 445). Firstly,  DGE analysis between uninfected T2DM control and healthy 
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control cohort shows subtle difference, but moderately up-regulated genes in the T2DM 

control group. Following DGE analysis, GSEA analysis at baseline suggests increased pro-

inflammatory immune responses in the T2DM control cohort. Secondly, DGE analysis 

identified almost none of DEGs between melioidosis patients with and without T2DM, 

despite the demonstrated twelve-fold increased risk (20), suggesting by the time of our 

sampling timepoint the host response was not hugely impacted by diabetes status. However, 

GSEA analysis drew out more subtle influences of diabetes status on transcriptomic profiles 

in acute melioidosis. Patients with T2DM show enrichment of multiple pathways involving 

the immune response, cell signalling and metabolism, especially TNF signalling, 

inflammatory response, and complement pathways, and compatible with the results from the 

xCell deconvolution method, in which NKT cells and neutrophils were highly enriched in 

the patients with T2DM. A study by Lv et al. (446) demonstrated increased frequency of 

NKT cells (CD3+CD56+) was observed in T2DM patients with increased production of 

IFN-g and IL-4 compared to healthy control. Moreover, increased expression of IL-4 in NKT 

cells could inhibit proliferation of endothelial cells which are important for maintaining 

normal blood vessels (446). Thus, the increased IL-4 production may be involved in 

dysregulation of vascular endothelium in T2DM leading to T2DM-induced complications 

such as atherosclerosis and cardiovascular diseases (447). In line with baseline 

characteristics of uninfected T2DM patients, raised inflammatory mediators are frequently 

reported in people with T2DM, such as serum IFN-g, CRP, TNF, and IL-1RA (448-450). 

An in intro study of T2DM in a macrophage cell line demonstrated induced expression of 

MMP-1, MMP-9, and IL-1b in the presence of IFN-g under hyperglycaemic conditions 

(451). The increased inflammatory response may contribute to plague destabilisation leading 

to atherosclerosis and other cardiovascular complications (452).  
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There are established associations between neutrophils and T2DM supporting detrimental 

roles of neutrophilia via increasing inflammatory immune responses in diabetes (343, 453). 

Hyperglycaemia causes neutrophils dysfunction such as chemotaxis, phagocytosis, killing 

mechanisms and extracellular trap formation (454). In an experimental diabetes study, rats 

were treated with chemotactic agents where neutrophil migration and phenotype were 

observed. Rats with severe diabetes showed reduced migration and deformation of 

neutrophils (455). Hyperglycaemia can induce intracellular accumulation of Ca2+ which 

interferes with cellular energy production leading to reduced cellular activity including 

phagocytosis (456). Reactive oxygen species (ROS) are an essential killing mechanism in 

controlling intracellular infections. Increased ROS activity in diabetes patients compared to 

healthy individuals has been demonstrated both under resting and stimulation conditions 

(457). Neutrophils store resistin within granules and can be released upon inflammatory 

response (458). Resistin exerts pro-inflammatory activities and is associated with 

development of T2DM through its mechanism of inducing insulin resistance (459). 

Conversely, increased levels of resistin are associated with reduced ROS activity in severe 

tuberculosis patients with T2DM and patients with diabetes without infection (460). Thus, 

reduced ROS may be involved in increased susceptibility to infections in diabetes. 

Furthermore, studies have demonstrated that increased inflammation in hyperglycaemia 

produces microparticles under oxidative stress which stimulate the inflammasome leading 

to an increased inflammatory immune response (461).  

 

Neutrophils under hyperglycaemic conditions are highly susceptible to NETosis - release of 

NETs which contain anti-microbial proteins such as MPO, NE and cathepsin G (268). Low-

density neutrophils (LDNs, immature neutrophils) are especially susceptible to NETosis. A 

diabetic mice model to study increased susceptibility to S. aureus by Cohen et al. 
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demonstrated increased frequency of LDNs in diabetic mice with increased TGF-b 

expression, NETosis, and an association with poor outcome (462). Moreover, LDNs have 

been shown to suppress T cell activation and proliferation (279, 463). Taken together, my 

transcriptomic study and the underlying literature give mechanistic insight into how T2DM 

increases susceptibility to melioidosis, including via increased frequency of circulating 

neutrophils which are associated with increased inflammation and modulation of cell-

mediated immune responses.  

 

The unsupervised analysis approach by WGCNA identified two co-expressed gene modules 

including ME cyan and brown which were significantly associated with having diabetes. 

These modules were enriched with innate immune components and the stress response in 

endoplasmic reticulum (ER) respectively. As described above, there is growing evidence on 

how the innate immune compartment, particularly neutrophils, may increase susceptibility 

in people with T2DM during melioidosis. However, little is known about the ER stress 

response and its impact on the host immune response during infection. Under homeostasis, 

the ER functions to regulate protein production such as synthesis, folding, and transport 

(464). Pancreatic b cells produce insulin in response to high blood glucose such as after 

meal. To keep up with the demand, b cells produce large quantities of insulin resulting in 

high workload for ER machinery, causing in turn accumulation of misfolded and unfold 

proteins within the ER (termed “ER stress response”). The ER responds by either alleviating 

the ER stress response via a process called unfolded protein response (UPR), or if 

unsuccessful triggering apoptosis of the cell (465). Hyperglycaemia, elevated pro-

inflammatory cytokines, and insulin resistance have all been found to contribute to 

development of T2DM. These conditions also contribute to increased ER stress response, 

especially in pancreatic b cells, leading to apoptosis and release of self-antigen (466). 



 111 

Apoptotic b cells have been found to activate T cells, generating an autoimmune-like 

response targeting b cells. This contributes to auto-reactive T cells against b cells, 

destruction of b cells, and development of T2DM (467). The enriched ER stress response 

and UPR in the co-expressed gene module associated with having diabetes may be a 

hallmark for development of T2DM. However, the role of the ER stress response and its 

association with increased susceptibility to infections is unknown and requires further 

studies.  

 

Nearly half of melioidosis cases die in some endemic regions despite receiving the 

recommended treatment (468). DGE analysis by 28-day mortality identified dramatic 

changes of transcriptomic profiles between non-survived and survived melioidosis patients, 

with over 700 DEGs. Pro-inflammatory pathways mediated by the innate immune 

compartment such as TNF signalling, inflammatory response, neutrophil degranulation and 

TLRs were up-regulated in the non-survivors. These deleterious immune responses have 

been reported to be associated with poor outcome and severe disease in melioidosis and 

other diseases (50, 469, 470). Furthermore, WGCNA revealed three co-expressed gene 

modules associated with 28-day mortality, with enrichment of pathways involved in 

inflammation dominated by innate immune compartments such as neutrophil degranulation, 

TLRs, and killing by phagocytosis. It is well-documented that excessive and uncontrolled 

inflammatory responses are associated with collateral tissue damage and fatality (471). On 

the other hand, pathways involved in T cell activation and differentiation were down-

regulated in non-survived compared to survived melioidosis patients (or the corollary that 

non-survival is associated with failure to up-regulate crucial adaptive T cell pathways).  
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Depletion and dysregulation of lymphocytes including CD4+ T, CD8+ T and non-classical 

T cells have been reported as associated with poor outcomes in sepsis (212, 472). Our study 

identified that neutrophilia and lymphopenia were associated with the non-survivors by both 

hospital-measured FBC and the xCell deconvolution method. Neutrophilia and lymphopenia 

can be considered as a hallmark of sepsis (473). A meta-analysis (260) evaluating the 

prognostic value of neutrophil-to-lymphocyte ratio (NLR) in over 10,000 sepsis patients 

demonstrated that higher NLR is associated with poor outcome. Furthermore, deconvoluted 

immune cell enrichment identified large-scale depletions of CD4+ T, CD8+ T, and B cells. 

In line with our study, several studies have reported the impact of sepsis on T lymphocyte 

function and phenotype including increased apoptosis, exhaustion, reduced cytokine 

production and cytotoxicity (474-476). 

 

The unsupervised analysis approach by WGCNA identified three co-expressed gene 

modules including ME brown, blue, and black which were significantly associated with 28-

day mortality. Six hub genes including WDFY3, FCER1G, ACSL1, TLR4, AQP9 and KLHL2 

were differentially expressed between non-survived and survived melioidosis. FCER1G 

encodes the high affinity immunoglobulin epsilon receptor subunit gamma (FcRg) that plays 

several roles including allergic reaction, T cell regulation and tumour progression (477-479). 

Yang et al. (480) re-analysed transcriptomic data derived from sepsis and non-sepsis patients 

and identified FCER1G along with SERPINA1 and S100P as potential biomarkers of sepsis. 

In line with this, in my study, S100P was up-regulated in non-survived compared to survived 

melioidosis patients (Fold change = 2.6, adjusted P-value = 0.035). An experimental 

peritonitis-induced study of E.coli (481) showed improved survival in FcRg-deficient mice 

accompanying increased phagocytosis and bacterial killing with lower levels of TNF. 

Moreover, recognition of E.coli by CD16 (FcRIII) activated FcRg inhibitory signalling 
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cascade resulting in decreased phagocytosis but increased production of TNF through TLR-

4 signalling. Interestingly, another study (479) identified enhanced CD8+ T-cell function 

during lymphocytic choriomeningitis virus (LCMV) in FcRg-deficient mice, i.e., wild-type 

mice expressing FcRg showed reduced frequency and CD8+ T-cell function during LCMV 

infection mediated by FcRg and NKp46 expressing NK cells. ACSL1 encodes long-chain 

acyl-CoA synthetase family member 1, an enzyme that converts long chain fatty acids (FA) 

to FA acyl-CoAs essential for lipid synthesis such as triacylglycerol, cholesterol esters and 

sphingolipids (482). Roekands et al. comprehensively re-analysed and reviewed the roles of 

ACSL1 during sepsis from publicly available data sets and literature (483). Firstly, the 

expression of ACSL1 in neutrophils was increased following stimulation with plasma 

derived from sepsis patients (484). Secondly, some studies have shown evidence supporting 

a link between increased expression of ACSL1 and elevated inflammatory immune 

responses by innate immune cells (485, 486). ACSL1 is highly expressed in neutrophils and 

monocytes and can be induced with stimulation of several PAMPs and pro-inflammatory 

cytokines such as LPS, flagellin, IL-18 and TNF (483, 487). Taken together, the increased 

expression of ACSL1 is tightly linked to an increased inflammatory immune response 

including higher frequency of circulating neutrophils.  

 

AQP9 encodes Aquaporin 9, a membrane channel protein which allows small molecules 

such as water and glycerol to cross the cell membrane, and is highly expressed on leukocytes 

during inflammation and sepsis (488, 489). Experimental LPS-induced septic shock 

identified reduced inflammation via NF-kB p65 signalling through the production of 

reactive nitrogen species and superoxide anion in AQP9 knockout mice (488). Similar 

observation was demonstrated in another study using an LPS-induced inflammation model, 

in which pro-inflammatory cytokines and chemokines such as IL-6, IL-1a, and CCL3 were 
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reduced in AQP9 knockout mice compared to wide-type (490). In humans, patients with 

systemic inflammatory response syndrome have an increase in expression of AQP9 along 

with F-actin and oxidative activity compared to healthy donors (491). TLR4 encodes Toll-

like receptor 4, a transmembrane protein receptor highly expressed on many immune cells 

particularly those in the innate immune compartment such as neutrophils, monocytes and 

macrophages (491). During the innate immune response, TLR4 complexed with CD14 and 

MD-2 co-receptor binds LPS resulting in activation of pro-inflammatory immune signalling 

cascades, in particular MyD88 and subsequently the NF-kB mediated immune response 

(492). Excessive inflammatory immune response is a hallmark of sepsis, and in Gram-

negative sepsis this is caused by dysregulation of the innate immune response to LPS via 

TLR4 signalling, leading to increased production of inflammatory mediators such as IL1b, 

TNF, and IL-6 and an association with severe disease and poor outcomes (493, 494). In 

melioidosis, plasma lactoferrin is elevated in non-survived melioidosis compared to 

survivors (495). In vitro infection with Burkholderia thailandensis (a closely related low-

virulent species) of THP-1 cells and monocytes in presence of lactoferrin showed increased 

TNF and IL-1b production in TLR4 dependent manner (495). This suggests dysregulation 

of TLR4-mediated inflammatory immune response which is part of the chain leading to fatal 

melioidosis.  

 

In this chapter, inflammatory pathways, especially those mediated via TLR signalling such 

as TLR2, TLR6, and MyD88 were up-regulated in fatal melioidosis. Wiersinga et al. (50) 

performed TLR phenotyping on monocytes and granulocytes derived from melioidosis 

patients and identified increased expression of TLR2, TLR4, CD14 and MD-2 compared to 

healthy controls. In vivo stimulation of alveolar macrophages and whole blood derived from 

TLR2- and TLR4-deficient mice with heat-killed Bp antigen showed reduced TNF 
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production suggesting both TLRs are important for host immune response to melioidosis. 

An in vitro study using stably transfected HEK293 cells with CD14/TLR2 showed activation 

of TLR2 signalling rather than TLR4 when stimulated with purified LPS from Bp. 

Interestingly, TLR2-deficient mice showed better survival when challenged with Bp 

compared to TLR4-deficient mice. This suggests TLR2 may play a deleterious role during 

melioidosis (50). In contrast, West et al. demonstrated that heat-killed Bp activates both 

TLR2 and TLR4 in HEK293 stably transfected with TLR2 (in combination with either TLR1 

or TLR6) and TLR4 supplemented with CD14 and MD-2. The difference between the two 

studies could be due to the absence of MD-2 required for TLR-4 complex formation and 

signalling (51). Moreover, up-regulations of both TLR2, TLR4 along with TLR5, TLR8, 

TLR8-AS1 (absolute[Log2 fold-change]≥1, adjusted P-value <0.05) expression were 

identified in non-survived compared to survived melioidosis patients in this chapter. 

 

As described earlier, Bp can activate both TLR2 and TLR4 which further activate 

downstream signalling cascades through MyD88:MyD88 adaptor-like(MAL)/TIR domain-

containing adaptor protein (TIRAP) and ultimately NF-kB- mediated activation of pro-

inflammatory immune responses (496). Interestingly, a study led by Delano et al. showed 

GR1+ CD11b+ myeloid-derived suppressor cells (MDSCs) inhibited both IFN-g-producing 

CD8+ T cells and the proliferative capacity of CD4+ T cells via the MyD88 signalling 

pathway in a polymicrobial sepsis model using mice (497). Moreover, the MSDCs which 

were mainly composed of immature neutrophils and monocyte precursors are able to 

suppress and differentiate naïve CD4+ T cells toward a less protective Th2 phenotype (497, 

498). In melioidosis, bacteraemia is a common clinical manifestation in up to 60% of all 

cases (10). The up-regulation of multiple TLRs is probably due to the presence of PAMP 

activity from bacterial components such as LPS resulting in activation of the inflammatory 
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immune response and release of cytokines and chemokines. Innate host defence by TLRs is 

important during infections, however, when dysregulated due to either host genetics or 

pathogen-mediated immune modulation may lead to excessive non-specific inflammation 

leading to increased disease severity and mortality in melioidosis and acute inflammatory 

condition such as during sepsis (50, 69, 494).   

 

There were some limitations. This chapter utilised samples derived participants enrolled 

from a single centre study which might not well represent the general population in the 

region. The study site is a tertiary hospital, where melioidosis patients were transferred from 

adjacent provinces resulting in delayed enrolment, diagnosis, and treatment. The total 

number of whole blood samples for RNA sequencing may be under power in detecting a  

difference between melioidosis with and without diabetes. Moreover, most patients with 

melioidosis had one or more co-morbidities that may be a confounding factor to delineate 

transcriptomic profile associated with T2DM. Patients with T2DM in this study was not 

formally diagnosed, the length of the disease, as well as treatment might influence the 

outcome of this chapter. This study utilised whole blood bulk-RNA sequencing approach, 

and as a result whole blood transcriptome appears to be dominated by transcripts derived 

from neutrophils potentially obscuring transcriptome from other cell populations. Likewise, 

the cell-type signature for the deconvolution technique (CIBERSORTx) was initially 

derived from a cancer study, therefore its extrapolation to infection patients has limits, for 

example the presence of macrophage and mast cells in circulation detected in this study. 

Transcriptomic profiles associated with fatal melioidosis may require further validation 

experiment as transcriptome is regulated pre-translational and post-translational 

modifications. The impacts of diabetes in whole blood might be overwhelmed by 

neutrophils. To study the impacts of diabetes during melioidosis, an alternative approach 
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such as single cell RNA sequencing may be a more sensitive approach to detect cell-specific 

transcriptomic response. Lastly, module trait relationship analysis identified ME royal blue 

with negative correlations to age, sex and 28-day mortality suggesting the influence of age 

and sex during melioidosis. Therefore, the DGE analysis between non-survived and survived 

melioidosis patients were controlled for age and sex as covariates. Nevertheless, the impacts 

of age and sex are beyond the scope of this thesis. 

 

In conclusion, this chapter demonstrates profound transcriptomic changes associated with 

fatal melioidosis involving excessive non-specific inflammation, but stunted T-cell 

responses. These findings highlight the importance of the cellular immune response by T 

cells during melioidosis. The inflammatory response in fatal melioidosis is chiefly driven 

by neutrophils - potentially via TLR signalling and other innate immune mediated responses 

such as MyD88 and IL-1 pathways. Subtle differences of whole blood transcriptomic profile 

between melioidosis with and without T2DM were detected after 5 days following hospital 

admission, despite diabetes being a major risk factor with up to 12-fold increased 

susceptibility to melioidosis. Moreover, having diabetes following hospital admission due 

to melioidosis was not associated with increased case fatality (76, 499). Despite having 

diabetes, other additional comorbidities such as older age, alcohol abuse, and chronic disease 

have been found to be confounding factors associated with hospitalisation making it difficult 

to delineate the true impact of diabetes during melioidosis (68). Moreover, information on 

self-medication or over-the-counter medicines (i.e., antibiotics, steroids, herbs) was 

unknown and it might affect the transcriptome (500, 501). Therefore, mechanisms 

underlying T2DM in increasing susceptibility require further studies. Transcriptomic study 

using single cell approach may be an appropriate choice in dissecting host immune response 

in melioidosis patients with T2DM.  
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Chapter 4: What are the whole blood transcriptomic profiles 

associated with diabetes and intermediate hyperglycaemia during 

tuberculosis? 

 

4.1 Introduction 

Tuberculosis (TB) is the leading cause of death from one single pathogen worldwide, caused 

by the Gram-negative bacillus Mycobacterium tuberculosis (Mtb) (103). In 2021, the World 

Health Organisation estimated approximately 10 million people were infected with Mtb and 

1.3 million died including additional 214,000 deaths among the HIV-positive population 

(103). HIV infection confers the greatest risk factor of developing TB disease along with 

undernourishment, alcohol abuse, smoking and diabetes (110, 111). T2DM confers up to 

three-fold increased risk of developing TB (111, 115) which was attributable to 

approximately a million TB cases worldwide in 2013 (114). Interestingly, HIV infection is 

not a risk factor of acquiring melioidosis (502).  

Melioidosis and TB share many common features. Both diseases are caused by intracellular 

Gram-negative bacteria and both pathogens preferentially affect the lungs and form 

granuloma (128). Type I immune responses are important for controlling both diseases (76, 

503). In TB, type II immune responses and reduced IFN-g response may be associated with 

poor Mtb control and severe disease (149, 151, 504). However, melioidosis patients most 

commonly present as acute infection (85%) (9) whereas TB is a chronic infection (105).   

Impacts of diabetes (DM) on the cellular immune response against Mtb have been 

demonstrated. Lower IFN-g and IL-12 responses were observed in TB-DM patients, and 

those who had poor glycaemic control showed lower IFN-g response compared to those with 

good glycaemic control (172, 173). Furthermore, an increased IL-10 response in TB-DM 
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patients compared to either TB patients without diabetes or healthy subjects was identified 

(174). Likewise, reduced expression of antigen presenting and costimulatory molecules 

(e.g., HLA-DR, CD80 and CD86) in macrophages and higher neutrophils counts in response 

to Mtb infection was demonstrated in TB-DM compared to non-diabetes (180). Collectively, 

diabetes affects both innate and adaptive immune compartments. Dysregulation of innate 

immune cells compromised Th1 immune response and an increased anti-inflammatory 

immune may be responsible for increased susceptibility to the infections in people with 

diabetes.  

In 2010, Berry et al. (102) reported an 86-gene signature of active TB that could discriminate 

active TB from some autoimmune diseases and bacterial infections, and was characterised 

by an interferon-inducible neutrophil-driven signature. However, this Berry et al. (102) 

report did not include cases of melioidosis, and a later study by Koh et al. (101) showed that 

whole blood transcriptomic signatures between tuberculosis and melioidosis were 

indistinguishable.  

In this chapter, whole blood bulk RNA sequencing data were generated from newly 

diagnosed, bacteriologically confirmed pulmonary TB with and without diabetes along with 

uninfected patients with diabetes and healthy donors from a four-year prospective study (The 

Concurrent Tuberculosis and Diabetes Mellitus [TANDEM], http://tandem-fp7.eu/project/) 

between 2013 and 2016 across four-study sites: South Africa, Indonesia, Romania and Peru. 

The TANDEM project aimed to study the casual relationship between diabetes and TB, and 

the impact of diabetes on TB susceptibility, prevention, treatment, and prognosis (505). This 

data set were published by Eckold et al. in early 2021 (506), they identified increased innate 

inflammatory but decreased adaptive immune responses in TB patients with diabetes and 

intermediate hyperglycaemia compared to those TB patients without the conditions. 

Furthermore, genes involving in interferon responses were down-regulated compared to the 
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patients without diabetes and intermediate hyperglycaemia. In this chapter, the data set were 

reanalysed including DGE and pathway analysis for a direct comparison between TB and 

melioidosis cohorts. Furthermore, the unsupervised approach by WGCNA was performed 

to identify potential gene regulators and mechanisms underlying increased susceptibility in 

TB patients with diabetes and intermediate hyperglycaemia. 

To date, little is known about common pathways underlying susceptibility to melioidosis 

and TB in patients with T2DM. With several common features and pathogenicity between 

the two diseases, I hypothesised that the increased susceptibility in patients with T2DM to 

melioidosis and TB is underlined by common transcriptomic profiles. In this chapter, I aim 

to unravel the relationship between whole blood transcriptomic profiles associated with 

T2DM and increased susceptibility to melioidosis and TB. The identified transcriptomic 

profiles in melioidosis (Chapter 3) and TB were studied.  
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4.2 Specific objectives  

1. To investigate whole blood transcriptomic profiles in TB patients with and without 

diabetes and intermediate hyperglycaemia compared to healthy donors. 

2. To identify pathways associated with diabetes that are shared between melioidosis 

and TB with diabetes.  
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4.3 Materials and Methods 

 

4.3.1 Study design and RNA sequencing data acquisition 

Whole blood bulk RNA sequencing data were kindly provided by Dr. Jackie Cliff and 

Professor Gregory Bancroft at the London School of Hygiene and Tropical Medicine as a 

part of collaborative project funded by the VALIDATE network entitled “Vaccines to target 

people with diabetes: characterising the pathways of immune response to Mycobacterium 

tuberculosis (TB) and Burkholderia pseudomallei in people with diabetes compared to non-

diabetics”. This chapter contains re-analysis of the data set published in the journal Clinical 

Infectious Diseases entitled “Impact of Intermediate Hyperglycaemia and Diabetes on 

Immune Dysfunction in Tuberculosis” (506). A total of 239 adults participants aged 18 years 

or older with newly diagnosed, bacterial-culture confirmed pulmonary TB with and without 

diabetes, along with uninfected diabetes patients and healthy donors from four study sites 

including South Africa, Romania, Indonesia, and Peru were enrolled into the study 

(TANDEM) (505). The TB patients were further classified as 1) “TB-only”: TB without 

diabetes (HbA1c level < 5.7%), 2) “TB-IH”: TB with intermediate hyperglycaemia or IH 

(HbA1c level between  ≥5.7 and < 6.5%), and 3) “TB-DM”: TB with diabetes (HbA1c level 

between  ≥	6.5%).  

 

4.3.2 RNA isolation, library preparation and sequencing 

RNA sequencing data were generated from 2.5 mL whole blood RNA collected into 

PAXgene Blood RNA Tubes (PreAnalytix). Total RNAs were extracted using a PAXgene 

blood miRMA kit (Qiagen) using QIAcube extraction platform. A poly-A tail library was 

prepared using the NEXTflex Rapid Directional RNA-Seq kit with the Caliper SciClone 

technology (PerkinElmer). The samples were sequenced for a single-ended 75 base pairs 
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using the NectSeq500 High Output kit V2 for 75 cycles (Illumina) (506). The RNA 

sequencing data (FASTQ files) were pre-quality checked and only those that passed the QC 

process were included into the subsequent analyses. 

 

4.3.3 Upstream RNA sequencing analysis pipeline 

The provided read counts were generated using older version human reference genome 

(UCSC hg19). To obtain the most comparable read counts, the sequencing data (FASTQ 

files) were re-aligned using the same pipeline as described in the Material and Methods 

section in Chapter 3.  

 

4.3.4 Differential gene expression and functional pathway analysis 

Differential gene expression analysis (DGE) was performed separately for three different 

cohorts: the South African cohort (discovery dataset, n=102), the Romanian cohort 

(validation dataset, n=66), and all-study-site combined dataset (N=239). DGE analysis 

within the South African and Romanian cohorts was adjusted for age and sex as covariates. 

For the combined data set, DGE analysis was adjusted for age, sex, and ethnicity as 

covariates. A total of 26,196 transcripts were generated from the sequencing and annotated 

to the gene symbol. Genes with no counts or lowly expressed were removed. Subsequently, 

the expression data were normalised, and variance stabilizing transformed using DESeq2 R 

package for down-stream data analyses and data visualization as described in Chapter 2 

(392).  
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4.3.5 Weighted gene co-expression network analysis (WGCNA) and identification of 

hub genes 

To identify co-expressed gene modules associated with diabetes and IH in TB patients and 

corresponding hub genes, WGCNA was performed separately between TB-DM compared 

to TB-only and TB-IH compared to TB-only. For TB-DM (n=61) compared to TB-only 

(n=46), pre-filtered 15, 325 features, normalised and variance stabilizing transformed 

expression data were used for the analysis using WGCNA R package (415).  For TB-IH 

(n=44) compared to TB-only (n=46), 15,058 features were included for the analysis. The 

remaining WGCNA workflow was performed as described in Chapter 2.   

 

4.3.6 Deconvolution of bulk RNA sequencing data using xCell 

Enriched cell type abundances were estimated from bulk RNA sequencing data of the TB 

cohorts and control cohorts (N=239) using xCell (R package version 1.1.0) (435). The 

enriched cell fractions were compared among TB patients: without diabetes (n=61), with 

intermediate hyperglycaemia (n=44), without diabetes (n=46), healthy control (n=36), and 

diabetes control (n=52) using non-parametric Mann-Whitney test on R programme. 
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4.4 Results 

 

4.4.1 Demographics of study cohort 

In this chapter, a total of 151 newly diagnosed, bacterial-culture confirmed pulmonary TB 

adult patients with and without diabetes along with uninfected diabetes patients (n=52) and 

healthy donors (n=36) were included in the data analyses. The participants were recruited 

from four study sites across the world including South Africa, Romania, Indonesia, and Peru 

(Table 4.1). The proportion of male was significant higher in the TB patients (Chi-square 

test, P-value = 0.03). The distribution of age was significantly different between the TB and  

control cohorts (Kruskal-Wallis test, P-value = 0.02), in which the age of TB-DM group was 

significantly higher than healthy control (Mann-Whitney, P-value=0.003). The study 

consists of participants from various ethnic backgrounds including Coloured, Sunda, 

Mestizo, and Romania which accounted for more than 80% of all participants.  
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Table 4.1 Subject demographics for whole blood transcriptomic study from tuberculosis 

patients across four study sites and corresponding control cohort.  

 

*Diabetes (DM) is defined as patients who were previously diagnosed with diabetes or having an HbA1c level 

≥6.5% on recruitment into the study (507).**Intermediate hyperglycaemia (IH) is defined by having an HbA1c 

level between 5.7 and <6.5% on recruitment into the study. ¶P-values were derived from statistical analyses 

among TB patients. †P-values were derived from statistical analyses in all participants. §Kruskal-Wallis test. 

‡Chi-square test. This table was adapted from Eckold et al., Impact of Intermediate Hyperglycemia and 

Diabetes on Immune Dysfunction in Tuberculosis. Clin Infect Dis 72, 69-78 (2021).  

 
4.4.2 Re-alignment of RNA sequencing data  

RNA sequencing data (FASTQ files) were re-aligned against the human reference genome, 

UCSC hg38.p2 (version 20201) and uniquely mapped reads were counted using the 

featureCounts function. High frequencies of uniquely mapped reads were achieved and 

comparable between TB (mean 72.3%, SD = 8.7) and control cohorts (mean 71%, SD = 8.5) 

(Supplementary Figure 4.1A). An average of 10 million (M) reads per sample were 

obtained for both TB (mean 10.5 M, SD = 1.9 M ) and control cohorts TB (mean 10.4, SD 

= 2.1 M) (Supplementary Figure 4.1B). The expression data were normalised using median 

Study site TB-DM* TB-IH** TB-only
Diabetes 

control

Healthy 

control

(N=239) (n=61) (n=44) (n=46) (n=52) (n=36)

No. 

participants
South Africa 15 19 11 33 24

(%) Romania 15 10 10 19 12

Indonesia 19 6 14 NA NA

Peru 12 9 11 NA NA

Sex, South Africa (7/8) (12/7) (2/9) (15/18) (12/12)

(male/ Romania (13/2) (9/1) (6/4) (14/5) (10/2)

female) Indonesia (11/8) (5/1) (7/7) NA NA

Peru (6/6) (5/4) (5/6) NA NA

South Africa 46 (40-53) 45 (33-54) 48 (34-50) 49 (42-57) 42 (37-45)

Romania 47 (43-55) 49 (40-57) 43 (39-53) 55 (46-58) 46 (40-53)

Indonesia 52 (45-58) 51 (38-57) 47 (39-58) NA NA

Peru 51 (48-54) 52 (41-57) 55 (33-64) NA NA

South Africa Two (1/14) One (19) One (11) One (33) Two (1/23)

Romania Two (1/14) One (10) One (10) One (19) Three (1/1/10)

Indonesia Three (1/1/17) Two (1/5) Two (5/9) NA NA

Peru One (12) One (9) Two (1/10) NA NA

Age in years; 

median (IQR)
§0.43 §0.02

Distribution of 

ethnic groups
NA NA

Baseline 

characteristics
¶P-values †P-values

§0.15 §0.06

‡0.03 ‡0.13
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of ratios method implemented in DESeq2 R package for down-stream data analyses 

(Supplementary Figure 4.1C, 4.1D). 

 

4.4.3 An inflammatory immune response driven by the innate immune compartment 

was more prominent in TB patients with diabetes and intermediate hyperglycaemia 

compared to the patients without diabetes 

To investigate the impact of diabetes and intermediate hyperglycaemia on the whole blood 

transcriptome in TB patients, DGE analysis was carried out for the South African cohort 

(discovery) and validated with the Romanian cohort (validation). A total of 15,445 pre-

filtered features were normalised and variance-stabilising transformed for subsequent data 

analyses. Firstly, PCA using the top 1,000 most variable genes identified some separation 

between TB patients and control subjects in the discovery cohort (Figure 4.1). However, 

PCA coloured by diabetes status and intermediate hyperglycaemia shows only subtle 

differences amongst the TB patients. Similar PCA clustering profiles were observed in the 

validation cohort (Supplementary Figure 4.2). In addition, PCA symbolized by ethnicities 

and countries among all TB patients and their respective control cohorts show unified 

clusters regardless of their origins (Supplementary Figure 4.3A, 4.3B). Nevertheless, 

covariates including age, sex, and ethnicity were included during DGE analysis as possible 

confounding factors.  

Secondly, DGE analysis was performed among the TB patients relative to healthy controls. 

DGE analysis in the South African cohort identified more profound transcriptomic changes 

for TB-DM and TB-IH compared to healthy controls than for the TB-only group. DGE 

analysis of TB-IH shows 506 up- and 472 down-regulated genes, followed by TB-DM with 

347 up- and 321 down-regulated genes compared to healthy controls (absolute[Log2 fold 

change]≥1, adjusted P-value<0.05) (Figure 4.2). DGE analysis in the validation cohort 
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shows similar trends of DEGs where TB-IH shows the highest number of DEGs followed 

by TB-DM, and TB-only relative to healthy control respectively (Supplementary Figure 

4.4 ). More than 50% of the up-regulated genes found in the DGE analyses of TB-DM and 

TB-IH compared to healthy controls (discovery cohort) was identified in the validation 

cohort (Supplementary Figure 4.5). Of note, 109 genes involved in innate immune 

response such as S100A8, CEACAM1, CD177, and GRP84 were mutually up-regulated in 

both TB-DM and TB-IH across both discovery and validation cohorts (Supplementary 

Figure 4.6). Lastly, to observe the correlation of the differential gene expression effects 

between discovery and validation cohort, Pearson’s correlation analysis was performed on 

log2 fold-change of the DEGs. The correlation analyses identified strong correlations of the 

DEGs in all comparisons between the two studied cohorts (Pearson’s correlation coefficient 

R > 8, P-value < 2x10-16) (Figure 4.3). 
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Figure 4.1 Principal component analysis (PCA) of the top 1,000 most variable genes in tuberculosis 

(TB) patients and controls from the South African cohort coloured by diabetes status and 

intermediate hyperglycaemia classification based on HbA1c level. (A) TB patients were divided into 

diabetes (“dm”, orange triangles, n=15), intermediate hyperglycaemia (“inter”, yellow triangles, 

n=19), non-diabetes (“nondm”, green triangles, n=11), uninfected diabetes group (“dm_ctrl”, grey 

circles, n=33), and healthy donors (“healthy_ctrl”, black circles, n=24). Group classification based 

on HbA1c level: diabetes (HbA1c ≥6.5%), intermediate hyperglycaemia (HbA1c ≥5.7% and 

<6.5%), non-diabetes (HbA1c ≤ 5.6%). PCA plots were generated using plotPCA function 

implemented in DESeq2 R package.  
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Figure 4.2 Volcano plots showing differentially expressed genes among tuberculosis (TB) patient 

groups and healthy controls from the South African cohort. A: Differential gene expression (DGE) 

analysis between TB patients only (TB-only, n=11) compared to healthy control (n=24). B: DGE 

analysis between TB patients with intermediate hyperglycaemia (TB-IH, n=19) compared to healthy 

control (n=24). C: DGE analysis between TB patients with diabetes (TB-DM, n=15) compared to 

healthy control (n=24). Dotted lines define the cut-off for differentially expressed genes based on 

absolute[Log2 fold-change]≥ 1 (x-axis) and adjusted P-value < 0.05 (y-axis). Volcano plot was 

generated using EnhancedVolcano R package.  
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Figure 4.3 Scattered plots show correlations of differentially expressed genes (based on log2 fold-

change) among TB patients compared to uninfected healthy donors between South African (x-axis, 

discovery) and Romania (y-axis, validation) cohort. A: Differentially expressed genes (DEGs) 

derived from differential gene expression (DGE) analysis between TB patients with diabetes (DM) 

compared to healthy donors. B: DEGs derived from DGE analysis between TB patients with 

intermediate hyperglycaemia (IH) compared to healthy donors. C: DEGs derived from DGE analysis 

between TB patients only compared to healthy donors. DEGs were based on absolute[Log2 fold-

change]≥ 1 and adjusted P-value < 0.05. Pearson’s correlation coefficient, corresponding P-value, 

and linear regression line with 95% confidence interval (shaded area) are displayed within each plot.  
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4.4.4 Diabetes is associated with an increased pro-inflammatory immune response, but 

suppressed interferon responses in TB patients 

To investigate the impact of diabetes and intermediate hyperglycaemia on the whole blood 

transcriptome among TB patients, DGE analysis was carried out in all TB patients across all 

four study sites. A total of 16,407 pre-filtered features were normalised and variance-

stabilising transformed for subsequent data analyses. PCA using the top 1,000 most variable 

genes identified some separation between TB patients and control subjects (Figure 4.4A). 

DGE analysis in TB-DM compared to TB-only patients identified a stronger impact of 

diabetes on the whole blood transcriptome (194 up- and 143-down regulated genes, adjusted 

P-value <0.05) compared to TB-IH relative to TB-only (59 up- and 14-down regulated 

genes) (Figure 4.4B-D). Moreover, 19 genes involved in the pro-inflammatory immune 

response such as ADAMTS2, IL10RB-AS1, IL1R2, and PI3 were commonly up-regulated in 

TB-DM and TB-IH compared to TB-only patients.  

 

GSEA based on Hallmark gene sets following DGE analysis identified pathways involved 

in inflammatory immune responses and metabolism such as coagulation, IL-6 JAK STAT3 

signalling, complement, interferon signalling, oxidative phosphorylation, and reactive 

oxygen species were highly enriched in TB-IH compared to TB-only patients (Figure 4.5). 

In contrast, both interferon alpha and gamma pathways were enriched in TB-only compared 

TB-DM patients. Pathways involved in metabolism and the innate immune response such 

as oxidative phosphorylation, reactive oxygen species, coagulation, and complement were 

highly enriched in TB-DM compared to TB-only patients.  
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Figure 4.4 Principal component analysis (PCA) of the top 1,000 most variable genes, Venn diagram 

and volcano plots showing differentially expressed genes (DEGs) among 239 tuberculosis (TB) 

patient groups and controls from all-study sites combined. A: PCA plot of 239 TB patients and 

controls coloured by groups divided into TB with diabetes (“dm”, orange triangles, n=61), TB with 

intermediate hyperglycaemia (IH) (“inter”, yellow triangles, n=44), TB without diabetes (“nondm”, 

green triangles, n=46), uninfected diabetes group (“dm_ctrl”, grey circles, n=52), and healthy donors 

(“healthy_ctrl”, black circles, n=36). B: Venn diagram of DEGs based on adjusted P-value < 0.05. 

C, D: Volcano plots show DEGs between TB patients with IH  (TB-IH, n=44) and TB patients with 

diabetes (TB-DM, n=61) compared to TB-only group (n=46) respectively. For visualisation purpose 

only, dotted lines define the cut-off for DEGs based on absolute[Log2 fold-change]≥ 1 (x-axis) and 

P-value < 0.05 (y-axis). Venn diagram was generated using ggvenn R package. 

A 

TB_DM_up

TB_IH_up TB_IH_down

TB_DM_down

175

39 7

135

19
0

7

0 0

0

0 0

0 0

0

B 

−40

−20

0

20

40

−60 −40 −20 0 20
PC1: 26% variance

PC
2:

 1
8%

 v
ar

ia
nc

e

category
control
disease

dm_status
dm
nondm
inter
dm_ctrl
healthy_ctrl

TANDEM(Full): Top 1,000 genes in tuberculosis patients coloured by diabetes status 



 134 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.5 Gene set enrichment analysis based on Hallmark gene sets following differential gene 

expression (DGE) analysis among tuberculosis patients across four study sites. A: TB-IH (n=44) 

compared to TB-only (n=46). B: TB-DM (n=61) compared to TB-only (n=46). Pathways were 

deemed significant when adjusted P-value <0.05. Enriched pathways were calculated from DESeq2 

test statistics of pre-ranked gene list following DGE analysis using fgsea R package.  
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4.4.5 Hyperglycaemia and diabetes drive an increased inflammatory immune response 

in both melioidosis and TB patients 

To study the impact of diabetes and intermediate hyperglycaemia on the whole blood 

transcriptomic of both TB (discovery cohort) and melioidosis, functional pathway analysis 

was employed following DGE analysis by Reactome and KEGG pathway (absolute[Log2 

fold-change]≥1, adjusted P-value < 0.05). Pathways involved in type I immune responses 

such as interferon signalling, interferon alpha/beta signalling and interferon gamma 

signalling were up-regulated in all TB groups compared to healthy controls (Figure 4.6 and 

Figure 4.7). However, anti-viral mechanisms by IFN-stimulated genes, ISG15 antiviral 

mechanisms, hepatitis C, measles, and creation of C4 and C2 activators pathways were 

exclusively up-regulated in the TB-only group (Figure 4.6). Moreover, pathways classically 

described as involved in the immune response to viral infections including influenza A and 

Epstein-Barr virus infection were not up-regulated in the TB-DM group (Figure 4.7).   

Pathways involving inflammatory immune responses including neutrophil degranulation 

and platelet degranulation were only up-regulated in TB-DM, TB-IH, and melioidosis.  

Interestingly, the clotting cascade and binding and uptake of ligands by scavenger receptors 

pathway were only up-regulated in TB-DM, TB-IH, and melioidosis with T2DM. Whereas, 

extracellular matrix organisation and cell cycle pathways were exclusively up-regulated in 

melioidosis. Distinctively, pathways involved in inflammation and immune responses in 

response to infections including TNF signalling, leishmaniasis, legionellosis, were only up-

regulated in melioidosis with T2DM. Lastly, the PI3K-Akt signalling pathway was down-

regulated in the TB-IH, TB-DM, and melioidosis with T2DM (Figure 4.7).  
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Figure 4.6 Functional pathway analysis based on Reactome gene sets following differential gene 

expression (DGE) analyses between tuberculosis (TB) cohort (South African cohort) and melioidosis 
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(Chapter 3). The pathways were derived from separate DGE analyses among TB and melioidosis 

cohorts compared to their respective control cohorts. The gradient colour bar corresponds to the 

adjusted P-value. The size of each term is indicated by representative counts. Differentially 

expressed gene were pre-filtered based on a cut-off of absolute[Log2 fold-change] ≥1 and adjusted 

P-value <0.05. TBonly_up, TBIH_up, and TBDM_up  = up-regulated genes following DGE analysis 

among TB without diabetes, TB with intermediate hyperglycaemia, and TB with diabetes compared 

to healthy control respectively. Melonly_up and MelDM_up = up-regulated genes following DGE 

analysis among melioidosis without diabetes and with diabetes compared to healthy control 

respectively. 
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Figure 4.7 Functional pathway analysis based on KEGG gene sets following differential gene 

expression (DGE) analyses between tuberculosis (TB) cohort (South African cohort) and melioidosis 

(Chapter 3). The pathways were derived from separate DGE analyses among TB and melioidosis 

cohorts compared to their respective control cohorts. Pathways were derived from differentially 

expressed genes based on a cut-off of absolute[Log2 fold-change]³1 and adjusted P-value <0.05. 

The gradient colour bar corresponds to the adjusted P-value. The size of each term is indicated by 

representative counts. TBonly_up, TBIH_up, and TBDM_up = up-regulated genes following DGE 
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analysis among TB without diabetes, TB with intermediate hyperglycaemia, and TB with diabetes 

compared to healthy control respectively. TBonly_down, TBIH_down, and TBDM_down = down-

regulated genes following DGE analysis among TB patients without diabetes, TB patients with 

intermediate hyperglycaemia, and TB patients with diabetes compared to healthy control 

respectively. Melonly_up and MelDM_up = up-regulated genes following DGE analysis among 

melioidosis without diabetes  and with diabetes compared to healthy control respectively. 

Melonly_down and MelDM_down = down-regulated genes following DGE analyses among 

melioidosis without diabetes and melioidosis with diabetes compared to healthy control respectively. 

 

4.4.6 Co-expressed gene modules enriched with innate-driven inflammatory immune 

responses are associated with diabetes in TB patients 

To identify co-expressed gene modules and hub genes that are associated diabetes, WGCNA 

was performed in the TB-DM and TB-only cohorts. Firstly, a sample dendrogram was 

constructed using normalised variance-stabilising transformed data (15, 325 features) to 

identify potential outliers (Figure 4.8A). One outlier from the TB-DM group was removed 

and the sample dendrogram was constructed on the remaining 106 participants with 

corresponding clinical traits (Figure 4.8B). Secondly, a power of b = 14 was chosen (soft-

threshold R2 = 0.87 and mean connectivity = 80) in order to achieve a scale-free network 

(Figure 4.8C). Subsequently, a total of 23 co-expressed gene modules (module eigengene, 

ME) were identified based on dissimilarity of topological overlap matrix via hierarchical 

clustering using Dynamic Tree Cut method (Figure 4.8D, 4.9). Module-trait relationship 

analysis identified significant correlations of ME darkturquoise with HbA1c level and 

diabetes status (indicated in a red box) (Figure 4.9). Moreover, ME magenta was 

significantly correlated with BMI (indicated in a red box). Module eigengene (ME) is 

considered as a representative expression profile or first principal component of a particular 

co-expressed gene module. MEs with significant correlations to diabetes were compared 
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between TB-DM and TB-only groups. ME darkturquoise was significantly higher in TB-

DM compared TB-only group. In contrast, ME  purple, lightyellow, lightcyan, darkred, and 

lightgreen were significantly higher in the TB-only group (Supplementary Figure 4.7). 

Functional analysis based on Reactome and Gene Ontology gene sets within ME 

darkturquoise (correlated with either diabetes status or continuous HbA1c level) identified 

enriched pathways involved in defence against infections driven by the innate immune 

compartment such as neutrophil degranulation, antimicrobial peptides, and defence response 

to bacterium (Figure 4.10). On the other hand, pathways involved in erythrocyte 

development and metabolism were enriched in ME magenta (correlated with BMI).  
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Figure 4.8 Weighted gene co-expression network analysis workflow in 107 TB patients with 

diabetes (n=61) and without diabetes (n=46). A: Sample dendrogram identified one outlier and 

removed. B: Sample dendrogram with corresponding clinical trait heatmap. C: Scale-free network 

analysis, with scale independence plot indicates scale free topology model fit (R2) and mean 

connectivity plot with soft threshold on x-axis. Here, a power of b=14 resulted in soft-threshold R2 

= 0.87 indicating a scale-free topology obtained. D: Cluster dendrogram of co-expressed gene 

modules by a hierarchical clustering of genes based on topological overlap and assigned module 

colours underneath.   
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Figure 4.9 Module-trait relationship analysis in tuberculosis (TB) patients with (n=60) and without 

(n=46) diabetes by weighted gene co-expression network analysis. Each row represents an assigned 

module eigengene (ME) and each column represents a clinical trait of interest, with corresponding 

Pearson’s correlation coefficient between each ME-trait pair displayed with P-value in parenthesis. 

The gradient colour bar indicates the degree of positivity (maximum +1, red) / negativity (minimum 

-1, blue) for the Pearson’s correlation coefficient. Clinical traits include age (in years, continuous 

variable), sex (binary outcome), body mass index (bmi, percentage of the body mass in continuous 

variable), HbA1c level (hba1c, percentage of glycated haemoglobin in continuous variable), and 

diabetes status (binary outcome).  
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Figure 4.10 Enrichment analysis based on Reactome and Gene Ontology in ME darkturquoise and 

magenta that were significantly associated with HbA1c level, diabetes status and body mass index 

identified by module-trait relationship analysis in tuberculosis patients with and without diabetes 

respectively. A: Enriched pathways based on Reactome genes sets. B: Enriched pathways based on 

Gene Ontology genes sets. The gradient colour bar corresponds to the adjusted P-value. The size of 

each term is indicated by representative counts.  

 

4.4.7 Multiple co-expressed gene modules enriched with broad inflammatory immune 

responses are associated with intermediate hyperglycaemia in TB patients 

To identify gene modules and hub genes that are associated intermediate hyperglycaemia, 

WGCNA was performed for the TB-IH (n=44) and TB-only (n=46) cohorts. Firstly, a 

sample dendrogram was constructed using a normalised variance-stabilising transformed 
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data (15,058 features) to identify potential outliers (Figure 4.11A). One outlier from the TB-

IH group was removed and the sample dendrogram was constructed on the remaining 89 

participants with corresponding clinical traits (Figure 4.11B). Secondly, a power of b = 14 

was chosen (soft-threshold R2 = 0.82 and mean connectivity = 74) in order to achieve a scale-

free network (Figure 4.11C). Subsequently, a total of 19 co-expressed gene modules 

(module eigengene, ME) were identified based on dissimilarity of topological overlap 

matrix via hierarchical clustering using Dynamic Tree Cut method (Figure 4.11D, 4.12). 

Module-trait relationship analysis identified significant correlations of ME pink, magenta, 

and tan (indicated in a red box) with HbA1c level (Figure 4.12). Moreover, ME tan was 

significantly correlated with IH status along with ME yellow (indicated in a red box). On 

the other hand, ME purple was correlated with BMI (indicated in a red box). MEs with 

significant (positive and negative) correlations to intermediate hyperglycaemia were 

compared between TB-IH and TB-only groups. ME magenta, yellow and tan were 

significantly higher in TB-IH compared TB-only group. Functional analysis based on 

Reactome gene sets in ME pink, magenta, and yellow (correlated with HbA1c) identified 

enriched pathways involved in pro-inflammatory immune responses such as neutrophil 

degranulation, interferon signalling, antigen presentation, signalling by interleukins, 

inflammasomes, and phagocytosis (Figure 4.13). Furthermore, pathways involved in 

platelet degranulation and coagulation were enriched in ME tan and yellow (correlated with 

IH). Similarly, ME purple (correlated with BMI) was enriched with neutrophil 

degranulation, antimicrobial peptides, and heme biosynthesis. In contrast, ME red, 

lightyellow, and salmon were significantly higher in the TB-only group (Supplementary 

Figure 4.8). Interestingly, module enrichment based on KEGG and Gene ontology 

identified pathways enriched in B cell signalling, natural killer cells and leukocytes mediated 
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cytotoxicity in ME lightyellow and red which were negatively correlated with TB-IH 

patients (Supplementary Figure 4.9).  

 

 

Figure 4.11 Weighted gene co-expression network analysis workflow in 90 tuberculosis patients 

with and without intermediate hyperglycaemia. A: Sample dendrogram identified one outlier and 

removed. B: Sample dendrogram with corresponding clinical trait heatmap. C: Scale-free network 

analysis, with scale independence plot indicates scale free topology model fit (R2) and mean 

connectivity plot with soft threshold on x-axis. Here, a power of b=14 resulted in soft-threshold 

R2=0.82 indicating a scale-free topology obtained D: Cluster dendrogram of co-expressed gene 

modules by a hierarchical clustering of genes based on topological overlap and assigned module 

colours underneath. 
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Figure 4.12 Module-trait relationship analysis in tuberculosis (TB) patients with (n=43) and without 

(n=46) intermediate hyperglycaemia (IH) by weighted gene co-expression network analysis. Each 

row represents an assigned module eigengenes (ME) and each column represents a clinical trait of 

interest, with corresponding Pearson’s correlation coefficient between each ME-trait pair displayed 

with P-value in parenthesis. The gradient colour bar indicates the degree of positivity (maximum +1, 

red) / negativity (minimum -1, blue) for the Pearson’s correlation coefficient. Clinical traits include 

age (in years, continuous variable), sex (binary outcome), body mass index (BMI, percentage of the 

body mass in continuous variable), HbA1c level (hba1c, percentage of glycated haemoglobin in 

continuous variable), and intermediate hyperglycaemia status (IH, binary outcome).  
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Figure 4.13 Enrichment analysis based on Reactome gene sets in module eigengene (ME) pink, 

magenta, tan, yellow, and purple that were significantly associated with HbA1c level, intermediate 

hyperglycaemia status and body mass index identified by module-trait relationship analysis in 

tuberculosis patients with and without intermediate hyperglycaemia respectively. The top 5 over-
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represented pathways are displayed. The gradient colour bar corresponds to the adjusted P-value. 

The size of each term is indicated by representative counts. 

 

4.4.8 Genes involved in inflammatory immune responses driven by innate immune 

responses are associated with intermediate hyperglycaemia and diabetes 

To identify potential key regulators, the results from supervised (DGE analysis) and 

unsupervised (WGCNA) approaches were compared using Venn diagram to determine 

overlapping genes identified by different analyses (Figure 4.14). Firstly, 2 hub genes 

identified in ME darkturquoise were also up-regulated in TB-DM compared to TB-only 

patients including CEACAM8 (Carcinoembryonic Antigen-related Cell Adhesion Molecule 

8) and BPI (Bactericidal Permeability Increasing Protein) (Log2 fold-change ³0.5 and 

adjusted P-value <0.05) (Figure 4.14B). Secondly, 2 hub genes identified in ME yellow 

were also up-regulated in TB-IH compared to TB-only patients including S100A11 (S100 

Calcium Binding Protein A11) and TRAPPC1 (Trafficking Protein Particle Complex 

Subunit 1) (Figure 4.15B). Thirdly, 2 hub genes identified in ME tan that associated with 

HbA1c, were up-regulated in TB-IH compared to TB-only patients including TREML1 

(Triggering Receptor Expressed on Myeloid Cells Like 1) and GP9 (Glycoprotein IX 

Platelet) (Supplementary Figure 4.10 ).  
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Figure 4.14 Top 20 hub genes with potential regulatory role of host immune response in tuberculosis 

(TB) patients with diabetes. A: The top 20 hub genes identified in the module eigengene (ME) 

darkturquoise associated with diabetes status. B: Venn diagram of overlapping differentially 

expressed genes (DEGs), gene membership of the ME darkturquoise identified by weighted gene co-

expression network analysis, and hub genes identified in the ME darkturquoise. DEGs were derived 

from up-regulated genes between TB patients with and without diabetes based on absolute[Log2 

fold-change]³0.5 and adjusted P-value <0.05 (Figure 4.4D). ME darkturquoise was significantly 

associated with diabetes status by module-trait relationship analysis (Figure 4.9). 14 hub genes 

within ME darkturquoise were derived from Maximal Clique Centrality (MCC) algorithm using 

CytoHubba plugin on Cytoscape software. MCC scores of hub genes were ranked from high (red) 

to low (yellow). 6 hub genes with no score of MCC were excluded.  
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Figure 4.15 Top 20 hub genes with potential regulatory role of host immune response in TB patients 

with intermediate hyperglycaemia. A: The top 20 hub genes identified in the module eigengene (ME) 

tan and yellow associated with intermediate hyperglycaemia status. B: Venn diagram of overlapping 

differentially expressed genes (DEGs, gene membership of the ME tan and yellow identified by 

weighted gene co-expression network analysis, and hub genes in the ME tan and yellow. DEGs were 

derived from up-regulated genes between TB patients with intermediate hyperglycaemia and without 

diabetes based on an absolute[Log2 fold-change]³0.5 and adjusted P-value <0.05 (Figure 4.4C). 

ME tan and yellow associated with intermediate hyperglycaemia by module-trait relationship 

analysis (Figure 4.12). 20 hub genes within ME tan and yellow were derived from Maximal Clique 

Centrality (MCC) algorithm using CytoHubba plugin on Cytoscape software. MCC scores of hub 

genes were ranked from high (red) to low (yellow).  

 

4.4.9 Increased neutrophils and Th2 cells in TB patients with intermediate 

hyperglycaemia and diabetes 

To estimate the abundance of immune cells associated with intermediate hyperglycaemia 

and diabetes, whole blood RNA sequencing data were deconvoluted using xCell (435). TB-

DM and TB-IH patients compared to TB-only group showed significant enrichment of Th2 
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cells. Moreover, TB-DM showed significant enrichment neutrophils compared to TB-only 

group (Supplementary Figure 4.11).   
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4.5 Discussion 

 

In this chapter, the impact of diabetes and intermediate hyperglycaemia on the whole blood 

transcriptome during active TB and melioidosis was studied. Diabetes confers a 3-fold 

increased susceptibility to develop active TB (111), whereas people with diabetes are 

exceptionally prone melioidosis with a 12-fold increased susceptibility (20). In this chapter, 

the whole blood transcriptome in TB-DM and TB-IH was compared to uninfected non-

diabetic healthy individuals. DGE analysis identified a higher magnitude of DEGs in TB-

IH, followed by TB-DM and TB-only compared to healthy control. This suggests that altered 

host immune responses during active TB are influenced by intermediate hyperglycaemic 

which is considered a pre-diabetic condition (HbA1c level between 5.7% to 6.4%).  

 

The altered transcriptomic profiles in TB-DM and TB-IH relative to healthy subjects include 

up-regulation of neutrophil degranulation, platelet degranulation, and coagulation. 

Moreover, deconvoluted whole blood transcriptome analysis identified enriched neutrophils 

in TB-DM compared to TB-only. Neutrophil functions such as cell migration, phagocytosis, 

and killing mechanisms have been reported to be compromised in people with diabetes and 

under hyperglycaemic conditions (508-510). Diabetes is a dependent risk factor of micro- 

and macrovascular complications such as atherosclerosis, nephropathy, and myocardial 

infarction (321, 511). During neutrophil activation, toxic granules, ROS, and pro-

inflammatory cytokines are released in response to stimuli or under stress (512). In diabetes, 

neutrophils are more susceptible to degranulation, in which cell mediators such as NE and 

MPO are released (513). Many studies have shown increased MPO levels in T2DM patients 

which are associated with increased risk of diabetes-induced complications such as coronary 

artery disease and atherosclerosis (514-517). Neutrophil-derived mediators including NE 
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and cathepsin G have been found to inhibit activation of T lymphocytes, in which NE is able 

to cleave IL-2 receptor and cathepsin G can deplete IL-6 receptor preventing activation of T 

lymphocytes (518). Moreover, arginase I, another neutrophil-derive granule was found to 

deplete L-arginine and can cause inactivation of T cell through the CD3z mediated T cell 

signalling cascade (519). Altogether, increased neutrophil degranulation could be a key 

mechanism leading to a compromised adaptive immune response during active TB in those 

with diabetes and intermediate hyperglycaemia, and disordered neutrophil responses to 

infection could contribute to the known vascular complications of diabetes.  

 

Platelet degranulation is an innate defence mechanism in response to tissue injury, releasing 

different types of cell mediators such as fibrinogen, von Willebrand factor (vWF), adenosine 

di/triphosphate (ADP/ATP), and serotonin (520). Activated platelets undergo morphological 

changes and release of other granules which promote coagulation such as fibrinogen and 

vWF (521). Other cell surface receptors and cytokines such as P-selectin, b2/b2 integrin and 

CXCL4 (Platelet Factor 4, PF4) were found to promote inflammatory immune responses by 

recruiting more leukocytes to the site of injury, further exaggerating inflammation (522, 

523). As already mentioned, patients with T2DM are highly susceptible to the development 

of macrovascular complications such as atherosclerosis, thrombosis, and carotid artery (524-

526). Interestingly, thrombin activation may induce increased inflammatory response by 

cleaving pro-IL-1a into an active form (IL-1a) leading to recruitment of leukocytes, and 

activation of pro-inflammatory Th17 cells (527, 528). In this chapter, TB-DM and TB-IH 

patients show up-regulation of IL1R2, a decoy receptor of IL-1 indicating a counterbalanced 

anti-inflammatory mechanism against IL-1 activity (529). 

Moreover, neutrophil-derived genes such as S100A8, CEACAM1, and CD177 are mutually 

up-regulated in TB-DM and TB-IH compared to healthy controls. S100A8 encoding S1000 
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calcium-binding proteins A8 secretes from myeloid cells primarily neutrophils and 

monocytes upon activation. S100A8 and S100A9 form a heterodimer and exerts multiple 

biological activities during inflammatory immune responses (237). Increased production of 

S100A8/A9 enhances production of thrombopoietin, which in turn promotes thrombocytosis 

and atherosclerosis (530, 531). In diabetes patients, elevated plasma S100A8/A9 and high 

HbA1c level are correlated with reticulated thrombocytosis (526). Immune cell profiling by 

xCell identified enriched Th2 cells in TB-DM and TB-IH patients compared to TB-only. 

Moreover, functional pathway analysis identified up-regulation of IL-4 and IL-13 signalling 

in TB-IH patients. There is evidence that Th2 cytokines such as IL-4 and IL-13 divert the 

protective Th1 immune response against Mtb infection, resulting in uncontrolled infection 

and progression to active TB (532, 533).  

 

Type I immune responses, in particular IFN-g, are essential for controlling the intracellular 

infection during active TB and melioidosis (76, 534). In TB, CD4+ T cells are the primary 

source of IFN-g during adaptive immune response against Mtb infection (535). This reflects 

the important role of cellular immunity mediated by CD4+ T cell against Mtb infection,  in 

which HIV+ individuals are exceptionally susceptible to TB. On the other hand, type I 

immune response by CD4+ T cells during melioidosis may be compensated by other 

immune cells in particular CD8+ T cells (76), in which one study reported poor evidence of 

enhanced susceptibility to melioidosis in HIV+ population (502). Furthermore, having HIV 

during melioidosis is not associated with increased disease severity, however, the study 

might be underpowered (502).  

 

This chapter confirms that whole blood transcriptomic profiles from TB patients were 

dominated by interferon signalling pathways and complement cascade. However, TB-DM 
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and TB-IH patients show reduced expressions of interferon signalling genes and pathways, 

particularly interferon stimulated genes compared to TB-only patients. Moreover, TB-DM 

and TB-IH show up-regulated pathways involved in innate inflammation such as neutrophil 

and platelet degranulation and coagulation. Melioidosis patients show similar transcriptomic 

profiles. Pathways involved in inflammatory immune responses such as neutrophil 

degranulation, platelet activation, and complement cascades were highly up-regulated in 

melioidosis regardless of diabetes status. Interestingly, melioidosis with T2DM shows up-

regulation of interferon-g and NOD-like receptor signalling pathways which was absent in 

melioidosis without T2DM. Moreover, KEGG pathways involved in inflammatory immune 

responses such as TNF signalling, immune response to leishmaniasis and legionellosis were 

up-regulated in melioidosis with T2DM reflecting excessive an inflammatory immune 

response in melioidosis with T2DM.  

 

Interestingly, pathways involved in coagulation (formation of fibrin clot) and binding and 

uptake of ligands by scavenger receptors were up-regulated in TB-DM, TB-IH, and 

melioidosis patients with T2DM. Under hyperglycaemic condition, scavenger receptors (i.e. 

class A scavenger receptor) and proinflammatory cytokines (IL-6 and IL-12) are highly 

expressed in dendritic cells and macrophages, leading to increased uptake of oxidised low-

density lipoproteins that initiate local inflammatory response, and development of 

atherosclerosis (536, 537).  

 

The phosphatidylinositol 3-kinase (PI3K)-Akt signalling pathway was mutually down-

regulated in TB-DM, TB-IH, and melioidosis patients with T2DM. The PI3K-Akt signalling 

pathway regulates many cellular functions such as cell growth and proliferation, glucose 

metabolism, apoptosis, and immune response (538). Insulin resistance, hyperglycaemia and 
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excess free fatty acids (FFAs) have been linked to dysregulation of the PI3K-Akt signalling 

pathway (539). For example, FFAs are able to inhibit activation of insulin pathway, but 

activate protein kinase C which triggers the NK-kB pathway (540). The latter pathway may 

play a major role in increased inflammatory immune response in diabetes (541). A vitro 

study of the PI3K-Akt signalling pathway in human endothelial model under 

hyperglycaemia identified reduced activity of the PI3K-Akt signalling pathway, reduced 

proliferation, and increased apoptosis of endothelial cells (542). Similar observation in 

diabetes and high-fat diet model using pigs identified decreased phosphorylation of Akt 

related signalling, but increased activation of NF-kB and apoptosis in those that developed 

advanced atherosclerosis (543).  

 

The unsupervised analysis approach by WGCNA identified one co-expressed gene module, 

ME darkturquoise which was significantly correlated with diabetes status and HbA1c level 

in TB-DM patients. Two hub genes including CEACAM8 and BPI were identified and 

differentially expressed in TB-DM compared to TB-only. CEACAM8 (Carcinoembryonic 

Antigen-Related Cell Adhesion Molecule 8) encodes a cell adhesion module (CD66b) which 

is highly expressed on neutrophils during activation i.e. degranulation and production of 

reactive species (544) and was linked to increased disease severity and poor outcome in 

inflammatory diseases and acute infections (544-546). Several studies have demonstrated 

that expression of CD11b on monocytes, together with CD66b on neutrophils, are increased 

in diabetes patients compared to healthy donors (547, 548). The increased cell adhesion 

molecules on neutrophils may be associated with increased risk of developing diabetes-

related complications i.e. atherosclerosis (547).  
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BPI encodes Bactericidal Permeability Increasing Protein (BPI) which is found in the 

azurophilic granules of neutrophils and has binding specificity and neutralisation activity 

against lipopolysaccharide (LPS) from Gram-negative bacteria (549). In TB, BPI can 

recognise lipoarabinomannan (LAM) of Mtb which shares some similar properties to LPS, 

thus BPI-mediated immune response to Mtb can be detectable in TB patients (550-552). BPI 

has regulatory roles such as induction of apoptosis, inhibition of angiogenesis, and lipid 

metabolism (553). Plasma BPI was found to positively correlate with lipid metabolites in 

people with glucose intolerance such as total cholesterol, low- and high-density lipoprotein 

cholesterol, and endothelial-dependent vasodilation (554). A study in patients with 

myocardial infarction identified significant increased plasma BPI along with inflammatory 

markers such as IL-1b, MPO, and S100A8/A9 compared to healthy control group and 

correlated with severity of coronary artery disease (555).  

 

Furthermore, WGCNA identified four co-expressed gene module, ME tan and yellow, pink, 

and magenta which were positively associated with intermediate hyperglycaemia status and 

HbA1c level in TB patients respectively. Four potential regulators including S100A11, 

TRAPPC1, TREML1, and GP9 were identified in TB-IH compared to TB-only patients. 

S100A11 encodes S100 Calcium Binding Protein A11 (Calgizzarin) that is released from 

neutrophils during NETosis and promotes pro-inflammatory immune responses in 

rheumatoid arthritis (556). Furthermore, pro-inflammatory cytokines such as IL-1b and 

TNF-a can induce expression of S100A11 that binds to receptor for advanced glycation end 

product (RAGE) receptor and activates p38 MAPK signalling pathway (557). Binding of 

S100A11 to RAGE promotes arterial calcification, a hallmark of atherosclerosis in mice 

model (558). TRAPPC1 encodes Trafficking Protein Particle Complex 1 (TRAPPC1) which 

is known to participate in protein trafficking between endoplasmic reticulum and Golgi 
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complex (559). Ex vivo stimulation of LPS in human macrophages drives up-regulation of 

TRAPPC1 genes along with other genes involved in inflammatory immune responses such 

as ISG15, IFIT2 and CXCL10 (560). As described earlier, the immune response to LPS may 

indicate LAM-induced immune response. The up-regulation of TRAPPC1 thus reflects host 

immune response against LAM during active TB. However, a role of TRAPPC1 in diabetes 

during infection remains to be further elucidated. TREML1 encoding for Triggering 

Receptor Expressed on Myeloid Cells Like 1 or TREM-Like transcript 1 (TLT-1) is a type 

1 single Ig domain receptor expressed in megakaryocytes and on alpha-granule membranes 

of platelet, translocating to membranes of platelet during platelet activation. Moreover, 

TLT-1 and its soluble form have anti-inflammatory properties, dampening leukocyte 

activation and promoting platelet aggregation in sepsis (561, 562). Expression of TLT-1 was 

shown to be a more sensitive marker of platelet activation than its co-expressed adhesion 

molecule, P-selectin (CD62P) (563). Increased platelet activation is a hallmark of diabetes 

and its related complications such as atherosclerosis and coronary artery disease. High levels 

of P-selectin and soluble TLT-1 were found in the patients with acute myocardial infarction 

compared to healthy control group (564). One study identified increased expression of TLT-

1 on monocytes during active TB and could induce platelet-monocyte aggregates (PMAs) 

and pro- and anti-inflammatory cytokines including IL-1b, IL-6 and IL-10 from B cells 

(564). GP9 encodes Glycoprotein IX Platelet (CD42a) highly expressed on platelet during 

activation and adhered to blood vessels via binding to vWF (565). Like other platelet related 

genes, the increased expression of GP9 may indicate hyper-coagulation of platelets in TB-

IH patients and an increased risk of developing diabetes-related complications as discussed 

earlier. Moreover, a direct interaction between activated platelet and lymphocytes impacts 

lymphocyte functions under different conditions (566). A study in multiple sclerosis and 
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experimental autoimmune encephalitis in mice model identified reduced IFN-g production, 

CD4 T cell activation, and proliferation in platelet-T-cell aggregate condition (567).  

 

In summary, TB patients with diabetes and intermediate hyperglycaemia exhibit reduced 

interferon response, but increased inflammatory responses compared to TB without 

diabetes, with key dysfunctions of neutrophil function, clotting cascades and platelet 

function linked to well-described diabetes-induced complications. The reduced interferon 

immune response in TB patients with diabetes could be a potential underlying mechanism 

of increased susceptibility to Mtb infection. On the other hand, melioidosis is an acute 

infection where sepsis is common. As expected, the inflammatory immune response, in 

particular neutrophil degranulation, extracellular matrix organisation, coagulation, and 

platelet activation pathways, is more pronounced in melioidosis compared to TB. However, 

the impact of diabetes on the whole blood transcriptome during melioidosis may be 

overwhelmed by non-specific inflammatory immune response and confounded by other co-

morbidities as described in Chapter 3. Increased pro-inflammatory immune responses such 

as neutrophil degranulation, coagulation and platelet degranulation were observed in TB 

patients with diabetes compared with no diabetes. Probable underlying mechanisms of 

increased susceptibility to infections may include immunomodulation by inflammatory 

mediators, compromised function of innate immune cells particularly neutrophils, and 

dysregulation of the cellular immune response.  
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Chapter 5: What are the transcriptomic profiles associated with 

melioidosis and poor outcomes from melioidosis during community-

acquired infection in Northeast Thailand? 

 

5.1 Introduction 

Melioidosis remains a common cause of community-acquired infection in Northeast 

Thailand, with  infection usually associated with the presence of at least one risk factor. The 

most common comorbidities are hypertension, diabetes, and chronic kidney disease (192, 

568). Sepsis is common in melioidosis, with around 20% of patients developing septic shock 

and the hospitalised case fatality rate in endemic areas can exceed 50% despite appropriate 

treatment (10, 468). Sepsis is defined as life-threatening organ dysfunction caused by a 

dysregulation of host immune responses to infection (182). A prediction of global incidence 

and mortality caused by sepsis in 2017 reported almost 50 million cases and sepsis-related 

death accounted for 11 million deaths (~20% mortality). Strikingly, 85% of all sepsis cases 

occurred in low- and middle-income countries (183). The high mortality rate in resource-

limited settings remains challenging for managing community-acquired sepsis.  

The majority of melioidosis cases present to the hospital with acute infection, and the clinical 

presentations of melioidosis are broad. Pneumonia and bacteraemia are the most common 

manifestations accounting for 60% of all cases (10). In 2018, a 4-year clinical epidemiology 

study of community-acquired infection and sepsis in Northeast Thailand (Ubon-Sepsis) 

(192) enrolled almost 5,000 patients with suspected infection, of which 71% met criteria for 

sepsis. In this cohort, Bp was the second commonest cause of community-acquired 

bacteraemia after E. coli. Likewise, in 2021, a study by Somayaji et al. (194) identified Bp 
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as the second commonest cause of community-acquired bacteraemia in Northeast Thailand 

with a 66% 28-day mortality.   

The host immune response during sepsis is heterogeneous and complex, and concomitant 

hyper- and hypo-inflammation may occur simultaneously (569, 570). Interestingly, 

population surveillance studies have revealed that most people who live in melioidosis-

endemic areas such as Northeast Thailand develop a serological response to Bp (571, 572). 

However, people are most likely to acquire clinical melioidosis when they have the well-

defined risk factors or due to a genetic predisposition (65, 69, 573). Host genetic pre-

disposition is associated with increased susceptibility to melioidosis, disease severity and 

outcome. People with polymorphisms of TNF (TNF2 allele) are more susceptible to 

melioidosis. Moreover, melioidosis patients who did not survive show increased frequency 

of the TNF2 allele (65). Genetic variations in TLR4 are associated with increased 

susceptibility to melioidosis (69). In contrast, melioidosis patients with hypofunctional 

TLR-5 and NLRC4 variants demonstrate a reduced inflammatory immune response and an 

association with survival (573, 574). Therefore, pre-existing comorbidities and genetic 

predisposition play a pivotal role in enhanced host susceptibility to melioidosis and worse 

outcome.  

Bacterial culture remains the gold standard for diagnosis of melioidosis; however, this takes 

several days. Most studies enrol participants following culture-confirmed melioidosis, 

therefore the host immune response close to disease onset is not typically captured. 

Moreover, transcriptomic signatures during sepsis are temporal and dynamic during the 

course of disease (297, 575). Hence, there are gaps between disease onset and how it 

determines clinical outcomes in melioidosis. Previous studies using whole blood 

transcriptomic approaches identified up-regulated inflammatory-related pathways such as 
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inflammation, interferon-inducible genes, and neutrophils in melioidosis in comparison to 

healthy controls (100, 101).  

In this chapter, whole blood bulk RNA sequencing data was analysed from patients with 

community-acquired infections enrolled in the Ubon-Sepsis study. This was a prospective 

observational study conducted between 2013 and 2017 in a single centre study in Northeast 

Thailand. The study examined the clinical epidemiology and outcomes of patients within 24 

hours of hospital admission with community-acquired infection. In this study, the largest 

whole blood RNA sequencing to date was performed with melioidosis patients enrolled 

within 24 hours after hospital admission. I hypothesised that the host immune response is 

dysregulated in fatal melioidosis, and that the transcriptomic signature associated with fatal 

cases can be used to predict the patients at high risk of death. In addition, I hypothesised that 

the transcriptomic signature of melioidosis is distinct from other community-acquired 

infections. Hereby, I aimed to investigate the whole blood transcriptomic profiles associated 

with fatality in melioidosis and the signature of melioidosis compared to other infections in 

the same study setting.  
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5.2 Specific objectives  

1. To investigate the whole blood transcriptomic profiles associated with fatal 

melioidosis compared to those who survived. 

2. To identify the pathways and upstream regulators associated with fatal melioidosis 

that are responsible for deleterious host immune responses.  

3. To investigate the whole blood transcriptomic profiles associated with melioidosis 

compared to other community-acquired infections. 
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5.3 Materials and Methods 

 

5.3.1 Study design, ethical approval, and participant enrolment 

This chapter used whole blood (leukocyte) transcriptomic data generated from a prospective 

observational study conducted between 2013 and 2017 at Sunpasitthiprasong Hospital, 

Ubon Ratchathani, Thailand (Ubon-Sepsis, ClinicalTrials.gov identifier, NCT02217592). 

The study protocol was approved by the ethics committees of the Faculty of Tropical 

Medicine, Mahidol University (MUTM2012-024-01); Sunpasitthiprasong Hospital, Ubon 

Ratchathani (039/2556), the Oxford Tropical Research Ethics Committee (OXTREC172-

12) and the University of Washington Institutional Review Board (42988). The study was 

conducted according to Good Clinical Practice, Declaration of Helsinki and all subjects gave 

written informed consent (192).  

Participants 18 years of age and older who demonstrated at least three systemic 

manifestations of infection according to the criteria listed on the 2012 Surviving Sepsis 

Campaign were enrolled into the study and blood samples were collected (576). The 

transcriptomic study was performed on random samples selected from each of the following 

groups of patients in the Ubon-Sepsis study: (A) patients with melioidosis (as determined 

by a positive culture for Bp from any clinical specimen (n=164), (B) patients with E. 

coli bacteraemia (n=22), (C) patients with S. aureus bacteraemia (n=16), (D) patients 

with Klebsiella pneumoniae bacteraemia (n=13), or (E) patients with negative blood 

cultures and no positive culture of any clinical sample for Bp (n=19). For the uninfected 

control cohort, the study protocol was approved by the ethics committees of the Faculty of 

Tropical Medicine, Mahidol University (MUTM 2018-046-01) and Udon Thani Hospital 

Ethics Committee (6/2561). Uninfected non-hospitalised controls included in the study were 

randomly selected from groups of individuals with (A) diabetes (n=25) or (B) no relevant 
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medical conditions (n=25) recruited from the outpatient clinic and blood donation centre at 

Udon Thani Hospital, Udon Thani, Thailand  

 

5.3.2 Sample collection 

3 ml whole blood samples from all participants were collected at the time of enrolment into 

Tempus blood RNA tubes (Applied Biosystems), stored temporarily at -30°C at the study 

sites and shipped to Mahidol University in Bangkok on dry ice for long-term storage at -

80°C. The samples were then shipped to University of Washington on dry ice and stored at 

-80°C until further processing.  

 

5.3.3 RNA isolation  

Total RNA was isolated from whole blood samples using the Tempus Spin RNA Isolation 

(Applied Biosystems, Thermo Fisher Scientific) by the team at University of Washington. 

Quantification of isolated RNA was performed using a Nanodrop ND-1000 

spectrophotometer. The isolated RNA samples were stored at -80°C until processing. 

 

5.3.4 Library preparation and RNA sequencing 

The RNA sequencing was performed at the University of Washington’s Northwest 

Genomics Centre core facility. For each sample, total RNA was normalised to 7.5ng/µL in 

a total volume of 50µL on the Perkin Elmer Janus Workstation (Perkin Elmer, Janus II).  

Poly-A selection and cDNA synthesis were performed using the TruSeq Stranded mRNA 

kit as outlined by the manufacturer (Illumina, cat#RS-122-2103). All steps were automated 

on the Perkin Elmer Sciclone NGSx Workstation to reduce batch to batch variability and to 

increase sample throughput. Final RNA sequencing libraries were quantified using the 

Quant-it dsDNA High Sensitivity assay, and library insert size distribution was checked 
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using a fragment analyser (Advanced Analytical; kit ID DNF474).  Samples where adapter 

dimers constitute more than 4% of the electropherogram area were not proceeded to 

sequencing.  Technical controls (K562,Thermo Fisher Scientific, cat# AM7832), were 

compared to expected results to ensure that batch to batch variability was minimised.  

Successful libraries were normalised to 10nM for submission to sequencing. RNA 

sequencing was performed using the NovaSeq 6000 system platform.  

 

5.3.5 RNA sequencing analysis workflow 

The processing workflow consisted of the following elements: (1) base calls generated in 

real-time on the NovaSeq6000 instrument (RTA 3.1.5); (2) demultiplexed, unaligned BAM 

files produced by Picard ExtractIlluminaBarcodes and IlluminaBasecallsToSam were 

converted to FASTQ format using SamTools bam2fq (v1.4); (3) sequence read and base 

quality were checked using the FASTX-toolkit (v0.0.13); (4) sequences were aligned to 

GRCh38 with reference transcriptome GENCODE release 30 using STAR (v2.6.1d). Gene 

level expression quantification was generated with RNA-SeQC (v2.3.3) and RSEM (v1.3.1). 

RPKM and TPM for transcript isoforms were quantitated on the merged lane-level data with 

RSEM (v1.3.1). Gene-level RPKMs were quantitated with RNA-SeQC (v2.3.3) on a 

standard collapsed reference annotation. 

 

5.3.6 RNA sequencing quality check 

Key expression QC metrics were reviewed for outliers. Marginal outliers in quality were 

identified using the interquartile ranges (IQR; ~1.5 * IQR) and flagged for further review. 

Principal component analysis (PCA) plots of meta data were generated using PCA analysis 

and were coloured and visualised using standard PCA plotting packages in Python for 

detection of confounding effects. 
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5.3.7 Differential gene expression and functional pathway analysis 

A total of 58,673 transcripts were generated from the sequencing. Differential gene 

expression (DGE) analysis was performed on either a subset of melioidosis patients and 

controls (n=214) or a complete data set including all patients and controls (N=284). Initially, 

genes with no counts or lowly expressed with a cut-off of row sum below 500 were removed. 

Pre-filtered genes (melioidosis subset, n=19,919 features; full data set, n=20,697 feature) 

were normalised and variance stabilizing transformed using DESeq2 R package for 

subsequent data analyses and visualization (392). To assess the impact of melioidosis on the 

whole blood transcriptome, multidimensional scaling by principal component analysis 

(PCA) using the top 1,000 most variable genes was performed among patients and control 

subjects. DGE analysis was carried out using negative binomial generalised linear model 

implemented in DESeq2 R package adjusted for covariates of age and sex. The subsequent 

analyses were performed as described in Chapter 2. Ingenuity Pathway Analysis (IPA) was 

performed on DEGs to identify significantly enriched canonical pathways and upstream 

regulators (P-value <0.05, absolute[z-score]>2).   

 

5.3.8 Weighted gene co-expression network analysis (WGCNA) and identification of 

hub genes 

To identify co-expressed gene network and potential hub genes associated with fatal 

melioidosis, a signed network by WGCNA was performed among melioidosis patients. Pre-

filtered, normalised and variance stabilizing transformed expression data (20, 609 features) 

of melioidosis cohort (n=162) were used for WGCNA and subsequent analyses (415). The 

remaining workflow was performed as described in Chapter 2. 
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5.3.9 Deconvolution of bulk RNA sequencing data  

Cell type abundances were estimated from the bulk RNA sequencing data of 164 melioidosis 

patients using CIBERSORTx (431). To further identify immune cell subsets, enrichment of 

64 cell subsets was performed using xCell R package (version 1.1.0) (435). The melioidosis 

patients were divided into non-survivors (n=84) and survivors (n=80). The imputed cell 

fractions and enrichment were compared using non-parametric Mann-Whitney test in R 

programme. 
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5.4 Results 

 

5.4.1 Demographics of the study cohort 

A total of 284 whole blood samples from patients with community-acquired infection 

including 164 culture-proven melioidosis, 35 culture-proven Gram-negative bacteria (22 

Escherichia coli and 13 Klebsiella pneumonia), 16 culture-proven Gram-positive bacterium 

(Staphylococcus aureus), and 19 culture-negative were sequenced along with 50 blood 

samples from uninfected individuals in the community (25 healthy blood donors and 25 out-

patient diabetes patients). Table 5.1 shows the demographics of the participants. The age 

and sex were statistically significant among the patients. 28-day mortality was 44% among 

all the patients and 51% within the melioidosis cohort. About 40% of all the patients had 

diabetes, without significant difference between the groups (45% among melioidosis 

cohort). Of 164 melioidosis patients, 134 (79%) had bacteraemia upon enrolment. In this 

study all the patients from other Gram-negative and Gram-positive infections were selected 

with bacteraemia. All non-survivors based on 28-day mortality showed significantly higher 

modified SOFA score than the survivors (as expected). 
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Table 5.1 Characteristics of melioidosis, other community-acquired infection and control cohorts. 

 

Abbreviations: SOFA, sequential organ failure assessment. Other Gram-negative group consists of 

patients infected with Escherichia coli (n=22) and Klebsiella pneumoniae (n=13). Gram-positive 

group consists of 16 patients with Staphylococcus aureus infection. Culture negative group refers to 

patients meeting the enrolment criteria but with blood culture negative for any bacteria (n=19). 

Binary and continuous variables were tested Chi-square and Kruskal-Wallis test respectively. 

Modified SOFA score and hospitalisation were expressed with median and interquartile range in 

parenthesis.   

 

5.4.2 Distinct transcriptomic profiles in melioidosis are driven by clinical parameters 

associated with disease severity and poor outcome 

An average of 34 million (M) and 30 M reads per sample (All-disease, SD = 6.8 M; Control, 

SD = 7.7 M) were generated from whole blood RNA sequencing (Supplementary Figure 

5.1A). A total of 19, 919 (melioidosis and controls, n=214) and 20,697 transcripts (complete 

data set, N=284) following pre-filtering were used for subsequent data analyses. The pre-

filtered genes were normalised using the median of ratios method implemented in DESeq2 

R package (392) (Supplementary Figure 5.1B, 5.1C). The normalised expression data 

underwent variance-stabilising transformation for PCA and WGCNA analyses. To 

investigate the impact of case fatality by 28-day mortality status on the whole blood 

Characteristic 
(N=284) Melioidosis 

 (n=164)

Other Gram-
negative
 (n=35)

Gram-
positive
(n=16)

Culture 
negative

(n=19)

Healthy 
control 
(n=25)

Diabetes 
control
(n=25) 

P-value

53 (32) 19 (54) 4 (25) 11 (58) 10 (40) 10 (40)
111 (68) 16 (46) 12 (75) 8 (42) 15 (60) 15 (60)

Age in years, median 
(interquartile range, IQR)

54 (46-64) 68 (58-75) 58 (45-69) 63 (46-76) 46 (41-49) 65 (54-71) <0.001

84 (51) 9 (26) 6 (38) 4 (21) NA NA
80 (49) 26 (74) 10 (62) 15 (79) NA NA
74 (45) 9 (26) 6 (38) 4 (21) NA NA
90 (55) 26 (74) 10 (62) 15 (79) NA NA

130 (79) 35 (100) 16 (100) 0 NA NA
34 (21) 0 0 19 NA NA
52 (32) 5 (14) 2 (12) 4 (11) NA NA

112 (68) 30 (86) 14 (88) 15 (79) NA NA
8 (5-11) 7 (6-12) 11 (5-15) 5 (4-9) NA NA
2 (1-5) 3 (1-6) 4 (0-6) 4 (2-7) NA NA

Having bacteraemia, Yes (%)
No (%) 

<0.001

Having pneumonia, Yes (%)
No (%) 

0.08

Modified SOFA score, non-survivors (IQR) 
 survivors (IQR) 

<0.001

Sex, Female (%)
Male (%)

0.059

28-day mortality, non-survivors (%)
survivors (%) 

0.006

Diabetes status, DM (%)
non-DM (%) 

0.053
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transcriptome, the 1,000 most variable genes were selected for PCA analysis. Firstly, PCA 

identified a clear segregation between melioidosis and the healthy control group (Figure 

5.1). Secondly, PCA coloured by 28-day mortality status shows some separation between 

non-survivors and survivors of melioidosis (Figure 5.1). Thirdly, PCA coloured by 

bacteraemia status shows some separation between melioidosis with and without 

bacteraemia (Supplementary Figure 5.2A). Fourthly, PCA coloured by pneumonia did not 

segregate the patients presenting with and without pneumonia among melioidosis patients 

(Supplementary Figure 5.2B). Finally, PCA coloured by diabetes status shows similar 

transcriptomic profiles between melioidosis with and without T2DM (Supplementary 

Figure 5.3A).  

 

Figure 5.1. Multidimensional scaling by principal component analysis (PCA) of the 1,000 most 

variable genes in melioidosis and control cohorts. PCA in melioidosis and control cohorts was 

coloured by 28-day mortality status. Patients with melioidosis, divided into non-survivors 

(“non_survivors”, red triangles, n=84), survivors (“survivors”, turquoise triangles, n=80), uninfected 

diabetes group (“dm_ctrl”, grey circles, n=25), and healthy donors (“healthy_ctrl”, black circles, 

n=25). PCA plots were generated using plotPCA function implemented in DESeq2 R package.  
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5.4.3 Profound changes in the whole blood transcriptome are driven by case fatality 

and bacteraemia status 

Differential gene expression (DGE) analysis was performed comparing healthy and diabetes 

controls. No differentially expressed genes were identified between diabetes and healthy 

controls (Supplementary Figure 5.3B). Hence, the two control groups were merged into 

one control group as a baseline for subsequent analyses. DGE analysis between melioidosis 

patients and control group was then performed and over 7,000 differentially expressed genes 

(DEGs) were identified in melioidosis compared to control group (absolute[Log2 fold-

change]≥1, adjusted P-value<0.05) (Figure 5.2A). DGE analysis was performed between 

non-survivors and survivors of melioidosis and identified 633 up- and 1,109 down-regulated 

genes (Figure 5.2B).  

 

In this study, bacteraemia was common in melioidosis whereas pneumonia was less common 

in melioidosis and other infections (Table 5.1). DGE analysis was performed to evaluate the 

impact of bacteraemia and pneumonia on whole blood transcriptome in melioidosis. The 

DGE analysis identified 644 up- and 543 down-regulated genes in melioidosis patients with 

bacteraemia compared to those without (Figure 5.2C). The impact of pneumonia on the 

whole blood transcriptome was less pronounced, with DGE analysis identifying 12 up- and 

98-down-regulated genes in melioidosis presented with pneumonia compared to non-

pneumonia cases (Supplementary Figure 5.4A). Despite a 12-fold increased risk of getting 

melioidosis in people who live with diabetes (20), DGE analysis identified no DEGs 

between melioidosis with and without diabetes (Supplementary Figure 5.4B). The 

identified DEGs within melioidosis were compared for overlap by Venn diagram. Over 400 

DEGs were common between non-survivors compared to survivors and melioidosis patients 

with bacteraemia compared to non-bacteraemia (Supplementary Figure 5.5). In contrast, 
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small fractions of DEGs derived from melioidosis with pneumonia compared to non-

pneumonia overlapped among other conditions of melioidosis.  

 

Figure 5.2 Volcano plots of differentially expressed genes between (A) melioidosis (n=164) 

compared to controls (n=50), (B) non-survivors of melioidosis (n=84) compared to survivors (n=80), 

and (C) melioidosis with bacteraemia (n=134) compared to those without bacteraemia (n=34). 

Dotted lines define a cut-off of differentially expressed genes based on absolute[Log2 fold-

change]≥1 (x-axis) and adjusted P-value <0.05 (y-axis). Volcano plots were generated using 

EnhancedVolcano R package.  

 

5.4.4 Melioidosis drives up-regulation of pro-inflammatory immune responses 

dominated by both type I and II interferon signalling  

To identify the impact of melioidosis on the whole blood transcriptome, functional pathway 

analysis based on over-representation analysis by Hallmark and Reactome gene sets was 

performed following DGE analysis. Pathways involved in pro-inflammatory immune 

responses such as type I and type II interferon signalling, neutrophil degranulation, 

signalling by interleukins, and TNF signalling via NF-kB were highly up-regulated in 

melioidosis compared to healthy controls (Figure 5.3). On the other hand, pathways 

involved in cellular regulation such as immunoregulatory interactions between lymphoid 
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and non-lymphoid cells, T-cell signalling and cellular signalling were down-regulated in 

melioidosis compared to healthy controls.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.3 Functional pathway analysis of DEGs between melioidosis (n=164) and controls (n=50) 

(Figure 5.2A). A: Hallmark gene sets. B: Reactome gene sets. The top 10 over-represented pathways 

are displayed. The gradient colour bar corresponds to the adjusted P-value. The size of each term is 

indicated by representative counts. Differentially expressed genes were pre-filtered based on a cut-

off of absolute[Log2 fold-change] and adjusted P-value <0.05. MelvsCtrls_up: up-regulated 

A 

B 
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pathways in melioidosis compared to controls. MelvsCtrls_down: down-regulated pathways in 

melioidosis compared to controls.  

 

5.4.5 Excessive inflammatory immune responses but suppressed T-cell signalling are 

associated with poor outcome and bacteraemia in melioidosis 

To identify how future case fatality (28-day mortality) induces transcriptional changes 

during melioidosis, functional pathway analysis following DGE analysis was performed 

between non-survived and survived melioidosis. Firstly, pathways involved in the 

inflammatory immune response such as neutrophil degranulation, signalling by interleukins, 

TNF signalling via NF-kB , and type II immune responses (IL-10, IL-4, and IL-13) were 

highly up-regulated in non-survivors of melioidosis (Figure 5.4, Supplementary Figure 

5.6). Likewise, pathways involved in inflammation, cell cycle regulation, and interferon-g 

response were up-regulated in melioidosis patients with bacteraemia compared to non-

bacteraemia cases. Secondly, pathways involved in the adaptive immune response such as 

T-cell signalling and activation were down-regulated in non-survivors compared to 

survivors of melioidosis. Distinctively, melioidosis patients with bacteraemia show down-

regulation of pathways involved in tissue homeostasis via erythropoietin-producing 

hepatocellular carcinoma (EPH) receptor signalling. Interestingly, pathways involved in 

pro-inflammatory immune responses such as chemokine signalling pathway, cytokine-

chemokine receptor interaction, and natural killer cell mediated cytotoxicity were down-

regulated in melioidosis with pneumonia compared to non-pneumonia cases 

(Supplementary Figure 5.6).  
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Figure 5.4 Functional pathway analysis based on Reactome gene sets following differential gene 

expression (DGE) analyses among melioidosis cases (Figure 5.2B, 5.2C). The DGE analyses among 

melioidosis patients include non-survivors (n=84) versus survivors (n=80) and bacteraemia (n=130) 
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versus non-bacteraemia (n=34). The gradient colour bar corresponds to the adjusted P-value. The 

size of each term is indicated by representative counts. Differentially expressed gene were pre-

filtered based on a cut-off of absolute[Log2 fold-change] ≥1 and adjusted P-value <0.05. 

Died_up/down = up/down-regulated pathways in non-survivors compared to survivors. 

Bact_up/down = up/down-regulated pathways in the patients with bacteraemia compared to non-

bacteraemia.  

 

5.4.6 Excessive inflammatory immune responses driven by innate immune upstream 

regulators are associated with poor outcome and bacteraemia in melioidosis 

In agreement with the results obtained from functional pathway analyses, canonical pathway 

analysis by Ingenuity Pathway Analysis (IPA) identified up-regulation of pathways involved 

in inflammation such as IL-6 signalling, hypercytokine/chemokine response, PD-1, and 

acute phase response signalling in non-survived melioidosis compared to survivors. 

Strikingly, several pathways involved in the adaptive immune response, particularly T-cell 

signalling cascades such as calcium-induced T lymphocyte apoptosis, ICOS-ICOSL 

signalling in T helper cells, and T cell receptor signalling as well as those involved in antigen 

presentation including dendritic cell maturation and phagosome formation were down-

regulated in the non-survivors (Table 5.2). Likewise, the pathways involved in 

inflammatory immune responses such cell cycle regulation, IL-17 signalling, and p38 

MAPK signalling were also up-regulated in melioidosis with bacteraemia compared to non-

bacteraemia cases (Table 5.3).   
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Table 5.2 Canonical pathway analysis in fatal melioidosis patients. Differentially expressed genes 

were derived from DGE analysis between non-survivors and survivors of melioidosis and pre-

filtered based on a cut-off of absolute[Log2 fold-change]³1 and adjusted P-value <0.05. Significant 

pathways as ranked by P-value. Activated pathways (positive z-scores) are labelled in orange. 

Inhibited pathways (negative z-scores) are labelled in blue. 

 

 

 

 

 

 

 

 

 

Ingenuity Canonical Pathways P-value Z-score
Calcium-induced T Lymphocyte Apoptosis 3.98E-54 -3.606
ICOS-ICOSL Signaling in T Helper Cells 3.98E-53 -3.606
PKCθ Signaling in T Lymphocytes 3.16E-51 -3.3
Dendritic Cell Maturation 3.16E-51 -2.746
CD28 Signaling in T Helper Cells 2.00E-50 -2.449
Role of NFAT in Regulation of the Immune Response 1.58E-47 -4.146
T Cell Receptor Signaling 7.94E-47 -10.823
Systemic Lupus Erythematosus In T Cell Signaling Pathway 6.31E-42 -3.13
Regulation of IL-2 Expression in Activated and Anergic T Lymphocytes 1.00E-41 -9.916
CREB Signaling in Neurons 3.55E-10 -3.825
Phagosome Formation 9.12E-09 -2.557
Th1 Pathway 2.51E-08 -3.13
Breast Cancer Regulation by Stathmin1 3.24E-07 -2.54
G-Protein Coupled Receptor Signaling 7.08E-07 -2.769
Neuroinflammation Signaling Pathway 1.45E-05 -2.268
Factors Promoting Cardiogenesis in Vertebrates 5.37E-05 -3.13
GPCR-Mediated Nutrient Sensing in Enteroendocrine Cells 5.37E-04 -2.5
Pulmonary Fibrosis Idiopathic Signaling Pathway 6.92E-04 -2.121
PD-1, PD-L1 cancer immunotherapy pathway 1.51E-03 3
IL-6 Signaling 3.47E-03 2.138
MSP-RON Signaling In Macrophages Pathway 3.80E-03 3.742
Basal Cell Carcinoma Signaling 4.79E-03 -2.646
Role of Hypercytokinemia/hyperchemokinemia in the Pathogenesis of Influenza 5.89E-03 2.111
Endocannabinoid Neuronal Synapse Pathway 6.03E-03 -2.673
Acute Phase Response Signaling 1.02E-02 2.138
IL-23 Signaling Pathway 3.47E-02 -2.449
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Table 5.3 Canonical pathway analysis in melioidosis patients with bacteraemia. Differentially 

expressed genes were derived from DGE analysis between melioidosis with and without bacteraemia 

and pre-filtered based on a cut-off of absolute[Log2 fold-change]³1 and adjusted P-value <0.05. 

Significant pathways were ranked by P-value. Activated pathway (positive z-scores) are labelled in 

orange. Inhibited pathways (negative z-scores) are labelled in blue. 

 

 

Moreover, T-cell related pathways including regulation of IL-2 expression in activated and 

anergic T lymphocytes and T cell receptor signalling were down-regulated in melioidosis 

with bacteraemia. Enriched upstream regulators based on patterns of differential gene 

expression in fatal compared to non-fatal melioidosis were identified using IPA (409). The 

top 5 upstream regulators including TNF, IL4, IL1A, PTGER2, and OSM were predicted to 

be activated in non-survivors compared to survivors (Table 5.4). Moreover, inhibited 

upstream regulators including DUSP1, CIITA, and GATA3 were identified in the non-

survivors compared to survivors (Table 5.4). On the other hand, top 5 upstream regulators 

identified in the patients with bacteraemia compared to non-bacteraemia cases included 

TNF, PTGER2, CEBPB, FOXM1 and CKAP2L. Of the top 25, 7 upstream regulators were 

common between fatal melioidosis and those who had bacteraemia including TNF (Figure 

5.5), IL4, IL1A, PTGER2, OSM, CEBPB and HGF (Table 5.4).   

 

Ingenuity Canonical Pathways P-value Z-score
Kinetochore Metaphase Signaling Pathway 5.25E-09 2.065
Mitotic Roles of Polo-Like Kinase 3.16E-05 2.53
Estrogen-mediated S-phase Entry 3.31E-04 2.449
Cyclins and Cell Cycle Regulation 1.17E-03 3
Regulation of IL-2 Expression in Activated and Anergic T Lymphocytes 1.35E-03 -4.49
Differential Regulation of Cytokine Production in Intestinal Epithelial Cells by IL-17A and IL-17F 1.41E-03 2.236
Acute Phase Response Signaling 1.70E-03 2.53
IL-6 Signaling 3.16E-03 2.714
Role of CHK Proteins in Cell Cycle Checkpoint Control 5.25E-03 -2.236
T Cell Receptor Signaling 5.75E-03 -5
p38 MAPK Signaling 1.32E-02 2.53
Role of Hypercytokinemia/hyperchemokinemia in the Pathogenesis of Influenza 1.51E-02 2.121
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Table 5.4 Top 25 predicted upstream regulators in fatal melioidosis compared survivors and 

melioidosis with bacteraemia compared to non-bacteraemia cases. Common predicted upstream 

regulators between the two groups are in bold. Significant upstream regulators were based on 

predicted absolute (activation z-score)≥2, and P-value of overlap <0.01.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Upstream Regulator Activation z-score P-value of overlap Upstream Regulator Activation z-score P-value of overlap
TNF 3.627 4.31E-35 TNF 4.431 5.73E-35
IL4 2.162 3.34E-23 PTGER2 4.848 1.01E-33
IL1A 3.705 6.32E-13 CEBPB 4.546 1.52E-25

PTGER2 2.14 6.13E-12 FOXM1 4.417 1.61E-19
OSM 4.607 6.18E-12 CKAP2L 4.796 3.26E-19
C5 2.527 3.98E-11 HGF 4.169 8.55E-19

CEBPB 2.243 1.45E-09 IL4 2.616 1.94E-18
CAMP 2.977 2.48E-09 CDKN1A -2.325 5.61E-17
HGF 2.202 1.36E-08 IL1A 3.559 2.50E-15
HIF1A 2.201 4.10E-08 AREG 4.081 1.33E-14
DUSP1 -2.4 5.52E-08 H2AZ1 3.606 2.88E-14
CD40LG 2.352 8.98E-08 CHUK 2.408 2.33E-13
TCL1A 2.186 9.27E-08 OSM 4.408 6.42E-13
S100A8 2.083 1.99E-07 NFKBIA 2.104 6.82E-13
GATA3 -2.026 4.82E-07 MYD88 4.136 2.05E-11
SAA1 2.414 7.93E-07 FGF2 3.194 7.81E-11
EGF 3.334 1.37E-06 PCLAF 2.998 9.69E-11
CD40 2.818 1.38E-06 MYBL2 2.765 2.01E-10
CIITA -2.581 3.47E-06 IL18 3.391 3.13E-10
CEBPE 3.066 3.66E-06 TGM2 3.944 6.04E-10
TLR4 2.744 4.37E-06 ZFP36 -2.915 1.66E-09
F3 2.308 8.43E-06 NFKB1 2.591 2.54E-09
C3 2.455 1.78E-05 EP400 3.582 2.81E-09

PPRC1 2.734 2.33E-05 E2F3 2.898 4.29E-09
IL1R1 3.265 4.28E-05 TGFBR2 -3.259 6.72E-09

 Non-survivors versus survivors  Bacteremia versus non-bacteraemia
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Figure 5.5 The upstream regulatory network of TNF predicted to be activated in fatal melioidosis. 

Upstream regulator analysis was performed based on patterns of differential gene between non-

survivors and survivors of melioidosis expression (Figure 5.2B) using Ingenuity Pathway Analysis 

software (version 01-20-04). Differentially expressed genes used for this analysis were based on 

adjusted P-value < 0.05. Genes labelled with green indicate decreased expression. Genes labelled 

with red indicate increased expression. Intensities of colours represent a degree of confidence (darker 

= more confidence, lighter = less confidence). Dotted lines: in orange = leads to activation, in blue 

= leads to inhibition, and in yellow = findings inconsistent. Each symbol presents different roles: 

square = cytokine, diamond = enzymes, horizontal oval = transcription factor, vertical oval = 



 182 

transmembrane receptor, and circle = complex/group/other. Significant upstream regulators were 

based on predicted absolute (activation z-score)≥2, and P-value of overlap <0.01. 

 

5.4.7 Co-expressed gene modules enriched with inflammatory immune responses are 

associated with poor outcome 

To complement the results obtained from DGE and pathway analyses, and to identify hub 

genes that may play a deleterious role during melioidosis, WGCNA was performed on the 

genome-wide expression profile from 162 melioidosis patients in an unsupervised fashion, 

following removal of two outliers. Firstly, the sample dendrogram shows two distinct 

clusters by 28-day mortality (Supplementary Figure 5.7A). Secondly, a power of b = 12 

was chosen (soft-threshold R2 = 0.83 and mean connectivity = 107) in order to achieve scale-

free network (Supplementary Figure 5.7B). As a result, 27 co-expressed gene modules 

were identified (Supplementary Figure 5.7C). Module-trait relationship analysis identified 

several co-expressed genes modules such as ME blue, darkturquoise, and brown (indicated 

in red boxes) significantly correlated with clinical traits associated with 28-day mortality 

and markers of disease severity such as increased percentage of neutrophils, higher SOFA 

score, and having bacteraemia. Among the co-expressed gene modules with significant 

correlations to 28-day mortality, ME blue shows the strongest correlation (Pearson’s rho = 

0.6, P-value = 4e-17) (Figure 5.6). Module enrichment analysis identified enriched 

pathways involved in inflammatory immune responses, in particular activation and 

chemotaxis of innate immune cells were enriched within the ME blue, darkturquoise and 

brown (Figure 5.7).  
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Figure 5.6 Module-trait relationship analysis in 162 melioidosis patients by weighted gene co-

expression network analysis. A total of 27 co-expressed gene modules (module eigengenes, MEs) 

were identified. Each column and row represent clinical traits and MEs with corresponding Pearson’s 

correlation coefficient between each ME-trait pair displayed with P-value in parenthesis. The 

gradient colour bar indicates the degree of positivity (maximum +1, red) / negativity (minimum -1, 

blue) for the Pearson’s correlation coefficient. Clinical traits include age (in years, continuous 

variable), sex (binary outcome), diabetes status (binary outcome), 28-day mortality (mortality, binary 

outcome), % of total white cell count represented by neutrophils (freq_neu, continuous variable), % 

of total white cell count represented by lymphocytes (freq_lymph, continuous variable), modified 
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SOFA scores (sofa, continuous variable), modified SOFA scores at least 2 (sofa2, binary outcome), 

pneumonia (binary outcome), and bacteraemia (binary outcome).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.7 Enrichment analysis based on Gene Ontology (biological process) gene sets in module 

eigengene (ME) blue, darkturquoise and brown that were associated with 28-day mortality identified 

by module-trait relationship analysis in 162 melioidosis patients (Figure 5.6). The gradient colour 

bar corresponds to the adjusted P-value. The size of each term is indicated by representative counts. 

Enrichment plot was created using clusterProfiler R package.  
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Module eigengene (ME) or co-expressed gene module can be considered as a representative 

expression profile or first principal component and can be used to visualise expression 

profile associated with phenotypes. Here, MEs demonstrating significant correlations with 

28-day mortality (both positive and negative correlations) were visualised between non-

survived and survived melioidosis. Of 27, 8 MEs including ME blue, darkturquoise, brown, 

midnightblue, yellow, lightgreen, white and pink were higher in the non-survivors compared 

to survivors (Supplementary Figure 5.8A-H). On the other hand, 7 MEs including ME 

purple, turquoise, red, darkgreen, lightyellow, and orange were higher in the survivors 

compared to non-survivors (Supplementary Figure 5.8I-N). Module enrichment analysis 

within MEs associated with survival including ME purple, turquoise, lightyellow and 

darkgreen were highly enriched with  pathways involved in T-cell signalling, mitochondrial 

regulation, cellular regulation, and B-cell receptor signalling (Figure 5.8).  
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Figure 5.8 Enrichment analysis based on Reactome gene sets in four module eigengenes (MEs) 

which were associated with survival identified by module-trait relationship analysis in 162 

melioidosis patients. The top 5 over-represented pathways are displayed. The gradient colour bar 

corresponds to the adjusted P-value. The size of each term is indicated by representative counts. 
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5.4.8 Hub genes involved in inflammation and immune regulation may be responsible 

for the deleterious host immune response in fatal cases of melioidosis  

To identify hub genes associated with poor outcome, the results from supervised (DGE 

analysis) and unsupervised (WGCNA) approaches were compared using a Venn diagram 

for overlapped genes. Top 20 hub genes such as SORT1, EXOC6, ATP11B and NLRC4 were 

identified from the ME blue module using Maximal Clique Centrality (MCC) algorithm 

(Figure 5.9A). Of 2,143 gene members within ME blue, 431 genes were differentially 

expressed identified by DGE analysis between fatal and surviving melioidosis patients 

(absolute[Log2 fold-change]≥1, adjusted P-value<0.05). Of the top 20, 6 hub genes were 

identified in the up-regulated DEGs (Figure 5.9B). The 6 hub genes including CEACAM1 

(CEA Cell Adhesion Molecule 1), SERPINB1 (Serpin Family B Member 1), SORT1 

(Sortilin 1), PGD (Phosphogluconate Dehydrogenase), ATP11B (ATPase Phospholipid 

Transporting 11B), and TBC1D8 (TBC1 Domain Family Member 8).  
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Figure 5.9 Top 20 hub genes with potential regulatory role in fatal melioidosis. A: Top 20 hub genes 

identified in the module eigengene (ME) blue associated with 28-day mortality (Figure 5.6). B: 

Venn diagram of overlapping differentially expressed genes (DEGs), genes member of the ME blue 

identified by weighted gene co-expression network analysis (WGCNA). DEGs derived from up- and 

down-regulated genes between non-survived and survived melioidosis patients (Figure 5.2B). ME 

blue was significantly associated with 28-day mortality by module-trait relationship analysis. 20 Hub 

genes within ME Blue were derived from Maximal Clique Centrality (MCC) algorithm using 

CytoHubba plugin on Cytoscape software. MCC scores of hub genes were ranked from high (red) 

to low (yellow). 

 

5.4.9 Depleted adaptive immune cells, but increased innate immune cells were 

associated with poor outcome 

To identify which immune cells are associated with poor outcome during melioidosis, whole 

blood RNA sequencing data were deconvoluted using CIBERSORTx and xCell. In general, 

the results obtained from both methods were comparable and higher proportions of lymphoid 
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cells were observed in the survivors compared to non-survivors (Figure 5.10, 

Supplementary Figure 5.9). Of 22-immune cell populations identified by CIBERSORTx, 

increased frequencies of neutrophils and gd T cells but lower frequencies of T cell subsets 

including CD8 T cells, resting memory CD4 T cells, and resting NK cells were seen in the 

non-survivors compared to survivors (Figure 5.10). Of 64-cell signature by xCell, 12 

lymphoid cell subsets were significantly enriched in survivors including CD4+ memory T 

cells, CD4+ naïve T cells, CD4+ central memory T cells (CD4+ Tcm), CD4+ effector 

memory T cells (CD4+ Tem), CD8+ T cells, CD8+ central memory T cells (CD8+ Tcm), 

CD8+ effector memory T cells (CD8+ Tem), B cells, memory B cells, naïve B cells, NK 

cells and NK T cells (Supplementary Figure 5.9). Likewise, monocytes, dendritic cells 

(DC), classical dendritic cells (cDC), immature dendritic cells (iDC) and plasmacytoid 

dendritic cells (pDC) were enriched in the survivors (Supplementary Figure 5.10). On the 

other hand, immune cells associated with fatal cases were regulatory T cells (Tregs), 

neutrophils, macrophages, M1 macrophages and basophils (Supplementary Figure 5.9, 

5.10). The results obtained from the deconvolution methods agreed with the results from the 

local hospital laboratory full blood count taken upon enrolment in Ubon Ratchathani, in 

which higher frequency of neutrophils but lower frequencies of lymphocytes and monocytes 

were observed in the non-survivors (Supplementary Figure 5.11). Interestingly, 

melioidosis patients who had pneumonia show reduced CD8+ T cells, Th1 cells, and NK 

cells (Supplementary Figure 5.12). Lastly, Pearson’s correlation analyses between white 

cell counts from 164 melioidosis patients and the deconvolution methods show significant 

correlations in all cell types (Supplementary Figure 5.13, 5.14). 
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Figure 5.10 Scattered boxplots show comparisons of imputed cell fractions between non-survivor 

(blue, n=84) and survivor melioidosis patients (yellow, n=80) using CIBERSORTx. The Y-axis 

displays each cell type proportion. Box plots represent medians with interquartile range plus lines to 

minimum, maximum and potential outliers. Non-parametric Mann-Whitney test was performed with 

its corresponding 2-tailed P-value displayed on each plot alongside median and inter-quartile range 

boxes. 
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5.4.10 Melioidosis shows distinct transcriptomic profiles compared with other 

community-acquired infections 

A total of 20,697 transcripts (complete data set, N=284) following pre-filtering were used 

to compare gene expression profiles between melioidosis and other infections (E. coli, K. 

pneumoniae, S. aureus, and blood culture-negative). To investigate the impact of different 

infection groups on the whole blood transcriptome, the 1,000 most variable genes were 

selected for PCA analysis. By colouring among infection groups, PCA shows clear 

separation of melioidosis compared to other infections (Figure 5.11). To identify 

transcriptomic signatures in melioidosis, separate DGE analysis was performed among 

melioidosis and patients with other community-acquired infections including other Gram-

negative infections (E. coli and K. pneumoniae), Gram-positive infection (S. aureus), and 

blood culture-negative and had all clinical samples negative for Bp. Firstly, DGE analysis 

between melioidosis and other Gram-negative infections identified 486 up- and 510 down-

DEGs (Figure 5.12A). Secondly, DGE analysis between melioidosis and Gram-positive 

infection group identified 139 up- and 86 down-DEGs (Figure 5.12B). Thirdly, DGE 

analysis between melioidosis and blood culture negative group identified 364 up- and156 

down-DEGs (adjusted P-value<0.05, absolute[Log2 fold change]≥1) (Figure 5.12C). 

Fourthly, almost 700 DEGs were unique to melioidosis compared to other Gram-negative 

infections, 58 DEGs compared to Gram-positive infection group, and 249 DGEs compared 

to culture negative group. Of 1,298 DEGs, 77 up- and 17-down regulated were unique to 

melioidosis compared to all other infections (Supplementary Figure 5.15).  
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Figure 5.11 Multidimensional scaling by principal component analysis (PCA) of the 1,000 most 

variable genes in all-disease and control cohorts. PCA in all patients and control cohorts was 

coloured by infection, divided into melioidosis (“mel”, magenta triangles, n=164), other Gram-

negative infections (“gramneg”, navy triangles, n=35), Gram-positive infection (“grampos”, cyan 

triangles, n=16), culture negative (“culture_neg”, coral triangles, n=19), uninfected diabetes group 

(“dm_ctrl”, grey circles, n=25), and healthy donors (“healthy_ctrl”, black circles, n=25). PCA plots 

were generated using plotPCA function implemented in DESeq2 R package.  
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Figure 5.12 Volcano plots showing differentially expressed genes among melioidosis and other 

community-acquired infection. A: Melioidosis (n=164) versus other Gram-negative infections 

(n=35). B: Melioidosis versus Gram-positive infection (n=16). C: Melioidosis versus patients with 

culture-negative results (n=19). Dotted lines define a cut-off of differentially expressed genes based 

on absolute[Log2 fold-change]≥ 1 (x-axis) and P-value < 0.05 (y-axis). Volcano plot was generated 

using EnhancedVolcano R package.  
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5.4.11 Melioidosis causes profound up-regulation of interferon signalling compared 

with other community-acquired infections 

To identify transcriptomic signatures that discriminate melioidosis from other community- 

acquired infections, functional pathway analysis following DGE analyses was performed. 

In general, pathways involved in type I immune responses - predominantly both type I and 

type II interferon signalling were up-regulated in melioidosis compared to all other 

community-acquired infections (Figure 5.13). Likewise, gene set enrichment analysis 

following DGE analyses show complementary results to the functional pathway analysis, 

with both interferon gamma and alpha responses were highly enriched in the melioidosis 

cohort compared to all other infections (Figure 5.14).  
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Figure 5.13 Functional pathway analysis based on Reactome gene sets following differential gene 

expression analyses among melioidosis and other infections (Figure 5.12). The gradient colour bar 

corresponds to the adjusted P-value. The size of each term is indicated by representative counts. 

Differentially expressed gene were pre-filtered based on a cut-off of absolute[Log2 fold-change] ≥1 

and adjusted P-value <0.05. MelvsOGN_up/down = up/down-regulated pathways in melioidosis 

compared to other Gram-negative infections. MelvsGP_up = up-regulated pathways in melioidosis 

compared to Gram-positive infection. MelvsCneg_up = up-regulated pathways in melioidosis 

compared to patients with culture-negative. Enrichment plot was created using clusterProfiler R 

package.  
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Figure 5.14 Pre-ranked gene set enrichment analysis (pre-ranked GSEA) of interferon gamma and 

alpha response based on Hallmark gene sets following differential gene expression analyses among 

melioidosis compared to other community-acquired infections using fgsea R package (Figure 5.12). 

A, B: Melioidosis compared to other Gram-negative infections. C, D: Melioidosis compared to 

Gram-positive infection. E, F: Melioidosis compared to culture negative patients. Each enrichment 

plot displays normalised enrichment score (NES) and adjusted P-value.  
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5.5 Discussion 

 

In this study, whole blood samples from patients with community-acquired infections were 

derived from the four-year prospective observational study conducted at Sunpasitthiprasong 

hospital, Ubon Ratchathani, in Northeast Thailand. This study enrolled participants with 

suspected community-acquired infection within 24-hours after admission based on the 

criteria proposed by 2012 Surviving Sepsis Campaign (576). This allows identification of 

early transcriptomic profiles that are associated with case fatality in melioidosis, compared 

to other studies (including Chapter 3) where enrolment of participants usually occurs after 

culture-proven melioidosis (76). Correspondingly, this study identified melioidosis amongst 

the top three leading causes of community-acquired bacteraemia in Northeast Thailand, with 

the highest 28-day hospitalised case fatality rate at 66% (194). Therefore, it is important that 

patients with higher risk of developing severe disease potentially leading to poor outcome, 

are recognised rapidly allowing appropriate interventions and management.  

 

In this chapter, profound changes of the whole blood transcriptome were observed with over 

3,000 DGEs in melioidosis patients compared to controls. Melioidosis causes wide-spread 

activation of inflammatory immune pathways dominated by innate immune responses and 

both type I and II interferon responses but suppressed cellular immune response by T cells. 

Furthermore, fatal melioidosis demonstrated concomitant inflammation and type II immune 

responses, but a suppressive phenotype of T cell signalling, activation, and antigen 

presentation compared to survivors. Likewise, melioidosis with bacteraemia was associated 

with increased fatality. Several pathways were common to both bacteraemia and fatal 

melioidosis such as excessive inflammation and stunted T cell signalling, likely reflecting 
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the fact that the presence of bacteraemia in melioidosis is closely correlated with the risk of 

death as it represents uncontrolled sepsis (76).  

 

Sepsis is common in melioidosis (10). During sepsis, a high neutrophil-to-lymphocyte ratio 

is a hallmark of increased disease severity and fatality risk in many infection-causing sepsis 

settings (577, 578). Moreover, sepsis patients who develop lymphopenia are likely to have 

worse clinical outcomes (579). In this study, the depletion and dysregulation of T cells 

during melioidosis could be due to an over-compensatory anti-inflammatory immune 

response particularly by IL-10 and PD-1. IL-10 is a potent anti-inflammatory immune 

modulator that acts by inhibiting activation of many immune cells such as phagocytes and 

T lymphocytes (580). During sepsis, neutrophils  are the major source of circulating IL-10, 

and both are elevated in those who develop more severe disease and associated with 

increased fatality (581-583). Programme death 1 (PD-1) is a cell-cell contact anti-

inflammatory mechanism that functions to regulate activation, tolerance, 

immunomodulation of T cells during infections, inflammatory conditions, and cancers 

(584). Increased expression of PD-1 has been demonstrated in sepsis patients (212, 295). 

PD-1 deficient mice in a polymicrobial sepsis model showed improved survival, increased 

bacterial clearance and a lower inflammatory immune response. Likewise, monocytes 

isolated from sepsis patients showed increased PD-1 expression on monocytes compared to 

uninfected control (585). Altogether, excessive inflammation, dysregulated anti-

inflammatory response, and impaired T cell-responses during sepsis lead to poor prognosis 

and worse clinical outcome (472). 

 

Host immune responses during sepsis can be heterogenous, in which both pro- and anti-

inflammation may occur simultaneously making sepsis management exceptionally 
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challenging (569, 570). Sepsis response signatures (SRSs) have been proposed to classify 

and predict clinical outcomes in community-acquired sepsis. Sepsis patients with sepsis 

response signature (SRS1) exhibit immunosuppressed phenotypes, with T-cell exhaustion 

and reduced capability of class-II antigen presentation and have an increased mortality rate 

(296). In contrast, immunocompetent phenotypes that are associated with better outcomes 

have been reported in sepsis patients with SRS2 (296-298). In the Ubon-Sepsis cohort, non-

survivors of melioidosis exhibited suppressed T-cell signalling and antigen presentation 

compared to survivors. This transcriptomic profile resembles that of the SRS1 signature 

associated with increased mortality during sepsis (297). During severe sepsis, the presence 

of PAMPs such as LPS in circulation can cause excessive immune activation mediated by 

TLRs which were highly expressed on leukocytes such as neutrophils (586). Consequently, 

activation of TLR signalling by neutrophils can cause up-regulation of G protein-coupled 

protein kinase 2 (GRK2) expression that leads to reduced expression of chemokine receptor 

CXCR2 (587). The loss of CXCR2 expression impairs neutrophil migration to the site of 

infection leading to high circulating neutrophils, increased systemic inflammation, collateral 

tissue damage, organ dysfunction and death (588).  In this study, we confirmed the up-

regulation of GRK2 (1.2-fold-increased, adjusted P-value = 0.03), but down-regulation of 

CXCR2 (1.3-fold-decreased, adjusted P-value = 0.004) in the non-survivors compared to 

survivors. This represents a potential mechanism leading to excessive yet ineffective  

inflammation and associated fatality during melioidosis.  

 

Apoptosis of lymphocytes is thought to be a primary mechanism of depletion of lymphocyte 

populations during sepsis (589, 590). In this chapter, increased frequency of neutrophils, but 

reduced frequencies of lymphocytes and monocytes were seen in fatal melioidosis compared 

to survivors. Moreover, increased frequencies of innate immune compartment such as 
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neutrophils, gd T cells and unpolarised macrophages (M0), but depletion of lymphocytes 

including CD8 T cells and resting memory CD4 T cells were observed in fatal cases. Our 

previous study by Jenjaroen et al demonstrated that frequencies of both IFN-g producing 

CD4 and CD8 T cells are significantly higher in surviving melioidosis patients (76).  

 

Interestingly, gd T cells were enriched in non-survivors and their roles during melioidosis 

are less well-known . gd T cells are unconventional T cells that express unique T cell receptor 

g and d chain and ability to mediate both innate and adaptive immune responses (591). A 

source of IL-17 during the innate immune response is mainly from gd T cells and NKT cells, 

with IL-17 functioning as a neutrophil chemoattractant (592, 593). However, an expansion 

of gd T cells during innate immune response requires IL-23 which is primarily produced by 

activated macrophages and dendritic cells (594). A subset of gd T cells expressing TLR-1, 

TLR-2, and dectin-1 have been found to produce IL-17 in response to heat-killed M. 

tuberculosis and Candida albicans (593). Moreover, increased frequency of the gd1 T cell 

subset with pro-inflammatory phenotype has been found in sepsis patients and associated 

with severe disease (595). Therefore, the increased frequencies of gd T cells observed in the 

non-survivors could be from gd1 T cell subset which mainly produces IL-17, in line with 

KEGG pathway analysis which identified up-regulation of IL-17 signalling pathway in the 

non-survivors and those with bacteraemia. The increased IL-17 production could attract 

more neutrophils into the circulation which further exacerbate inflammation leading to an 

uncontrolled host immune response, potentially collateral tissue damage, organ dysfunction 

and death (596). Interestingly, Kronsteiner et al. (377) identified increased frequency of 

double negative T cells and antibody response in particular IFN-g producing  gd T cells in 

response to Bp stimulation were associated with survival in melioidosis patients with T2DM. 
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In agreement with CIBERSORTx, the deconvolution method  by xCell identified 

enrichment of multiple lymphocyte subsets from both CD4+ and CD8+ T cell compartments 

in survivors. Moreover, subsets of dendritic cells and monocytes were enriched in the 

survivors. Of note, Tregs, along with neutrophils and basophils, were enriched in non-

survivors compared to survivors. Until now, the role of Tregs during melioidosis is largely 

unknown. Tregs are known to inhibit activation and function of various immune cell types 

such as CD4+ T cells, CD8+ T cell, NK cells, NKT cells, monocytes, and dendritic cells 

(597). Immunoinhibitory mechanisms mediated by Tregs include secretion of 

immunosuppressive  cell mediators (e.g. IL-10, adenosine, TGF-b), down-regulation of co-

stimulatory molecules via cell-cell contact (e.g. CTLA-4 and Lag3), and induction of cell 

apoptosis (598). Huang  et al. identified increased serum and transcripts of IL-10 and TGF-

b in burn-induced sepsis patients that were significantly higher in non-survivors compared 

to survivors (599). Chaichana et al. identified a non-sense mutation in TLR5 (c.1174C>T) 

that was associated with survival in melioidosis, with plasma IL-10 and TNF significantly 

elevated in non-survivors compared to survivors (71). Therefore, suppressive T-cell 

signalling and function in fatal melioidosis may be partly regulated by Tregs.  

 

Up to 60% of melioidosis patients present with pneumonia and bacteraemia manifestation 

(10). Pathways involved in inflammation such as neutrophil degranulation, interleukin 

signalling, IL-17 signalling and granulocyte migration, but down-regulation of lymphocyte-

mediated immune pathways were shared between fatal melioidosis and those with 

bacteraemia. In agreement with the results from canonical pathway analysis, IL-17, p38 

mitogen-activated protein kinase (p38 MAPK), and hypercytokine/hyperchemokine 

response were activated in the patients with bacteraemia. The aforementioned involvement 

of IL-17 in regulating the innate immune response due to the presence of Bp in the blood 
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could cause systemic inflammation leading to tissue damage, organ dysfunction, and 

associated poor outcomes (600). Furthermore, the up-regulation of p38 MAPK could 

promote chemotaxis of neutrophils and other innate immune cells to the sites of infection 

and into the circulation in response to the infection (601). Interestingly, melioidosis patients 

with pneumonia show reduced pro-inflammatory immune responses such as cytokine-

chemokine receptor interaction and natural killer cell mediated cytotoxicity responses 

compared to non-pneumonia cases. In line with the pathway analysis, immunophenotyping 

by xCell identified key immune cells that may explain reduced pro-inflammatory immune 

response such as NK cells, Th1 cells, and CD8+ T cells in melioidosis presenting with 

pneumonia. Type I immune responses are indispensable during intracellular infections 

(602). IFN-g, a key type I immune response cytokine, is mainly produced from Th1 cells, 

cytotoxic T cells, and NK cells (603, 604). An experimental severe pneumonia model of 

Legionella pneumophila (LPN) infection demonstrated that IFN-g-producing NK cells in 

mice were protected against LPN infection, and this effect was diminished in NK cell-

depleted mice (605). Moreover, lower counts of CD8+ T cells (≤ 400 cells/mm3) were found 

to be associated with increased risk of acquiring bacterial pneumonia and morality rate in 

HIV+ individuals (606). Altogether, this chapter supports the importance of cell-mediated 

immune response against development of pneumonia during melioidosis. Nevertheless, 

further in-depth study of the underlying immunopathology associated with pneumonia in 

melioidosis is warranted.  

 

The module-trait relationship analysis by WGCNA was used to identify co-expressed gene 

modules associated with 28-day mortality and hub genes that may be responsible for the 

deleterious immune response in fatal melioidosis. The top 3 co-expressed gene modules 

associated with 28-day mortality were highly enriched with pathways involved in 
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inflammatory immune responses such as activation and chemotaxis of leukocytes, 

inflammatory response, and interferon signalling. By focusing on the ME blue module with 

the highest correlation to 28-day mortality, 6 hub genes CEACAM1, SERPINB1, SORT1, 

PGD, ATP11B and TBC1D8  were found to be up-regulated in fatal melioidosis. CEACAM1 

encodes a cell adhesion molecule which is widely expressed on numerous cell types 

including epithelial, endothelial, innate and adaptive immune cells (607, 608). Along with 

other PRRs, various Gram-negative bacteria such as E. coli, Salmonella spp., and Neisseria 

gonorrhoeae (N. gonorrhoeae) have been found to utilise this cell surface molecule as a 

binding site to enter cells (609, 610). Upon binding to CEACAM1, it activates the cytosolic 

tail and recruits Src homology region-2 domain-containing phosphatase (SHP)-1 and SHP2 

resulting in suppressed TCR signal transduction via CD3z chain and ZAP-70 and inhibition 

of T cell function and activation (610, 611). This mechanism, together with up-regulation of 

IL-10 and PD-1 pathways, may explain down-regulated T-cell signalling cascades in fatal 

melioidosis.  

 

SERPINB1 encodes serine protease inhibitor B1 (SerpinB1) which plays a regulatory role in 

inhibiting several neutrophil serine proteases (NSPs) during activation of neutrophils such 

as neutrophil elastase (NE), cathepsin G (CG), and proteinase-3 (612). Several animal 

studies have demonstrated that SerpinB1 limits excessive activity of NSPs, in turn 

preventing tissue damage, thus serving a protective role during inflammatory responses 

(612-614). The up-regulation of SERPINB1 in the non-survivors could be a marker of high 

activity of NSPs during melioidosis. Nevertheless, a role for SerpinB1 during melioidosis 

requires further study. SORT1 encodes Sortilin 1 protein which is widely expressed on many 

immune cell types (615). Sortilin 1 has been reported to regulate production of pro-

inflammatory cytokines (e.g., IL-6, IFN-a and IFN-g) and intracellular trafficking in 
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inflammatory conditions and infectious diseases (616, 617).  A metadata analysis on sepsis 

derived from whole blood microarray data identified SORT1 to be dysregulated within 

lysosomal membrane protein pathways in sepsis patients compared to controls (618). An 

experimental model of atherosclerosis demonstrated reduced IL-6 and IFN-a production 

from macrophages and Th1 cells and reduced atherosclerotic lesions in sortilin-deficiency 

mice (617). This suggests the pro-inflammatory immune response can be regulated by 

sortilin expressed by macrophages and Th1 cells. ATP11B encodes ATPase, class VI, type 

11B that functions in ion channels and calcium regulation. A study of necrosis in neutrophils 

by Kobayashi et. identified enhanced virulence mechanisms of community-associated 

MRSA during phagocytosis in neutrophils through up-regulation of ATP11B among other 

genes that regulate of ion-channel homeostasis (619). Furthermore, identification of 

biomarkers associated with septic shock in acute kidney injury study by Tang et al. identified 

pathways involved in inflammation particularly those mediated by neutrophils, that were 

highly enriched in the septic shock group. Moreover, they proposed ATP11B as one of the 

hub genes which may be associated with septic shock (620).  

 

Bp infection may cause dysregulation of intracellular homeostasis leading to necrotic 

destruction of cells and tissues during acute melioidosis (621). As a result, damage-

associated molecular patterns (DAMPs) are released into the circulation. The release of 

DAMP-associated antigens further induces systemic inflammation, thus exaggerating on-

going host immune response (231). PGD encodes a third enzyme in the oxidative pentose 

phosphate pathway (PPP), phosphogluconate dehydrogenase (6PGD) that catalyses 6-

phosphogluconate to ribose 5-phosphate during anti-oxidative process and cell proliferation 

(622). Up-regulation of 6PGD and glucose-6-phosphatedyhydrogenase (G6PD) have been 

reported in sepsis patients and in an experimental sepsis model suggesting an alteration of 
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normal immunometabolism with an increase of glycolysis and PPP (623). Daneshmandi et 

al.  identified increased frequency and function of effector CD8+ T cell in 6PGD-deficient 

model with increased mitochondrial respiratory by reactive oxygen species (624). A follow-

up study using the same model identified a shift in T cell polarization towards Th1, Th2 and 

Th17, but reduced Treg development in 6PGD-deficiency model(625). Taken together, the 

host immune response during infection via production of cytokines and chemokines requires 

high levels of energy. To keep up with the demand, activated immune cells switch metabolic 

pathways from oxidative phosphorylation to glycolysis and PPP (626). Over-expression of 

PGD might favour the development of Treg and anti-inflammatory immune responses 

during melioidosis. In agreement with the results from functional pathways and 

deconvolution, up-regulation of the IL-10 pathway and enrichment of Treg cells were 

associated with fatal melioidosis.  

 

The aforementioned hub genes were derived from the most significant co-expressed gene 

module associated with 28-day mortality. To complement these findings, knowledge-based 

upstream regulator analysis was performed on all DEGs following DGE analysis between 

non-survived compared to survived melioidosis cases. In this study, melioidosis patients 

with bacteraemia were associated with increased fatality. The top 5 activated upstream 

regulators including TNF, IL4, IL1A, PTGER2, and OSM were common between fatal 

melioidosis and those who had bacteraemia. TNF encodes tumour necrosis factor (TNF), a 

key pro-inflammatory cytokine known to regulate host immune responses in both innate and 

adaptive immune compartments during infection (627). TNF is mainly produced from 

activated macrophages, monocytes, neutrophils and T cells which initiate a number of host 

immune responses such inflammation, chemotaxis and apoptosis (628). A number of studies 

have reported elevated serum TNF in non-survivors and associated with increased case 
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fatality (629-631). Therefore, it has been one of the therapeutic targets aiming to reduce 

disease severity during sepsis. Unfortunately, many clinical trials targeting TNF were not 

successful, indicating complexity of host immune response during sepsis (205, 632, 633). 

Moreover, TNF can induce apoptosis of mature CD4 T and CD8 T cells (634, 635). Thus, 

the activation of TNF could potentially cause apoptosis of T cells leading to depletion of T 

cells in the fatal melioidosis group. IL4 encodes IL-4 cytokine, a Th2 cytokine mainly 

secretes from mast cells, CD4 T cells, NKT cells and type 2 innate lymphoid cells (636). IL-

4 is known to regulate (inhibit) Th1 immune responses and has been shown to play a 

detrimental role during infections (637, 638). IL-4 inhibits neutrophil recruitment, migration 

to the site of infection and pro-inflammatory signalling (639). Therefore, up-regulation of 

IL4 might restrict protective immunity by type I immune response during melioidosis.  

 

Of note, OSM encodes oncostatin M, a member of the IL-6 family which is produced by 

many immune cells such as neutrophils, macrophages and T lymphocytes and is known to 

play an essential role during inflammation and infection (640-642). A recent study by Gong 

et al. identified elevated  serum oncostatin M in sepsis patients compared to non-sepsis ICU 

patients and healthy controls. Moreover, increased serum oncostatin M correlated with 

markers of disease severity such as SOFA score, white blood cell count, and 28-day 

mortality (643). Therefore, oncostatin M has been proposed as a diagnostic and  prognosis 

biomarker of sepsis and other in inflammatory conditions (643-645). The 3 inhibited 

upstream regulators including DUSP1, GATA3, and CIITA may be involved in dysregulation 

of host immune response during melioidosis. For example, DUSP1 encodes for Mitogen-

Activated Protein Kinase Phosphatase 1 or Dual Specificity Phosphatase 1, the protein that 

regulates inflammatory immune response essential for control of infection (646). An 

experimental sepsis study by Hammer et al (647) using DUSP1-deficient mice showed 
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increased serum CCL-4, IL-10, and IL-6, but failed to clear bacterial infection and had 

poorer outcome compared to wild-type mice. Altogether, the identified upstream regulators 

suggest broad activation of inflammatory programmes leading to an excessive inflammatory 

immune response with systemic inflammation, tissue damages and organ dysfunction in 

fatal melioidosis (208). 

 

During acute melioidosis, Bp infection drives profound up-regulation of both type I and II 

interferons and inflammatory responses mediated by the innate immune compartment (101). 

Bp is an intracellular bacterium which can infect many cell types and replicate within the 

cytosol (648). Type I immunity, particularly the IFN-g-mediated immune response, is 

important for controlling intracellular pathogens such as Bp, Mtb and Salmonella spp. (76, 

649, 650). An earlier transcriptomic study by Koh et al. identified profound up-regulation 

of both type I and II interferon signalling pathways in melioidosis and tuberculosis (101, 

102). In this chapter I sought to identify a transcriptomic signature that discriminates 

melioidosis from other infections from the same study setting. I identified a transcriptomic 

signature of 94 genes (77-up and 17-down DEGs) that distinguished melioidosis from other 

infections. Moreover, the results from GSEA confirmed that melioidosis drives up-

regulation of both IFN-g and IFN-a responses compared to other community-acquired 

infections within the same study setting. This work provides the springboard for further 

development of a biomarker set to discriminate melioidosis from other infections, with 

diagnostic applications.  

 

This study has several strengths including a relatively large sample size of well-characterised 

patients with suspected sepsis enrolled systemically and prospectively over four years of 

study, providing the largest collection of melioidosis samples for RNA-sequencing, 
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alongside early enrolment of participants within 24-hours of admission. However, there are 

some limitations. This study utilised the whole blood bulk-RNA sequencing approach, and 

as a result there is heavy dominance of transcripts derived from neutrophils which could 

potentially obscure transcriptome from other cell populations. Nevertheless, the whole blood 

approach allows unbiased analysis of the entire circulating blood compartment, and 

inclusion of neutrophils that are difficult to preserve and study by conventional cellular 

immunology approaches due to their labile nature. Likewise, the cell-type signature for the 

deconvolution technique (CIBERSORTx) was initially derived from a cancer study, 

therefore its extrapolation to infection patients has limits, for example the presence of 

macrophage and mast cells in circulation detected in this study may fundamentally differ 

between cancer and infection cohorts. These drawbacks may be addressed by a single cell 

RNA sequencing approach in future studies.  

 

In conclusion, this chapter demonstrates profound changes in the whole blood transcriptome 

during melioidosis. Fatal melioidosis patients show distinct transcriptomic profiles 

involving excessive and uncontrolled inflammation and concomitant Th2 responses, but 

impeded fine-tuning of T-cell response and antigen presentation. These heterogenous host 

immune responses highlight a complex relationship between pro- and anti-inflammatory 

immune response during melioidosis. Depletions of many lymphocyte subsets and dendritic 

cells were associated with poor outcome, in which gd T cells and Tregs, in addition to 

neutrophils and inflammatory macrophages, may be responsible for a deleterious immune 

response. The suppressed cell-mediated immune compartment could be due to over-

compensatory anti-inflammatory mechanisms or immunomodulation by Bp as suggested by 

the identified hub genes. Moreover, the transcriptomic signature of melioidosis was 

dominated by type I and II interferon responses which discriminate melioidosis from other 



 209 

community-acquired infections. Ultimately, the identified transcriptomic profiles associated 

with fatal melioidosis can be useful for diagnostic and prognostic tool development aiming 

for rapid detection of patients at higher risk of severe disease. Therefore, appropriate 

treatments and interventions can be initiated early and efficiently. 
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Chapter 6: Validation of transcriptomic profiles associated with fatal 

melioidosis in the independent melioidosis cohort 

 

6.1 Introduction 

Sepsis is common in melioidosis where case fatality in endemic areas may exceed 50% 

despite recommended treatment (10, 468). In melioidosis, elevated pro-inflammatory 

cytokines such as IL-1b, TNF-a, IL-6, IL-8, IL-17A and anti-inflammatory IL-10 response 

have been observed in fatal melioidosis (52, 56, 60, 651). Moreover, impaired cellular 

immune responses to melioidosis by IFN-g secreting CD4+ T and CD8+ T lymphocytes 

have been reported in fatal melioidosis compared to survivors (76). In Chapter 5, the whole 

blood transcriptomic profile associated with fatal melioidosis was identified in melioidosis 

patients admitted within 24 hours after hospital admission. The transcriptomic profile 

features up-regulation of pathways involved in pro- and anti-inflammatory immune 

responses and down-regulation of cell-mediated immune responses in particular T cells in 

fatal melioidosis. 

In 2021, Yimthin et al. reported up-regulation of innate immune pathways such as activation 

of myeloid leukocyte and TLR cascades in non-survived melioidosis patients compared to 

the survivors. Moreover, increased expression of genes involved in inflammation such as 

IL1R2, GAS7, IRAK3 and NFKBIA was proposed to be a hallmark of fatal melioidosis (428). 

Correspondingly, the proposed signature genes were also found to be up-regulated in non-

survivors compared to survivor melioidosis patients in Chapter 3.  

In this chapter, the identified transcriptomic profile from Chapter 5 was validated using the 

independent whole blood transcriptomic data generated from acute melioidosis patients 

from a multi-centre study (DORIM) in seven provinces in Northeast Thailand with similar 
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study settings to the Ubon-Sepsis Cohort of Chapter 5, but excluding Ubon Ratchathani 

province (428, 651). Of note, participants from the validation cohort were enrolled following 

culture-confirmed melioidosis with a median of 3 days after hospital admission. I 

hypothesised that the transcriptomic profile associated fatal melioidosis is prominent prior 

initiation of treatment. Hereby, I aimed to compare the transcriptomic profiles associated 

with fatal melioidosis between the discovery (Chapter 5) and validation (Chapter 6) 

cohorts. Having identified the transcriptomic signatures associated with death, it would 

facilitate the development of a prognostic tool to identify patients at high risk of death for 

targeted therapy, thus reducing the number of case fatalities in resource-limited settings.  
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6.2 Specific objectives  

1. To investigate the whole blood transcriptomic profile associated with fatal 

melioidosis compared to the patients who survived, in the validation cohort. 

2. To compare the identified whole blood transcriptomic profile between the 

discovery and validation cohort.  

3. To identify pathways and upstream regulators associated with fatal melioidosis that 

may be responsible for the deleterious host immune response during melioidosis.  
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6.3 Materials and Methods 

 

6.3.1 Study design, ethical approval, and data acquisition 

Whole blood bulk RNA sequencing data were kindly provided by Professor Narisara 

Chantratita and Thatcha Yimthin from the Department of Microbiology and Immunology, 

Faculty of Tropical Medicine, Mahidol University, Bangkok, Thailand. This dataset was 

published in the journal Emerging Microbes and Infections entitled “Blood transcriptomics 

to characterise key biological pathways and identify biomarkers for predicting mortality in 

melioidosis” (428). Whole blood transcriptomic data were generated from a prospective 

longitudinal study, as part of multi-centre study conducted between 2015 and 2019 across 

seven provincial hospitals in the Northeast of Thailand. Participants aged ≥ 15 years with 

culture-confirmed melioidosis were prospectively enrolled (428, 651). 3 ml of whole blood 

was collected into Tempus blood RNA tubes within 24 hours after a positive culture of Bp 

was obtained in the hospital laboratory. The patients were enrolled into the study with a 

median of 3 days following hospital admission (interquartile range [IQR], 4-6). As a baseline 

control, uninfected healthy donors aged ≥ 18 years were enrolled at provincial hospitals in 

Udon Thani and Mukdhahan provinces. This study was approved by the ethical committee 

of the Faculty of Tropical Medicine, Mahidol University (MUTM2015-022-03), the Udon 

Thani Hospital Ethics Committee (6/2561), and the Mukdhahan Hospital Ethics Committee 

(MEC 010/59) (651). For this chapter, a total of 29 culture-proven melioidosis and 3 healthy 

donors from blood donation centre at Udon Thani Hospital in Udon Thani province were 

included into transcriptomic study.  
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6.3.2 Sample collection, preparation, and RNA sequencing 

For full details regarding materials and methods used in this study, please refer to Yimthin 

et al. “Blood transcriptomics to characterize key biological pathways and identify 

biomarkers for predicting mortality in melioidosis.” Emerging microbes & infections vol. 

10,1 (2021): 8-18. Briefly, 3 ml whole blood samples were collected from melioidosis 

patients following culture-proven melioidosis and healthy blood donors into Tempus blood 

RNA tubes (Applied Biosystems). The samples were stored at either -20°C or -80°C at the 

study sites until further processing. RNA isolation was performed using MagMAXTM for 

Stabilised Blood Tubes RNA Isolation Kit (Life technologies) and RNA concentration was 

measured using the NanoDrop Spectrophotometer (Thermo Fisher Scientific). The RNA 

quality was assessed using the Agilent RNA 6000 Pico kit on 2100 Bioanalyzer (Agilent 

Technologies). RNA libraries were prepared using Ion AmpliSeqTM Transcriptome Human 

Gene Expression Kit (Thermo Fisher Scientific). The final libraries were loaded onto Ion PI 

v3 chips and sequenced using Ion PI Hi-Q Sequencing 200 Kit chemistry (Life 

Technologies) on Ion Proton System for 200 bp read length (428).  

6.3.3 Differential gene expression and functional pathway analysis 

A total of 20,812 transcripts were generated from the sequencing and annotated to gene 

symbol. Genes with no counts or lowly expressed were removed with a cut-off of row sum 

below 10. Pre-filtered genes (16,532 features) were normalised and variance stabilising 

transformed using the DESeq2 R package for subsequent data analyses (392). To assess 

whether melioidosis induces global transcriptional changes, multidimensional scaling by 

principal component analysis (PCA) using the top 1,000 most variable genes was performed 

in 29 melioidosis patients and 3 healthy control subjects. Differential gene expression (DGE) 

analysis was carried out using negative binomial generalised linear model implemented in 
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DESeq2 R package adjusted for age and sex. The subsequent analyses were performed as 

described in Chapter 2. Additionally, Ingenuity Pathway Analysis (IPA) following DGE 

analysis  was performed on DEGs (adjusted P-value <0.05) to identify significant canonical 

pathways and upstream regulators (P-value <0.05, absolute(z-score)>2).  

  

6.3.4 Weighted gene co-expression network analysis (WGCNA) and identification of 

hub genes 

To identify co-expressed gene modules and hub genes associated with fatality in 

melioidosis, a signed network by WGCNA was performed followed by module enrichment 

analysis and identification of hub genes in 29 melioidosis patients (415). Pre-filtered, 

normalised and variance stabilizing transformed expression data (16, 522 features) of 

melioidosis cohort (n=29) were analysed using WGCNA R package (415). The remaining 

workflow was performed as described in Chapter 2.  

 

6.3.5 Deconvolution of bulk RNA sequencing data  

Cell type abundances were estimated from the bulk RNA sequencing data using 

CIBERSORTx (431) and xCell (431) as described in Chapter 2. The melioidosis patients 

were divided into non-survivors (n=15) and survivors (n=14). The imputed cell fractions 

and enrichment were compared using non-parametric Mann-Whitney test in R programme. 

 

6.3.6 Gamma-delta T cell phenotyping 

To validate increased frequency of gamma-delta (gd) T cells in fatal melioidosis patients, 

immunophenotyping of gd T cells by flow cytometry was performed. Cryopreserved 

peripheral blood mononuclear cells (PBMCs) from acute melioidosis patients derived from 

the MICRO1501 study (Chapter 3) were thawed at 37°C and washed one time with RPMI 
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medium supplemented with 10% heat-inactivated fetal calf serum (R10). Afterwards, cells 

were rested in R10 medium supplemented with Benzonate Nuclease (Cat no#E1014-5KU, 

Millipore) at 37°C for one hour and washed with R10 afterwards. For extracellular staining, 

cell were stained for 20 min on ice in the dark with following anti-human antibodies: CD3-

BV510 (Clone:UCHT1, Cat no#300448, Becton Dickinson), CD69-PE (Clone:FN50, Cat 

no#310906, Biolegend), TCR-gd1-VioBlue (Clone:REA173, Cat no#130-120-443, Miltenyi 

Biotec), TCR-gd2-FITC (Clone:B6, Cat no#555738, Becton Dickinson), Live/Dead fixable 

near-IR dead cell staining kit (Cat no#L10119, Invitrogen). Cells were then fixed and 

permed for 20 minutes using BD Cytofix/Cytoperm kit (Cat no#554714, Becton Dickinson) 

and followed by intracellular staining with Granzyme-B-AF647 (Clone:GB11, Cat 

no#515406, Biolegend) for 20 minutes on ice in the dark. Cells were then acquired using a 

MACSQuant X flow cytometer (Miltenyi Biotec). Flow cytometry data were analysed using 

FlowJo software version 10.8.1 on Mac OS X Catalina version 10.15.7. PBMCs were first 

gated based on forward (FSC-A) and side (SSC-A) scatter followed by single cell gating 

using FSC-H and FSC-A. Live CD3+ populations were gated within the single-live cell gate 

(CD3+ LD- ). Subsets of gd T cells populations were based on the expression of the following 

cell surface markers: gd1 T cells (CD3+gd1+), CD69+ gd1 T cells (CD3+gd1+ CD69+), 

Granzyme-B+ gd1 T cells (CD3+gd1+ Granzyme-B+), gd2 T cells (CD3+gd2+), CD69+ gd2 

T cells (CD3+gd2+ CD69+), and Granzyme-B+ gd2 T cells (CD3+gd2+ Granzyme-B+) 

(Supplementary Figure 6.1).  

 

6.3.7 Phospho-flow cytometry in T cells 

To validate reduced T cell signalling in fatal melioidosis patients, phospho-flow cytometry 

in T cells was performed. Matched cryopreserved PBMCs were thawed and rested as 

described previously. Cells were then stimulated with recommended concentration of cell 
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activation cocktail (phorbol myristate acetate (PMA)/ionomycin, Cat no#423301, 

Biolegend), ImmunoCult human T cell activator (soluble anti- CD3/CD28/CD2, Cat 

no#10970, STEMCELL technologies), and R10 medium at 37°C for 20 minutes. 

Stimulations were stopped by adding ice-cold phosphate saline buffer and immediately 

centrifuged at 4°C. Cells were then fixed for 20 minutes on ice with True-Nuclear fixing 

buffer from True-Nuclear Transcription Factor Buffer Set (Cat no#424401, Biolegend). 

Afterwards, cells were permed for 20 minutes on ice with True-Nuclear perm buffer. Cells 

were stained for 20 minutes on ice in the dark with following anti-human antibodies: CD3-

PerCP (Clone:UCHT1, Cat no#300428, Biolegend), CD4-V450 (Clone:RPA-T4, Cat 

no#560345,  Becton Dickinson), CD8a-BV510 (Clone:RPA-T8, Cat no#301047, 

Biolegend), FITC anti-ERK1/2- Phospho (Thr202/Tyr204, Clone:6B8B69, Cat no#369520, 

Biolegend), ZAP70-PE (Clone:1E7.2, Cat no#313404, Biolegend), PE-Cy7 anti-RPS6 

Phospho (Ser235/Ser236, Clone:A17020B, Cat no#608606,  Biolegend). Cells were then 

acquired and analysed as previously described. Median Fluorescence Intensity (MFI) was 

detected for each marker expressing in CD4+ T, CD8+ T and double negative (DNT) T cells. 

Relative Fluorescent Intensity (RFI) was used for a comparative analysis and calculated by 

subtracting with MFI from the negative control (R10 medium). PBMCs were first gated 

based on forward (FSC-A) and side (SSC-A) scatter followed by single cell gating using 

FSC-H and FSC-A. CD3+ populations were gated within the single cell gate (CD3+). 

Subsets of T cells populations were based on the expression of the following cell surface 

markers: CD4+ T cells (CD3+ CD4+), CD8+ T cells (CD3+ CD8+), double negative T cells 

(CD3+ CD4- CD8-). Expression of each intracellular markers including ZAP-70, RPS6, and 

ERK1/2 were detected by MFI within each T cell subset (Supplementary Figure 6.2).  
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6.4 Results 

 

6.4.1 Demographics of the validation cohort 

RNA sequencing data were generated from the independent cohort of 29 patients with 

culture-confirmed melioidosis along with 3 uninfected healthy donors as a baseline control. 

Table 6.1 shows the demographics of the participants. The age and sex were not 

significantly different between non-survivors, survivors, and healthy controls. The 

proportions of patients with and without diabetes was similar between non-survivors and 

survivors. The main difference between the discovery (Chapter 5) and validation cohort 

(this chapter) was the timing of participant enrolment with respect to hospital admission, 

with the validation cohort enrolled the participants following culture-confirmed melioidosis 

with a median of 3 days after hospital admission (Figure 6.1). On the other hand, the 

discovery cohort enrolled the participants within 24 hours after hospitalisation because this 

was a large NIH-funded study sampling 5000 consecutive admissions with sepsis, enabling 

later identification of those with culture-confirmed melioidosis.  

 

Table 6.1 Characteristics of melioidosis patients and healthy donors. 

 

Binary and continuous variables were tested with Chi-square and Kruskal-Wallis tests respectively. 

Characteristic 
(N=32)

Non-survived
Melioidosis 

(n=15)

Survived
Melioidosis 

(n=14)

Healthy control 
(n=3) P-value 

4 (27) 4 (29) 2 (67)
11 (73) 10 (71) 1 (33)

Age in years, median 
(interquartile range)

55 (46-65) 50 (44-62) 28 (28-34)
0.3

8 (53) 7 (50) 0
7 (47) 7 (50) 3 (100)

Sex, Female (%)
Male (%)

Diabetes status, DM (%)
non-DM (%) 

0.9

0.85
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Figure 6.1 Timelines of participant enrolment for discovery and validation cohort. Discovery cohort 

(Ubon-Sepsis) consists of 84 non-survived and 80 survived melioidosis patients. The patients from 

discovery cohort were enrolled within 24-hour after hospital admission. Validation cohort (DORIM) 

consists of 15 non-survived and 14 survived melioidosis patients. The patients from validation cohort 

were enrolled following culture-proven melioidosis with a median of 3 days after hospital admission. 

IQR= Interquartile Range. Created with BioRender.com.  

 

6.4.2 Whole blood transcriptomic profiles are distinct in fatal melioidosis 

An average of 20 million reads per sample (IQR 18-22M) was generated from whole blood 

RNA sequencing for the validation cohort (Supplementary Figure 6.3A). A total of 

annotated 16,532 transcripts following pre-filtering for lowly expressed genes were used for 

subsequent data analyses. The pre-filtered genes were normalised using median of ratios 

method implemented in DESeq2 R package (392) (Supplementary Figure 6.3B, 6.3C). 

The normalised expression data were variance-stabilising transformed for data visualisation. 

To evaluate the impact of case fatality by 28-day mortality measurement on whole blood 

transcriptome, the 1,000 most variable genes were selected for PCA analysis. Firstly, PCA 

identified clear separation between disease and control groups, in which healthy donors were 
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grouped together and adjacent to survived melioidosis patients (Figure 6.2). Secondly, PCA 

coloured by 28-day mortality status shows some separation between non-survived and 

survived melioidosis patients (Figure 6.2). Diabetes is a major risk factor of having 

melioidosis. However, PCA coloured by diabetes status did not segregate between 

melioidosis with and without diabetes, similar to the lack of distinction by diabetes status I 

saw in Chapter 3 and Chapter 5 (Supplementary Figure 6.4).  

 

 

 

 

 

 

 

 

 

 

 

Figure 6.2 Multidimensional scaling by principal component analysis (PCA) of the 1,000 most 

variable genes. PCA in melioidosis and control cohorts coloured by 28-day mortality status. Patients 

with melioidosis, divided into non-survivors (“non_survivors”, red triangles, n=15), survivors 

(“survivors”, turquoise triangles, n=14), and healthy donors (“healthy_ctrl”, black circles, n=3). PCA 

plots were generated using plotPCA function implemented in DESeq2 R package.  
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6.4.3 Profound down-regulation of adaptive immune responses by T cells are 

associated with case fatality in melioidosis  

To identify the impact of subsequent case fatality on the whole blood transcriptome of 

melioidosis patients, DGE analysis was performed between non-survived and survived 

melioidosis patients in the validation cohort. DGE analysis identified 838 up- and 914 down-

DEGs in non-survivors compared to survivors (absolute[Log2 fold-change]≥1, adjusted P-

value<0.05) (Figure 6.3 A). A total of 449 genes (188 [15%] up- and 261 [15%] down-

DEGs) were common between discovery and validation cohort (Supplementary Figure 

6.5). Likewise, Pearson’s correlation analysis of DEGs based on log2 fold-change identified 

highly concordant expression profiles (Pearson’s correlation coefficient R=0.93, P-value 

=2.2x10-16) of the non-survivors compared to survivor between discovery (Chapter 5) and 

validation (this chapter) (Figure 6.3B).  

 

Following DGE analysis, functional pathway analysis based on Reactome gene sets 

identified up-regulation of pathways involved in inflammatory immune responses including 

neutrophil degranulation, signalling by interleukins, and IL-4 and IL-13 signalling, common 

between both the discovery and the validation cohort (Figure 6.4). Distinctively, pathways 

involved in TLR cascades such as TLR4, TLR2, and TLR6:TLR2 were only up-regulated 

in non-survivors compared to survivors from validation cohort. Strikingly, almost all 

pathways involved in T-cell signalling cascades were down-regulated in non-survivors 

compared to survivors from both discovery and validation cohorts.  
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Figure 6.3 Volcano plot of differentially expressed genes in fatal melioidosis and correlation 

analysis of the differentially expressed genes (DEGs) derived from discovery (Chapter 5) and 

validation (this chapter). A: Differential gene expression (DGE) analysis between non-survived 

(n=15) and survived melioidosis patients (n=14) from the validation cohort. B: Pearson’s correlation 

analysis of DEGs based on log2 fold-change derived from DGE analyses between non-survived and 

survived melioidosis patients of the discovery cohort (x-axis, Ubon-Sepsis) and validation cohort (y-

axis, DORIM). DEGs were based on absolute[Log2 fold-change]≥ 1 (x-axis) and adjusted P-value 

<0.05 (y-axis). Pearson’s correlation coefficient, corresponding P-value, and linear regression line 

with 95% confidence interval (shaded area) are displayed within the plot.  
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Figure 6.4 Functional pathway analysis based on Reactome gene sets following differential gene 

expression analysis between non-survived and survived melioidosis patients from discovery (Figure 

5.2B) and validation cohort (Figure 6.3). The top 7 over-represented pathways are displayed. The 

gradient colour bar corresponds to the adjusted P-value. The size of each term is indicated by 

representative counts. Differentially expressed genes were pre-filtered based on a cut-off of 

absolute[Log2 fold-change]³1 and adjusted P-value <0.05.  
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In agreement with functional pathway analysis, canonical pathway analysis identified 

pathways involved in T cell signalling such as T cell receptor signalling, ICOS-ICOSL 

signalling in T helper cells, and Th1 pathway were down-regulated in non-survivors 

compared to survivors in both discovery and validation cohorts (Table 6.2). On the other 

hand, PD-1/PD-L1, MSP-RON signalling in macrophages, and IL-6 signalling pathways 

were up-regulated in fatal melioidosis across both cohorts. Of the top 25 genes, 10 activated 

upstream regulators were common between the discovery and validation cohorts including 

TNF, IL1B, IL4, CEBPA, CSF3, IFNG, IL6, OSM, IL17A, STAT3 (Table 6.3).  

 

Table 6.2 The top 20 common canonical pathways in fatal melioidosis patients from the discovery 

and validation cohorts. Differentially expressed genes were derived from differential gene 

expression analyses between non-survived and survived melioidosis patients and pre-filtered based 

on a cut-off of absolute[Log2 fold-change]³1 and adjusted P-value <0.05. Significant pathways were 

ranked by P-value. Activated pathways (positive z-scores) are labelled in orange. Inhibited pathways 

(negative z-scores) are labelled in blue. 

 

 

Canonical Pathways Discovery Validation
T Cell Receptor Signaling -10.823 -4.217
Regulation of IL-2 Expression in Activated and Anergic T Lymphocytes -9.916 -2.236
ICOS-ICOSL Signaling in T Helper Cells -3.606 -4.472
Calcium-induced T Lymphocyte Apoptosis -3.606 -4
Role of NFAT in Regulation of the Immune Response -4.146 -3.157
CREB Signaling in Neurons -3.825 -3.263
PKC (theta) Signaling in T Lymphocytes -3.3 -2.6
Systemic Lupus Erythematosus In T Cell Signaling Pathway -3.13 -2.646
Th1 Pathway -3.13 -2.646
PD-1, PD-L1 cancer immunotherapy pathway 3 2.558
CD28 Signaling in T Helper Cells -2.449 -3
Factors Promoting Cardiogenesis in Vertebrates -3.13 -2.183
MSP-RON Signaling In Macrophages Pathway 3.742 1.387
Crosstalk between Dendritic Cells and Natural Killer Cells -1.897 -3
IL-6 Signaling 2.138 2.683
GPCR-Mediated Nutrient Sensing in Enteroendocrine Cells -2.5 -2
G-Protein Coupled Receptor Signaling -2.769 -1.668
Glioblastoma Multiforme Signaling -2.496 -1.886
Dendritic Cell Maturation -2.746 -1.633
Basal Cell Carcinoma Signaling -2.646 -1.633
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Table 6.3 The top 25 predicted upstream regulators in fatal melioidosis patients from the discovery 

and validation cohorts. Common predicted upstream regulators between the cohorts are in bold and 

labelled in orange. Differentially expressed genes were derived from differential gene expression 

analyses between non-survived and survived melioidosis patients and pre-filtered based on adjusted 

P-value <0.05. Significant upstream regulators are based on predicted absolute (activation z-

score)≥2 and P-value of overlap <0.01.  

 

 

6.4.4 Co-expressed gene modules enriched with inflammatory immune responses are 

associated with poor outcome 

To complement the results obtained from DGE and pathway analyses as well as 

identification of hub genes that may drive deleterious immune responses during melioidosis, 

WGCNA was performed on the genome-wide expression profile from 29 melioidosis 

patients in an unsupervised fashion. To identify potential outliers, firstly a sample 

dendrogram was constructed from normalised variance-stabilising transformed expression 

data (16,522 features) (Supplementary Figure 6.6A). Secondly, a power of b=16 was 

Upstream Regulator Predicted Activation State Activation z-score Upstream Regulator Predicted Activation State Activation z-score
TNF Activated 3.627 TNF Activated 2.484
IL1B Activated 4.383 IL4 Activated 3.104
IL4 Activated 2.162 IFNG Activated 2.276

CEBPA Activated 3.199 IL1B Activated 3.571
CSF3 Activated 2.134 Immunoglobulin Inhibited -4.484
IFNG Activated 2.663 CEBPA Activated 3.71
IL6 Activated 4.696 CSF3 Activated 4.662
IL1 Activated 3.24 IL6 Activated 4.202

Tnf (family) Activated 2.419 CSF2 Activated 2.169
EZH2 Activated 2.868 TCR Inhibited -2.701
IL1A Activated 3.705 PGR Activated 3.007

PTGER2 Activated 2.14 STAT3 Activated 2.872
OSM Activated 4.607 OSM Activated 3.44

TGFBR2 Inhibited -2.489 CSF1 Activated 2.109
C5 Activated 2.527 SP1 Activated 2.237
AGT Activated 2.433 KLF2 Inhibited -2.368

NOD2 Activated 3.346 IL17A Activated 3.793
IL17A Activated 3.746 EGF Activated 4.093
IL33 Activated 2.142 PPARG Activated 3.087

IKBKB Activated 4.059 TGM2 Activated 5.549
CEBPB Activated 2.243 Akt Activated 2.614

NFkB (complex) Activated 3.331 MYD88 Activated 2.045
STAT1 Activated 2.226 NR3C1 Activated 2.18
STAT3 Activated 2.046 STAT6 Activated 2.069
IL22 Activated 2.958 HIF1A Activated 2.003

Discovery cohort Validation cohort
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chosen (soft-threshold R2 = 0.79 and mean connectivity = 83) in order to achieve scale-free 

network (Supplementary Figure 6.6B). As a result, 25 co-expressed gene modules were 

identified based on dissimilarity of the topological overlap matrix via hierarchical clustering 

using the Dynamic Tree Cut method (Supplementary Figure 6.6C). Thirdly, module-trait 

relationship analysis identified several co-expressed genes modules significantly correlated 

with clinical traits associated with 28-day mortality such as ME blue, darkred, lightgreen, 

and yellow (indicated in a red box) (Figure 6.5). In particularly, ME blue gene module was 

highly correlated with 28-day mortality (highest Pearson’s rho = 0.66, P-value=1e-04) 

Moreover, ME darkred was highly correlated with bacteraemia status (highest Pearson’s rho 

= 0.66, P-value=1e-04). Distinct expression profiles between non-survivors and survivors 

within each module (module eigengene, ME) were visualised based on significant 

correlations to 28-day mortality (both positive and negative). Of 25, 5 co-expressed gene 

modules including ME blue, darkred, yellow, red, and lightgreen were highly expressed in 

non-survivors compared to survivors (Figure 6.6 A-E). On the other hand, 5 co-expressed 

gene modules negatively correlated with 28-day mortality including ME turquoise, purple, 

lightyellow, darkgreen, and darkgrey were highly expressed in survivors compared to non-

survivors (Figure 6.6 F-J). 
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Figure 6.5 Module-trait relationship analysis in 29 melioidosis patients by weighted gene co-

expression network analysis. A total of 25 co-expressed gene modules (module eigengenes, MEs) 

were identified. Each column and row represent clinical traits and MEs with corresponding Pearson’s 

correlation coefficient between each ME-trait pair displayed with P-value in parenthesis. The 

gradient colour bar indicates the degree of positivity (maximum +1, red) / negativity (minimum -1, 

blue) for the Pearson’s correlation coefficient. Clinical traits include sex (binary outcome), age (in 

years, continuous variable), diabetes status (binary outcome), 28-day mortality (mortality, binary 

outcome), bacteraemia (binary outcome), % of total white cell count represented by neutrophils 

(freq_neu, continuous variable), and % of total white cell count represented by lymphocytes 

(freq_lymph, continuous variable).  
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Figure 6.6 Scattered box plots show comparison of co-expressed gene modules (module eigengene, 

ME) between non-survived (n=15) and survived (n=14) melioidosis based on 28D mortality. ME is 

considered as a representative expression profile in each gene module. MEs with significant 

associations with 28-day mortality based on module trait relationship analysis were shown. Box plots 

represent medians with interquartile range plus lines to minimum, maximum and potential outliers. 
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6.4.4 Co-expressed gene modules enriched with inflammatory immune responses are 

associated with poor outcome (continued) 

Module enrichment analysis based on Hallmark gene sets within the co-expressed gene 

modules associated with 28-day mortality identified enriched pathways involved in 

inflammatory immune responses such as TNF signalling via NF-kB, IL6 JAK STAT3 

signalling, inflammatory response, myeloid leukocyte activation and differentiation, and 

IFN-g response (Figure 6.7). On the other hand, pathways involved in T cell differentiation, 

antigen processing and presentation, and B cell activation and proliferation were enriched 

in the co-expressed gene modules associated with survival (Supplementary Figure 6.7). 

Taken together, as found in the discovery cohort, an excessive inflammatory immune 

response was associated with fatal outcomes at 28 days, whereas cellular regulation and 

cellular immune response were associated with survival.  
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Figure 6.7 Module enrichment analysis based on Hallmark and Gene Ontology gene sets in the 

module eigengene (ME) blue and lightgreen that were associated with 28-day mortality in 29 

melioidosis patients. The top 10 enriched pathways are displayed. A: Hallmark gene sets. B: Gene 

Ontology gene sets. The gradient colour bar corresponds to the adjusted P-value. The size of each 

circle indicates representative counts. 
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6.4.5 Depletion of adaptive immune cells, particularly T lymphocytes, is associated with 

fatal melioidosis 

To explore the frequency of immune cells associated with fatal melioidosis, whole blood 

RNA sequencing data were deconvoluted using CIBERSORTx and xCell. Of 22-immune 

cells by CIBERSORTx, proportions of lymphocytes both T and B cells were reduced, but 

increased neutrophils and gd T cells in non-survivors compared to survivors (Figure 6.8). 

Similarly, deconvolution by xCell identified depletion of lymphocytes and professional 

antigen presenting cells such as CD4+ T cells, CD8+ T cells, Th1 cells, NK cells and 

dendritic cells in non-survivors compared to survivors (Supplementary Figure 6.8, 6.9). In 

contrast, myeloid cells such as macrophages, M1 and M2 macrophages and monocytes were 

highly enriched in non-survivors (Supplementary Figure 6.9). In line with the results from 

the full blood count from the hospitals’ laboratories, lower frequencies of lymphocytes but 

higher neutrophils counts were observed in non-survivors (Supplementary Figure 6.10). 

Nevertheless, Pearson’s correlation analyses between white cell counts from 29 melioidosis 

patients and the deconvolution scores show some significant correlations mostly within 

lymphocyte populations, whereas frequency of monocytes and different myeloid cells were 

not correlated possibly due to insufficient sample size (Supplementary Figure 6.11, 6.12). 
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Figure 6.8 Scattered boxplots show comparisons of imputed cell fractions between non-survived 

(blue, n=15) and survived (yellow, n=14) melioidosis patients in the validation cohort using 

CIBERSORTx. The Y-axis displays each cell type proportion. Box plots represent medians with 

interquartile range plus lines to minimum, maximum and potential outliers. Non-parametric Mann-

Whitney test was performed with its corresponding 2-tailed P-value displayed on each plot alongside 

median and inter-quartile range boxes. 
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6.4.6 Activated gamma-delta 1 T cells may play a deleterious role during melioidosis 

In sepsis, increased circulating gd1 T cell subset was associated with case fatality whereas 

higher frequency of gd2 T cell subset was associated with survival (595). In this study, 

deconvolution of whole blood RNA sequencing data by CIBERSORTx identified increased 

frequencies of gd T cells in non-survivors compared to survivors in both the discovery 

(Chapter 5) and validation (Chapter 6) cohorts (Supplementary Figure 6.13A, 6.13B). 

There was a trend of higher gd T cells in non-survivors compared to survivors of melioidosis 

cohort from Chapter 3 (Supplementary Figure 6.13C). To validate this finding and further 

study contribution of specific gd T cell subset during melioidosis, immunophenotyping of 

gd T cell subsets including gd1 T and gd2 T cells was performed on PBMC samples derived 

from an independent cohort of acute melioidosis patients, where the samples were drawn a 

median of 5 days after hospitalisation (Chapter 3). The immunophenotyping shows 

comparable frequencies of gd1 T and gd2 T cells between non-surviving and surviving 

melioidosis patients at this timepoint (Figure 6.9A, 6.9D). There was trend of higher CD69+ 

gd1 T cells in non-survivors compared to survivors (Figure 6.9B). In addition, frequencies 

of granzyme B-expressing gd1 and gd2 T cells were not different between non-survivors and 

survivors (Figure 6.9C, 6.9F). 
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Figure 6.9 Scatter plots show frequencies of gd T cell subsets in peripheral blood mononuclear cells 

from acute melioidosis patients by immunophenotyping using flow cytometry. A-C: Frequencies of 

gd1 T cells, CD69+ gd1 T cells and granzyme B+ gd1 T cells within live CD3+ cells among non-

survivors (n=10), survivors (n=10) of melioidosis, and healthy control (n=6) respectively. D-F: 

Frequencies of gd2 T cells, CD69+ gd2 T cells and granzyme B+ gd2 T cells within live CD3+ cells 

among non-survivors (n=10), survivors (n=10) of melioidosis, and healthy control (n=6) 

respectively. Non-parametric Mann-Whitney test was performed with its corresponding 2-tailed P-

value displayed on each plot alongside median and inter-quartile range boxes. 
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6.4.7 Unchanged T cell signalling upon T cell receptor stimulation in PBMC from acute 

melioidosis patients 

According to canonical and functional pathway analyses, pathways involved in T cell 

signalling cascades were profoundly down-regulated in non-survivors compared to 

survivors. To validate this finding, phospho-flow cytometry of phosphorylated T cell 

signalling molecules were performed on PBMC samples derived from the independent 

cohort of acute melioidosis patients (Chapter 3). PBMC samples from acute melioidosis 

patients from the independent cohort were stimulated with T cell receptor (TCR)-dependent 

stimulator (aCD3/CD28/CD2), TCR-independent stimulator (PMA/Ionomycin), and R10 

medium served as a negative control. Expression of phospho-ZAP-70, phospho-ERK1/2 

(Thr202/Tyr204), and phosphor-S6 ribosomal protein (RPS6, Ser235/236) were measured 

within CD4+ T, CD8+ T, and double negative (DN) T cells. 

Firstly, to identify the composition of T cell subsets, T cell phenotyping was performed for 

unstimulated PBMC derived from the melioidosis patients and healthy donors. Surprisingly,  

frequencies of T-cell subsets including CD4+ T, CD8+ T, and DN T cells were not different 

between non-survivors and survivors of melioidosis, and healthy donors (Figure 6.10). 

However, there was a trend of higher frequency of DN T cells in the survivors compared to 

non-survivors. Secondly, to assess whether TCR-dependent and independent stimulators 

induce phosphorylation of TCR signalling molecules, expression of phospho-ZAP-70, 

phospho-ERK1/2 and phosphor-S6 ribosomal protein (RPS6) were compared against 

baseline stimulation with R10 medium. All T cells subsets including CD4+ T, CD8+ T, and 

DN T cells show increased expression of phospho-ZAP70 in melioidosis patients when 

stimulated with aCD3/CD28/CD2 (Supplementary Figure 6.14A, 6.14D, 6.14G). 

Moreover, stimulations with either aCD3/CD28/CD2 or PMA/Ionomycin could induce 

expression of phosphor-RPS6 in all T cell subsets in melioidosis patients (Supplementary 
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Figure 6.14B, 6.14E, 6.14H). However, expression of phosphor-ERK1/2 was slightly 

increased but not statistically significant in any stimulations or T cell subsets 

(Supplementary Figure 6.14C, 6.14F, 6.14I). Thirdly, to assess the impact of subsequent 

case fatality on TCR signalling cascades, expression of  phospho-ZAP-70, phospho-ERK1/2 

and phosphor-S6 ribosomal protein (RPS6) were compared between non-survivors and 

survivors. Similar expressions of all TCR signalling molecules were observed between non-

survivors and survivors regardless of T cell subsets and stimulations (Figure 6.11). 

Interestingly, expression of all TCR signalling molecules were higher in melioidosis patients 

compared to healthy controls.  

 

 

 

 

 

 

 

Figure 6.10 Frequencies of baseline T-cell subsets within peripheral blood mononuclear cells 

(PBMCs) derived from acute melioidosis patients (Chapter 3). PBMCs were rested in R10 medium 

for an hour prior immunophenotyping. Frequencies of CD4+ T, CD8+ T, and double negative (DN) 

T cells (see gating strategy in Supplementary Figure 6.2) were compared among non-survivors 

(yellow, n=10), survivors (blue, n=10) of melioidosis patients, and healthy donors (black, n=6). Non-

parametric Mann-Whitney test was performed with its corresponding 2-tailed P-value displayed on 

each plot alongside median and inter-quartile range boxes. 
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Figure 6.11 Scatter plots show phosphorylation of T cell receptor (TCR) signalling cascade proteins 

in peripheral blood mononuclear cells (PBMCs) from acute melioidosis patients using phospho-flow 

cytometry. PBMCs were stimulated with (A-C) a-CD3/CD28/CD2 or (D-F) PMA/Ionomycin. The 

expression of phosphorylated ZAP-70, RPS6, and ERK1/2 were measured within CD4+ T,  CD8+ 

T cells and double negative (DN) T cells amongst non-survivors (n=10), survivors (n=10), and 

healthy control (n=6). Non-parametric Mann-Whitney test was performed with its corresponding 2-

tailed P-value displayed on each plot alongside median and inter-quartile range boxes. RFI = Relative 

Fluorescent Intensity.  
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6.5 Discussion 

 

In this chapter, the whole blood transcriptomic profile associated with subsequent case 

fatality from a large single-centre study of community-acquired melioidosis (Chapter 5, 

“discovery cohort”) was validated using an independent cohort of melioidosis patients 

derived from a multi-centre study of melioidosis in similar study settings. Despite the 

different enrolment timepoint, the whole blood transcriptomic profile associated with fatal 

melioidosis was largely consistent between the two cohorts. The transcriptomic profile in 

both cohorts consisted of excessive inflammatory immune responses, predominately driven 

by innate immune compartment including neutrophils, with profound down-regulation of T 

cell signalling cascades prominent in both cohorts. Accordantly, several co-expressed gene 

modules enriched with inflammatory immune responses were associated with poor outcome 

in melioidosis.  

 

Likewise, the majority of upstream regulators involved in pro-inflammatory immune 

responses were activated in fatal melioidosis both cohorts. Of the top 25, 10 key regulators 

including TNF, IL1B, IL4, CEBPA, CSF3, IFNG, IL6, OSM, IL17A, STAT3 were common 

between the two cohorts. Possible detrimental roles of the upstream regulators including 

TNF, IL4, and OSM were extensively discussed in Chapter 5. Here, deleterious immune 

responses regulated by STAT3, IL6, and IL17A are discussed. STAT3 encodes the signal 

transducer and activator of transcription 3 (STAT3) that exerts multiple functions such as 

inflammatory immune response, cell differentiation, and proliferation (652). STAT3 

signalling cascades can be activated by external stimuli such as cytokines, chemokines, and 

infections (653). As a result, the activated STAT3 regulates host immune responses such as 

phagocytosis, cytokine production and host defence mechanisms (652). For example, 
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binding of LPS to its receptor (TLR-4) can activate STAT3 leading to increased production 

of inflammatory mediators such as IL-1b, TNF, and IL-6 (654). A sepsis model study by Xu 

et al. identified phosphorylation of STAT3 at Tyr705 (pY-STAT3) causing increased pro-

inflammatory immune response, coagulation, and tissue injury. However, administration of 

pY-STAT3 phosphorylation inhibitor reduces inflammation, tissue injury and improved 

survival rate (655). Cell differentiation can be regulated by STAT3 activity. For example 

activation of STAT3 and retinoic acid receptor-related orphan receptor gamma-T (RORgt) 

can differentiate naïve CD4+ T cells into inflammatory helper T cells (Th17), which mainly 

produce IL-17 cytokine in response to infections or during inflammatory conditions (656-

658). Moreover, increased production of IL-17 has been found to be associated with 

development of sepsis, inflammatory immune response, tissue damages, and poor outcome 

(659-661).  

 

IL6 encodes a pro- and anti-inflammatory interleukin-6 (IL-6) cytokine that is primarily 

produced from activated myeloid cells and lymphocytes during infection and tissue damage 

(662-664). Effects of IL-6 are broad, for example IL-6 can activate production of IL-17 from 

neutrophils and increase microbiocidal activity (665). IL-6 in combination with transcription 

factors such as T-bet, GATA3, or RORgt can differentiate naïve CD4+ T cells into Th1, 

Th2, and Th17 cells respectively (666). There is strong evidence to support involvement of 

IL-6 in mediating detrimental host immune response during sepsis and acute infections, in 

which elevated levels of IL-6 in sepsis patients have been associated with increased disease 

severity and mortality (667-669). Moreover, high levels of circulating IL-6 and IL-10 were 

associated with increased disease severity and fatality rate in community-acquired 

pneumonia (670). IL17A encodes a pro-inflammatory IL-17A cytokine that is primarily 

produced from Th17 cells, innate lymphoid cell group 3 (ILC3), and gd T cells (671). IL-
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17A participates in inflammatory immune response during infection and in inflammatory 

conditions (657, 672). High levels of IL-17A during infection have been shown to cause 

systemic inflammation through influx of neutrophils into the circulation (673). Several 

studies have demonstrated that depletion of IL-17A in a caecal ligation and puncture (CLP) 

induced sepsis model could reduce proinflammatory cytokines such as TNF, IL1-b and IL-

6, and improve survival rate (659, 674, 675). Taken together, the detrimental host immune 

response during melioidosis may be regulated by a number of upstream regulators that work 

in a concerted manner resulting in excessive inflammation and dysregulation of the host 

immune response.  

 

Host immune responses associated with fatal melioidosis are dysregulated (10). Certain 

immune cells may play detrimental roles, leading to severe disease and poor outcome. Here, 

fatal melioidosis patients from both cohorts show increased abundance of gd T cells based 

on the deconvolution method by CIBERSORTx. The host immune response by gd T cells in 

melioidosis is not well characterised. A previous preliminary study of gd T cells in 

melioidosis identified lower frequency of circulating gd2 T cells with effector memory 

phenotype (CD45RA- CCR7-) in non-survivors compared to survivors (676). During 

bacterial sepsis, the frequency of gd T cells has been found to be reduced in severe disease 

and in fatal cases (677, 678). However, immune phenotyping of gd T cells in sepsis patients 

by Wang et al. identified increased frequency of the gd1 T cell subset in sepsis patients 

compared to healthy controls, whereas the frequency of the gd2 T cell subset was higher in 

healthy controls. Moreover, the frequency of gd1 T cells was higher in fatal cases compared 

to those who survived (595). In this chapter, the gd T cells subset (gd1 T and gd2 T cells) 

findings were validated based on the deconvolution method with the transcriptomic data.  
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However, wet laboratory gd T cell immunotyping using PBMC from an independent cohort 

(from MICRO1501, Chapter 3) did not identify any altered frequencies of either gd1 T or 

gd2 T cells in non-survived compared to survived melioidosis patients, in agreement with a 

previous published study using the same patient cohort (377). However, there was a trend 

of higher frequency of CD69-expressing gd1 T and gd2 T cells in non-survivors compared 

to survivors. A study by Liao et al. reported reduced NKG2D but increased expression of 

CD69 on gd T cells, along with pro- and anti-inflammatory cytokines including IFN-g, IL-

17, IL-10 and TGB-b in sepsis patients compared to healthy controls. However, ex-vivo 

stimulation with PMA/ionomycin of PBMC obtained from the sepsis patients showed 

reduced function of gd T cells including decreased IFN-g and CD69 expression compared to 

healthy controls (678). Altogether, increased activated gd T cells in fatal melioidosis may be 

involved in increased inflammation possibly via IL-17-mediated immune response as 

suggested by the activation of IL17A upstream regulator as discussed earlier.  

 

Depletion of the cell-mediated immune response, in particular lymphocyte populations, 

alongside elevated neutrophils counts are a hallmark of sepsis and melioidosis and they are 

established as associated with poor prognosis and outcome (76, 600, 679, 680). In this 

chapter, the distinct whole blood transcriptomic profile associated with fatal melioidosis 

gives further mechanistic insight, revealing down-regulation of T-cell signalling pathways 

and antigen presentation in both the discovery and validation cohorts. As discussed in 

Chapter 5, the identified transcriptomic profile associated with subsequent case fatality 

resembles that of the sepsis response signature 1 (SRS1) associated with an exhaustive T 

cell phenotype and reduced antigen presentation (296, 297). Moreover, Baghela et al. have 

recently proposed five transcriptomic sepsis endotypes corresponding to immune 

mechanisms and disease severity, including Neutrophilic-Suppressive (NSP), Inflammatory 
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(INF), Innate-Host-Defence (IHD), Interferon (IFN), and Adaptive (ADA) (300). Patients 

with NSP and INF has profiles resembling the host immune response in fatal melioidosis, 

including up-regulated inflammation such as neutrophil degranulation, TLRs, and TNF-a 

and down-regulated T cell signalling cascades and activation (300). There is growing 

evidence supporting immunosuppression and worse clinical outcome in sepsis patients 

whose immune responses are skewed towards Th2 phenotypes (497, 681, 682). Moreover, 

concomitant inflammatory immune responses and the Th2 pathway (IL-4, IL-13, and IL-10) 

were up-regulated in fatal melioidosis. In contrast, the canonical Th1 pathway was down-

regulated in fatal melioidosis. Moreover, digital immunophenotyping by the xCell 

deconvolution method identified an enriched Th1 cell subset in survivors compared to non-

survivors. A study by Xue et al. identified increased frequency of Th2 cells and Th2/Th1 

ratio in severe sepsis patients and those who did not survive compared to survivors (682). 

As previously described in Chapter 5, there could be several mechanisms that potentially 

contribute to immunosuppression of T lymphocytes leading to poor outcome in melioidosis. 

These include unbalanced neutrophil-to-lymphocyte ratio, over compensatory anti-

inflammation, inhibition of T cells and antigen presenting cells, immunomodulation by 

certain immune cell subsets, and immunomodulation by Bp.  

 

Despite strong evidence from my transcriptomic approach supporting defective TCR 

signalling transduction in fatal melioidosis, flow cytometry analysis of phosphorylation of 

TCR signalling molecules (ZAP70, RPS6, and ERK1/2) within CD4+ T, CD8+ T and DNT 

cells from PBMC samples were not different between non-survivors and survivors. ZAP70 

is a cytoplasmic protein tyrosine kinase, expressed in T cells essential for TCR signalling 

cascades leading to T cell activation and development (683). Following the recognition of 

antigen presented on MHC molecules, Lck is recruited to CD3 and TCR complex leading to 
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phosphorylation of tyrosine molecule in the immunoreceptor tyrosine-based activation 

motifs (ITAMs). Subsequently, phosphorylated ITAMs recruit ZAP-70 resulting in 

activation of ZAP-70 which further phosphorylates downstream signalling proteins such as 

T cell p38 MAP kinase (MAPK), activation of T cells (LAT), and SH2-domain-containg 

leukocytes protein of 76 kDa (SLP-76) (683, 684). Interestingly, there are visible trends of 

increased phosphorylation of ZAP70 and RPS6 in all T cell subsets in melioidosis patients 

compared to healthy controls. This might suggest functional and pre-activated TCR 

signalling molecules in melioidosis patients during acute disease.  

 

The unexpected results in the flow cytometry experiments, which largely did not validate 

the transcriptomic findings from the discovery and validation cohorts, may be due to a 

number of reasons. Firstly, I found poor cell recovery and viability from the cryopreserved 

PBMC (on average, <50% viability) potentially as a result of (i) long-term storage of PBCM 

samples (5 years), (ii) collection of PBMC in Northeast Thailand followed by several 

journeys and periods of shipping on dry ice to reach the UK, (iii) impact of acute sepsis and 

immune activation on cell viability. Secondly, the PBMC from the MICRO1501 study 

(Chapter 5) were drawn later in the disease course than the other two cohorts, when cellular 

proportions may have changed. Thirdly, the relationship between gene transcripts and 

expression of cell surface markers used to identify cell subsets in flow cytometry may not 

be directly proportional. Nevertheless, a study by Roquetaillade et al. (685) demonstrated 

unaltered TCR signalling molecules (CD3z and AMPK) that are proximal to TCR complex 

in CD4+ T cells between sepsis patients and controls. However, phosphorylation of distal 

TCR signalling molecules such as RPS6 and ERK were reduced compared to controls.  
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In conclusion, the transcriptomic profile associated with fatal melioidosis consists of 

concomitant pro- and anti-inflammatory immune responses but suppressed phenotypes of T 

lymphocytes and antigen presenting cells as identified in both discovery and validation 

cohorts. For example, pathways involved in inflammation such as neutrophil degranulation, 

signalling by interleukins, IL-6 signalling and anti-inflammation such as type-II immunity 

(IL-4 and IL-13) and PD-1/PD-L1 signalling were concomitantly up-regulated in the non-

survivors. A similar phenomenon is also observed in other acute infections, and in sepsis in 

general (686, 687). Moreover, activated upstream regulators i.e., TNF may exaggerate on-

going inflammation and meanwhile modulate protective cellular immune response in fatal 

melioidosis (71, 635). This highlights the complex interplay between hyper- and hypo-

inflammatory immune responses, leading to suppressed T cell functions during melioidosis. 

In agreement with functional pathway analyses, multiple subsets of CD4+ and CD8+ T cells 

were depleted in the non-survivors. On the other hands, myeloid cells such as neutrophils, 

macrophages, and gd T cells were enriched in the non-survivors. Despite improved clinical 

settings, awareness, and diagnosis of melioidosis, the case fatality rate of melioidosis in 

Thailand remains high making clinical management challenging. Ultimately, development 

of a rapid prognostic tool may be useful as guidance for appropriate treatment and clinical 

management.  
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Chapter 7: General discussion and conclusions 

 

7.1 How does type 2 diabetes increase susceptibility to intracellular 

infections? 

People with T2DM are highly susceptible to melioidosis with 12-fold increased risk and 

show a 3-fold enhanced risk of developing TB. For the first part of my thesis, I hypothesised 

that people with T2DM share common underlying mechanisms leading to increased 

susceptibility to melioidosis and TB. I sought to study and compare transcriptomic profiles 

derived from melioidosis and TB patients who lived with diabetes using whole blood RNA 

sequencing approach.  

 

In Chapter 3, the impact of T2DM on the whole blood transcriptome during acute 

melioidosis (a median of 5 days after hospital admission) was studied. This study was the 

first study to utilise a genome-wide transcriptomic approach to unravel whole blood gene 

expression profiles associated with T2DM in melioidosis patients. The PCA did not reveal 

significant differences in transcriptomic profiles between the melioidosis patients with and 

without T2DM. This lack of difference was also observed in the other two independent 

melioidosis cohorts (Chapter 5 and Chapter 6). In keeping with this, DGE analyses was 

unable to identify DEGs between the melioidosis with and without T2DM in any of the three 

cohorts studied, suggesting that any differences in transcriptomic profiles associated with 

diabetes were subtle by the time that people are admitted to hospital with melioidosis. This 

is in contrast to the impact of mortality status on the transcriptome, with the results of PCA, 

DGE, functional analysis, and WGCNA demonstrating a strong impact of mortality status 

on the whole blood transcriptomic responses during melioidosis, for all cohorts studied 
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(Chapter 3, Chapter 5, and Chapter 6). The lack of major difference in the transcriptome 

between people with and without diabetes hospitalised with melioidosis is compatible with 

past clinical studies by our group and others where diabetes status in hospitalised melioidosis 

patients is not associated with differences in disease severity or mortality. This is in contrast 

with studies in viral infections such as SARS-COV2 and dengue virus, in which people with 

diabetes were at increased risk of developing more severe disease and associated with 

increased case fatality compared to normoglycaemic cases.  

 

I next used more detailed transcriptomic analysis techniques to draw out more subtle impacts 

of diabetes on the transcriptome during melioidosis. One such approach, Gene Set 

Enrichment Analysis (GSEA), assesses up- or down-regulation in all genes mapping to a 

given pathway to determine enrichment. This is in contrast to standard overrepresentation 

analysis whereby only the subset of DGEs is assessed for enrichment. Since genes do not 

work in isolation, but are often highly coordinated in functionally overlapping processes, 

GSEA is a more powerful approach for investigating pathway enrichment especially when 

the transcriptional signal is weak. At baseline, the result from GSEA shows increased 

inflammatory responses such as TNF, interferons, and IL-6 in uninfected T2DM control 

compared to healthy control cohort from Chapter 3. Likewise, the results from GSEA 

following DGE analysis in melioidosis (Chapter 3) revealed that multiple pathways 

involving the immune response, cell signalling and metabolism were altered in melioidosis 

patients with T2DM. The top enriched pathways such as TNF signalling, neutrophil 

degranulation, inflammatory response, innate immune system, heme metabolism, and 

IRE1alpha activates chaperones suggest elevated inflammatory immune responses, 

dysregulation of metabolism and an increased ER stress response in the patients with T2DM. 

Similarly, the results from module enrichment following WGCNA analysis identified 
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increased inflammatory response such as neutrophil degranulation, TLR cascades, and 

signalling by interleukins in melioidosis with T2DM. This increased pro-inflammatory 

milieu with heavy neutrophil dominance may directly modulate the cell-mediated immune 

response which is required for controlling intracellular infection.  

 

Overall, the effects of T2DM on the host immune system are complex and heterogenous, 

with baseline dysregulated host metabolism, increased inflammation, hyperglycaemia, and 

insulin resistance likely contributors to the increased susceptibility to Bp infection. Studying 

the impact of diabetes on the transcriptome earlier in the course of infection is likely to 

further illuminate the mechanisms of how the initial innate immune response fails to control 

the infection and instead leads to an excessive pro-inflammatory response. Future use of a 

diabetic mouse model alongside studying early transcriptomic responses to a new vaccine 

in people with and without diabetes is likely to build on my findings.  

 

7.2 Shared whole blood transcriptomic signatures between melioidosis and 

tuberculosis in people with diabetes and intermediate hyperglycaemia 

In this thesis (Figure 7.1), the transcriptomic signature associated with T2DM during 

melioidosis (Chapter 3) and TB (Chapter 4) were identified and compared. In general, 

melioidosis patients show higher magnitudes of pro-inflammatory responses compared with 

TB patients. Melioidosis is typically an acute infection, where sepsis is common and there 

is high mortality of up to 50%. In contrast, TB is more typically a chronic disease with 

mortality recently estimated at 15%. Nevertheless, the two diseases are both caused by 

intracellular bacteria, share the inhalational route of transmission and predominance of 

pulmonary presentations. My findings show that in TB, the whole blood transcriptome was 

dominated by interferon responses (a/b and g). In contrast, interferon signalling pathways 
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in melioidosis patients sampled at a median of 5 days after hospital admission (Chapter 3) 

were less dominant compared to TB cohorts. DGE analysis of a different melioidosis cohort 

sampled within 24 hours of hospital admission (Chapter 5) revealed profound up-regulation 

of both interferon-a/b and interferon-g signalling pathways compared to the healthy control 

cohort. The data suggest that the interferon response is more prominent during early 

melioidosis. The diminished interferon response by median of day 5 could be due to reduced 

bacterial load in the system following antibiotic treatment with decreased number of infected 

cells, therefore, the interferon responses.  

 

Unlike melioidosis, there were substantial differences in transcriptomic profiles between TB 

patients with and without diabetes or intermediate hyperglycaemia. TB patients with 

diabetes and intermediate hyperglycaemia show up-regulation of pathways involved in 

inflammatory responses pre-dominated by neutrophil degranulation, platelet degranulation, 

and coagulation. However, it is interesting that many interferon-related pathways such as 

antiviral mechanisms by IFN-stimulated genes, interferon-stimulated gene 15 (ISG15) 

antiviral mechanism, and pathways previously defined as associated with hepatitis C 

response were not up-regulated in the TB patients with diabetes/intermediate 

hyperglycaemia. It is possible that mechanisms underlying increased susceptibility to TB in 

people with diabetes/intermediate hyperglycaemia are mainly due to defective interferon 

response in combination with increased inflammatory response. It is well-studied that 

interferon-g response is dispensable during Mtb infection. The degree to which the increased 

inflammatory response to TB, in particular by neutrophils, is compensatory as a result of 

uncontrolled infection or causal for the lower interferon responses via modulation of 

protective cellular immunity requires animal models to dissect.  
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Overall, my work has identified that diabetes result in increased pro-inflammatory responses 

to both melioidosis and TB, and abrogation of interferon pathways in TB. The more chronic 

nature of TB may allow better identification of the transcriptomic response, because the 

transcriptomic signature of acute melioidosis is dominated by the acute inflammatory 

response. 

 

 

Figure 7.1 Schematic summary of whole blood transcriptomic profiles associated with increased 

susceptibility to melioidosis and tuberculosis in people who live with type 2 diabetes compared with 

respective healthy control cohorts. Created with BioRender.com. 
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7.3 What are the transcriptomic profiles associated with case fatality in 

community-acquired melioidosis? 

Melioidosis is a leading cause of death from community-acquired infection in Northeast 

Thailand, and earlier diagnosis and identification of those at greatest risk of death would 

facilitate concentration of limited resources in critical care to save lives. In addition, deeper 

understanding of the mechanisms of pathogenicity of Bp and protective immune responses 

enables development of novel therapies and vaccines. For the next part of my thesis, I 

hypothesised that Bp infection causes profound dysregulation of the host response during 

melioidosis leading to high 28-day mortality with identifiable features. I aimed to (i) 

investigate the whole blood transcriptomic profile associated with fatal melioidosis and (ii) 

compare whole blood gene expression patterns in melioidosis to patients hospitalised with 

other community-acquired infections. 

 

This thesis was the first study to define the transcriptomic profile associated with fatal 

melioidosis in a well-characterised cohort with blood samples obtained within 24 hours of 

hospital admission. My main goal was to identify features that could potentially discriminate 

those who will progress to severe disease and death from those who recover. This 

information will be useful in development of a prognostic tool for community-acquired 

melioidosis. The identified transcriptomic profiles associated with fatal melioidosis 

(Chapter 5) was validated in an independent, multi-centre cohort study of melioidosis 

(Chapter 6).  

 

Firstly, the full blood count measured in the local hospital laboratory can provide a simple 

prognostic tool in identifying those who will develop severe disease and lethality. All three 

melioidosis cohorts (Chapter 3, Chapter 5, and Chapter 6) showed similar outcomes, in 
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which non-survivor melioidosis patients had higher neutrophil, but reduced lymphocyte 

counts compared to survivors. These full blood count measurements agreed with the 

deconvolution of whole blood RNA sequencing data, in which depletion of lymphocytes 

and increased circulating neutrophils were associated with poor outcome. Nevertheless, 

more detailed mechanisms associated with case fatality were elucidated.  

 

The whole blood transcriptomic profiles associated with fatal melioidosis were largely 

consistent between the discovery (Chapter 5) and validation cohort (Chapter 6), despite 

the different participant enrolment timepoints (less than 24 hours versus a median of 3 days, 

respectively). Fatal melioidosis patients exhibit increased inflammation with a pronounced 

neutrophil-driven inflammatory response concomitant with type 2 immune responses (IL-4, 

IL-13, and IL-10) (Figure 7.2). Strikingly, depleted cellular immune responses, in particular 

T cell signalling, were identified in the non-survivors. However, there were some differences 

between the two cohorts - for example IL-10 signalling was up-regulated in the non-

survivors in discovery cohort (Chapter 5, < 24 hours after admission) and down-regulated 

in the validation cohort (Chapter 6, median 3 days after admission). Likewise, TLR 

signalling was up-regulated only in the non-survivors from the validation cohort. Similar 

findings were observed in the melioidosis cohort from Chapter 3 (median of 5 days after 

hospital admission), in which TLR signalling was up-regulated in the non-survivors. The 

data suggest that IL-10-mediated anti-inflammatory mechanisms are prominent at admission 

to hospital melioidosis patients who do not survive, but are replaced within days by pro-

inflammatory responses from TLRs and neutrophils leading to exaggerated inflammation, 

onset of sepsis, multiorgan failure and early death. Moreover, the observed excessive 

inflammation and over-compensatory mechanisms by IL-10 and PD-1/PD-L1 could be the 

cause of depleted lymphocytes leading to unbalanced pro- and anti-inflammatory responses 
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that pose an increased risk of uncontrolled Bp and secondary infections. This thesis 

demonstrates the importance of both the innate and adaptive immune system early in 

infection, highlighting the impact of dysregulated innate immune responses resulting in 

depletion and dysfunction of cellular immunity.  

 

Potential hub genes that may mediate deleterious host immune responses in fatal melioidosis 

were also identified (Chapter 5). For example, CEACAM1, which encodes a cell adhesion 

molecule widely expressed on many immune cells was up-regulated in the non-survivors 

compared to survivors. A number of Gram-negative bacteria such as E. coli, Salmonella 

spp., and N. gonorrhoeae utilise CEACAM1 to enter cells. Interestingly, binding to 

CEACAM1 on T cells can activate an immunoreceptor tyrosine-based inhibitory motif 

(ITIM) leading to inhibition of T cell signalling and function which may represent a 

mechanism for defective cell-mediated immune responses in fatal melioidosis.  

Several up-stream regulators potentially involved in the detrimental host immune response 

in fatal melioidosis identified in the discovery cohort (Chapter 5) were then confirmed in 

the validation cohort (Chapter 6), with up-regulation in non-survivors of TNF, IL1B, IFNG, 

IL6, and OSM. TNF is a key regulator of many downstream genes involved in the 

inflammatory response such as IL6, IL1A, CCL2, and MMP8, and inhibits genes involved in 

activation of T cell signalling such as CD4, CD28, and CD86. Additionally, TNF induces 

apoptosis in T cells resulting in depletion of the T cell compartment. TNF up-regulation may 

therefore be a further mechanism of detrimental lymphocyte depletion in fatal melioidosis.  
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Figure 7.2 Schematic summary of whole blood transcriptomic profiles associated with fatal 

melioidosis compared with those who survive. Created with BioRender.com. 

 

7.4 Whole blood transcriptomic signatures associated with melioidosis 

compared with other community-acquired infections 

In Chapter 5, to identify the transcriptomic profile  associated with melioidosis, DGE 

analyses were performed to compare patients with melioidosis, and three groups of 

community-acquired bacteraemia: Gram-negative (E. coli and K. pneumonia), Gram-

positive (S. aureus), and sepsis patients with negative blood cultures. Generally, melioidosis 

patients show marked up-regulation of pathways involving pro-inflammatory immune 

responses compared to the other three groups, dominated by both interferon-a/b and -g 

responses. I derived a “77-gene signature” that distinguishes melioidosis from other 
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community-acquired infections in Northeast Thailand. Interestingly, the “melioidosis 

signature” genes were not present in the 86-gene TB signature proposed by Berry et al. for 

distinguishing active TB patients from other infections and inflammatory autoimmune 

diseases, and this new melioidosis signature may be used to discriminate melioidosis from 

TB, which is of great potential value. This would facilitate discrimination of melioidosis 

from TB as the clinical presentations may overlap and can form the foundation for further 

refinement towards a novel biomarker based diagnostic test. 

 

7.5 Limitations of this study  

 

7.5.1 Bulk RNA sequencing detects averaged expression profile 

All data used for this study were derived from whole blood bulk RNA sequencing (bulk 

RNA-seq). While bulk RNA-seq technologies allow study of the averaged global 

transcriptional profile at a cell population level, cell-specific expression profile and 

contribution of each cell subpopulation to the observed phenotypes cannot be derived.  The 

whole blood RNA sequencing datasets were dominated by neutrophil pathways which may 

mask more subtle changes in the lymphocyte-derived transcriptome. Nevertheless, the 

overall findings of neutrophil enrichment and suppression of cellular pathways in diabetes 

status and in fatal cases matches the hospital full blood count measurements and the parallel 

clinical immunology studies of melioidosis by our group. To mitigate this limitation, we did 

perform “in silico” deconvolution analysis on whole blood transcriptional signals to explore 

immune cell subtype contributions. 
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7.5.2 Differences in time of enrolment of melioidosis cohorts  

In this study, three independent melioidosis cohorts enrolled the participants differently. In 

Chapter 5, suspected sepsis patients were enrolled within 24-hour following hospital 

admission, based on the 2012 Surviving Sepsis Campaign prior melioidosis-confirmed 

diagnosis. This well-funded sampling study of 5000 sepsis patients enabled retrospective 

selection of culture-confirmed melioidosis patients alongside other bacteraemias. Thus, this 

cohort allowed identification of the early transcriptomic profiles associated with melioidosis 

and fatal melioidosis. In contrast, for Chapter 3 and Chapter 6, study funding enabled only 

recruitment of melioidosis patients with a culture-confirmed diagnosis, with culture usually 

taking several days, thus the time of enrolment was delayed to a median of 5 and 3 days 

respectively. The cohort described in Chapter 3 was reliant on the availability of a single 

team member for enrolment, hence the longer median recruitment time compared to 

Chapter 5. Despite the broadly consistent transcriptomic profiles associated with fatal 

melioidosis, discrepancies of the transcriptomic profiles between Chapter 5 and Chapter 6 

could be due to the different timings and enrolment criteria – for example not all melioidosis 

patients meet the criteria for sepsis. Moreover, Chapter 3 and Chapter 5 enrolled the 

participants from the same single centre, which might not well represent the general 

population in the region, although some were referred from adjacent hospitals.  

 

7.5.3 Unknown time of disease onset  

In Chapter 5,  despite early enrolment of the participants into the study, it was estimated 

that a third of patients reported having symptoms for approximately one week, and half of 

the remaining patients felt unwell between one week to one month previously. Therefore, 

the transcriptomic profiles associated with fatal melioidosis cannot represent the host 

immune response to melioidosis at disease onset. This might partly explain downregulation 
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of T cell response, with advanced, well-established disease leading to malfunction of cellular 

immunity and case-fatality. 

 

7.5.4 Unknown pre-intervention prior to enrolment and use of diabetic drugs  

Due to a lack of information on interventions or treatments received prior to enrolment into 

the studies, the impact of drugs on the observed transcriptomic profiles is unknown. The use 

of over-the-counter antibiotics and steroids from pharmacies in Thailand is common, 

alongside use of traditional Thai and Chinese remedies of unknown composition. Moreover, 

information on diabetic drug use by participants was unavailable in Chapter 5 and Chapter 

6, and incomplete for Chapter 3. Therefore, the impact of diabetic drugs was not considered 

during the analyses. In Thailand, metformin (80%) and sulfonylureas are commonly 

prescribed for patients with T2DM. Metformin has anti-inflammatory and 

immunomodulatory properties that may regulate the transcriptomic response in melioidosis 

patients with T2DM independent of diabetes. Additionally, melioidosis patients usually 

have one or more comorbidity such as chronic kidney or lung disease; hence the impact of 

diabetes on whole blood transcriptome could be confounded by other comorbidities. 

 

7.5.5 Limited number of participants from other community-acquired infections 

In Chapter 5, the study was not primarily designed to differentiate the transcriptomic 

signature of non-melioidosis community-acquired infections from each other due to 

insufficient number of participants from other groups (E. coli, n=22, ; K. pneumoniae, n=13; 

S. aureus, n=16; blood culture-negative, n=19). To develop a classifier to discriminate 

different bacterial infections, the participants within each group should be randomised and 

allocated into discovery and validation sets (e.g., with 70:30 ratio). The number of other 

community infections within each subgroup may limit the reliability of such a classifier.  
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7.5.6 Comparable composition of gd T cells and T-cell signalling cascades  

Deconvolution of the whole blood transcriptome using the CIBERSORTx method identified 

increased frequencies of gd T cells in melioidosis patients who did not survive compared to 

survivors in both the discovery (Chapter 5) and validation (Chapter 6) cohorts. I sought to 

explore these findings using flow cytometry in cryopreserved PBMC samples of acute 

melioidosis derived from Chapter 3 (selected as an independent cohort with PBMC samples 

available). However, this validation experiment identified comparable frequencies of gd T 

cells (both gd1 T and gd2 T cells) in the non-survivors compared to survivors. Nevertheless, 

this “wet lab” finding matched the deconvolution of RNA-seq data from Chapter 3 which 

confirmed comparable circulating gd T cells in the acute melioidosis patients at this 

timepoint (median 5 days after hospitalisation). Collectively, the data suggest gd T cells may 

play a detrimental role during melioidosis in the early stage of infection. Furthermore, 

frequencies of T-cell subsets were comparable between the non-survivors and survivors, and 

phosphorylation of proteins downstream TCR signalling cascades were not associated with 

case fatality. This is despite an earlier study in 2015 by our group (Jenjaroen et al.) found 

depletion of both CD4+ T and CD8+ T cells by immunophenotyping of PBMCs from the 

same Chapter 3 cohort. Collectively, the unchanged frequencies of gd T cells and TCR 

signalling cascades could be due to underpowered samples, lower quality PBMC, or the 

samples from Chapter 3 being drawn later in the clinical course of melioidosis compared 

to Chapter 5 and Chapter 6.  
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7.6 On-going work and future directions 

 

7.6.1 Single-cell RNA sequencing to dissect cell-specific expression profile associated 

with T2DM  

The data used in this study were derived from whole blood bulk RNA sequencing, and as a 

result, signatures were dominated by neutrophil-enriched transcriptional signals. Moreover, 

the depleted lymphocyte populations during melioidosis further limited the detection of 

lymphocyte-derived expression profiles. Unlike bulk RNA sequencing, single-cell RNA 

sequencing (scRNA-seq) technologies offer the study of transcriptional expression at single-

cell level allowing the dissection of a relationship between cell-specific gene expression and 

observed phenotype. Moreover, scRNA-seq facilitates discovery of rare cell populations that 

are traditionally obscured by the transcriptomes from dominant cell types by bulk RNA-seq. 

Our research group is currently doing a pilot study of scRNA-seq of recovered COVID-19 

patients with and without type 2 diabetes led by Dr. Mohammad Ali and Dr. Barbara 

Kronsteiner-Dobramysl. This should allow a dissection of which cell-specific expression 

profiles are altered during T2DM and possibly leading to an increased risk of infection and 

poor outcome.  

 

7.6.2 Identification of a predictive transcriptomic signature associated with fatal 

melioidosis, and integration with the signatures derived from proteomic and 

metabolomic approaches 

Aims for the Ubon-Sepsis study (Chapter 5) include identifying the blood transcriptomic 

signature associated with fatal melioidosis and development of biomarker tests to identify 

patients at high risk of severe disease and death. In collaboration with Professor Eoin West, 

Professor Sina Gharib, and Dr. Lu Xia at Division of Pulmonary, Critical Care and Sleep 
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Medicine, University of Washington, Seattle, US, we are working on a predictive model to 

identify the transcriptomic signature associated with fatal melioidosis from the whole blood 

RNA transcriptomic data. Meanwhile, these collaborators are working on identification of 

proteomic and metabolomic signature associated with fatal melioidosis generated from 

matched plasma samples from the participants in my RNA-seq study (Chapter 5). 

Ultimately, we aim to integrate the signature associated with fatal melioidosis derived from 

the multiple-omic approaches.  

 

7.6.3 Additional RNA-sequencing for other community-acquired infections 

As per discussion in the limitations of this study, the number samples from participants 

deriving from each other community-acquired infections other than melioidosis is probably 

insufficient to confidently derive transcriptomic signatures associated with fatal cases within 

each group of the infection. Further work to study a larger dataset of other community-

acquired infections in this geographical location would allow me to confidently identify a 

transcriptomic signature that could discriminate patients with melioidosis from other 

infections.  

 

7.7 Final Conclusions 

This thesis represents the largest transcriptomic survey of the host response to melioidosis 

to date, with 274 melioidosis patients studied in total. In my thesis, the impact of diabetes 

on the whole blood transcriptomic profile during acute melioidosis was subtle, despite 

T2DM conferring the highest risk of acquiring melioidosis. On the other hand, the whole 

blood transcriptomic profile associated with diabetes in TB patients was distinctive, 

suggesting that reduced interferon responses in diabetes could be a potential mechanism 

leading to increased susceptibility to Mtb infection in TB patients with diabetes and 
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intermediate hyperglycaemia. Nevertheless, both melioidosis and TB patients with diabetes 

exhibit an elevated, neutrophil-driven inflammatory response. This highlights a potential 

detrimental role of excessive inflammatory immune responses and associated reduced 

cellular responses to intracellular pathogens in people with diabetes. Meanwhile, in 

community-acquired melioidosis, excessive inflammation concomitant with anti-

inflammatory immune response and stunted cellular immune responses were associated with 

fatal infection. This implicates the need for a delicate balance between innate responses and 

finely tuned, effective adaptive responses for survival from melioidosis.  
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Appendices 

Supplementary information for Chapter 3 

 
 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure 3.1 A Venn diagram shows proportions of melioidosis patients with type 2 

diabetes (T2DM) who received different diabetic drug regimens. A total of 49 melioidosis patients 

with T2DM, 26 patients  had records on prescribed diabetic drugs following enrolment into the study. 

3 main groups of diabetic drugs are shown including metformin, sulphonylureas, and insulin.  
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Supplementary Figure 3.2 Quality control of total RNA derived from melioidosis and control 

cohorts. Total RNAs were isolated from cryopreserved whole blood in Tempus blood RNA tubes. 

A, B: RNA samples from melioidosis patients measured for RNA integrity by Qubit™ RNA IQ and 

quantity by Qubit™ XR assay. C, D: RNA samples from uninfected control donors measured for 

RNA integrity by Qubit™ RNA IQ and quantity by Qubit™ XR assay. E: RNA samples from 

melioidosis patients measured for RNA integrity by Agilent TapeStation. F: Comparison of RNA 

integrity index measured by Agilent TapeStation and Qubit™ RNA IQ of matched samples. G: Total 

RNA input mass for RNA-sequencing by Agilent TapeStation. Bars represent mean and standard 

deviation.  
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Supplementary Figure 3.3 Quality control of raw RNA sequencing data. RNA sequencing data 

were generated from whole blood samples of 81 melioidosis patients and 29 uninfected control 

donors using globin-depleted, Ribo-zero total RNA sequencing approach. A: Representative plot of 

average quality score of raw RNA sequencing data. B: Total RNA sequencing reads for mapping 

using STAR aligner against human reference genome, UCSC hg38.p2 version 20201. C, D: Total 

mapped and frequencies of uniquely mapped reads respectively. E: Total read counts per sample. 

Bars represent mean and standard deviation. 
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Supplementary Figure 3.4 Normalisation of RNA sequencing data by DESeq2.  

Pre-filtered 17,594 genes after removal of lowly expressed genes were normalised using median of 

ratios method implemented in DESeq2 R package, accounting for differences in sequencing depth 

and RNA composition among samples. A: Raw read counts before normalisation. B: Normalised 

expression data. Disease: 81 melioidosis patients. Control: 29 uninfected donors.  
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Supplementary Figure 3.5 Volcano plot of differentially expressed genes between diabetes (n=15) 

and healthy (n=14) controls. Dotted lines define a cut-off of differentially expressed genes based on 

absolute (log2 fold-change)≥ 1 (x-axis) and adjusted P-value < 0.05 (y-axis). Volcano plot was 

generated using EnhancedVolcano R package.  
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Supplementary Figure 3.6 Volcano plot of differentially expressed genes between melioidosis 

patients with (n=49) and without diabetes (n=32). A: Differential gene expression analysis between 

melioidosis with and without diabetes controlling for prescribed diabetic drugs in the patients with 

diabetes (26/49) as a covariate. B: Differential gene expression analysis between melioidosis with 

and without diabetes controlling for frequency of neutrophils as a covariate. Dotted lines define a 

cut-off of differentially expressed genes based on absolute (log2 fold-change)≥ 1 (x-axis) and 

adjusted P-value < 0.05 (y-axis). Volcano plot was generated using EnhancedVolcano R package.  
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Supplementary Figure 3.7 Enrichment analysis based on Gene Ontology (biological process) gene 

sets in 3 module eigengenes (MEs) including ME turquoise, lightyellow, and royalblue which were 

associated with %lymphocytes identified by module-trait relationship analysis in 81 melioidosis 

patients. Pathways with closely related functions were linked and clustered together. The thickness 

of line indicates common genes shared among the pathways. The size of each term is indicated by 

representative counts. Enrichment plot was created using clusterProfiler R package.  
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Supplementary Figure 3.8 Scatter plots show the frequencies of (A) neutrophils, (B) lymphocytes 

and (C) monocytes from full blood count (FBC) upon enrolment of 81 melioidosis patients. The 

comparisons were made between 28-day mortality (non-survivors versus survivors) and diabetes 

status (type 2 diabetes [T2DM] versus non-diabetes [non-DM]). Non-parametric Mann-Whitney test 

was performed with its corresponding P-value displayed on each plot and median and inter-quartile 

range bars. 
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Supplementary Figure 3.9 Scattered boxplots show comparisons of deconvoluted cell fractions 

between melioidosis patients with (red, n=49) and without type 2 diabetes (blue, n=32) using xCell 

deconvolution method (xCell R package version 1.1.0). The Y-axis displays each cell type by 

enrichment scores. Box plots represent medians with interquartile range plus lines to minimum, 

maximum and potential outliers. Non-parametric Mann-Whitney test was performed with its 

corresponding 2-tailed P-value displayed on each plot alongside median and inter-quartile range 

boxes. 
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Supplementary Table 3.1 Pre-ranked gene set enrichment analysis (pre-ranked GSEA) by Hallmark 

gene sets following differential gene expression analysis (DGE) of uninfected control cohorts. The 

DGE analyse was performed on type 2 diabetes control cohort (n=15) compared to healthy donors 

(n=14). Gene sets were deemed significant when satisfied false discovery rate (FDR q-value < 0.05) 

and ranked by normalised enrichment score and FDR. Enriched pathways were calculated from the 

DESeq2 statistical test of pre-ranked gene list following DGE analysis using GSEAPreranked mode 

on GSEA software. 

 

 

 

 

 

 
 
 

Rank Hallmark pathways NES FDR q-val Process category
1 HEME_METABOLISM 7.01 0 Metabolic
2 INTERFERON_ALPHA_RESPONSE 5.23 0 Immune
3 INTERFERON_GAMMA_RESPONSE 3.56 0 Immune
4 TNFA_SIGNALING_VIA_NFKB 2.43 0.002 Signalling
5 INFLAMMATORY_RESPONSE 2.21 0.005 Immune
6 IL6_JAK_STAT3_SIGNALING 2.02 0.013 Immune
1 MYC_TARGETS_V1 -7.90 0 Proliferation
2 OXIDATIVE_PHOSPHORYLATION -6.35 0 Metabolic
3 E2F_TARGETS -5.75 0 Proliferation
4 MTORC1_SIGNALING -4.67 0 Signalling
5 MYC_TARGETS_V2 -4.08 0 Proliferation
6 UNFOLDED_PROTEIN_RESPONSE -3.86 0 Pathway
7 GLYCOLYSIS -3.54 0 Metabolic
8 G2M_CHECKPOINT -3.27 0 Proliferation
9 ADIPOGENESIS -3.07 0 Development
10 FATTY_ACID_METABOLISM -3.05 0 Metabolic
11 DNA_REPAIR -2.94 0 DNA damage
12 PEROXISOME -2.43 4.50E-04 Cellular component
13 WNT_BETA_CATENIN_SIGNALING -2.04 0.010 Signalling
14 BILE_ACID_METABOLISM -1.91 0.021 Metabolic
15 ESTROGEN_RESPONSE_LATE -1.85 0.027 Signalling
16 CHOLESTEROL_HOMEOSTASIS -1.79 0.035 Metabolic
17 IL2_STAT5_SIGNALING -1.76 0.040 Signalling
18 ALLOGRAFT_REJECTION -1.74 0.043 Immune
19 ANDROGEN_RESPONSE -1.74 0.041 Signalling
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Supplementary information for Chapter 4 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure 4.1 Summary of raw counts and distribution of RNA sequencing data 

generated from whole blood sample of tuberculosis (TB) and control cohorts. A: Frequencies of 

uniquely mapped reads in TB (n=151) and control cohorts (n=88) using STAR aligner against human 

reference genome, UCSC hg38.p2 version 20201. B: Total read counts per sample between TB and 

control cohorts. C: unnormalised and (D) normalised total read counts using median of ratios method 

implemented in DESeq2 R package. Bars represent mean and standard deviation. 
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Supplementary Figure 4.2 Principal component analysis (PCA) of the top 1,000 most variable 

genes in tuberculosis (TB) patients and controls from Romanian cohort coloured by diabetes status 

and intermediate hyperglycaemia classification based on HbA1c level. TB patients were divided into 

diabetes (“dm”, orange triangles, n=15), intermediate hyperglycaemia (“inter”, yellow triangles, 

n=10), non-diabetes (“nondm”, green triangles, n=10), uninfected diabetes group (“dm_ctrl”, grey 

circles, n=19), and healthy donors (“healthy_ctrl”, black circles, n=12). Group classification based 

on HbA1c level: diabetes (HbA1c ≥6.5%), intermediate hyperglycaemia (HbA1c ≥5.7% and 

<6.5%), non-diabetes (HbA1c ≤ 5.6%). PCA plots were generated using plotPCA function 

implemented in DESeq2 R package. 

 

 

 

 

 

 

−25

0

25

−50 −25 0 25
PC1: 28% variance

PC
2:

 2
0%

 v
ar

ia
nc

e

category
control
disease

dm_status
dm
nondm
inter
dm_ctrl
healthy_ctrl

TANDEM(RO): Top 1,000 genes in tuberculosis patients coloured by diabetes status 



 273 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure 4.3 Principal component analysis (PCA) of the top 1,000 most variable 

genes among 239 tuberculosis (TB) patients and controls from all-study sites combined and 

distribution of ethnicities in each of the study sites. For PCA plots, TB patients and control cohorts 

were labelled in red and black respectively. A: PCA symbolised by ethnicity across all-four study 

sites divided into Africa (opened circle, n=1), Batak (opened triangle point up, n=1), Coloured (plus 

sign, n= 100), Indian (cross sign, n=1), Jawa (opened diamond, n=5), Mestizo (opened triangle point 
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down, n=31), other (opened square cross, n=1), R1 (star, n= 63), R2 (opened diamond plus, n=2), 

R3 (opened circle plus, n=1), Sumatra (opened triangle up and down, n=1), Sunda (opened square 

plus, n=31), and White (opened circle cross, n=1). B: PCA symbolised by country across all-four 

study sites divided into Indonesia (filled diamond, n=39), Peru (filled square, n=32), Romania (filled 

circle, n=66), and South Africa (opened square and triangle up,  n=102). C: A plot shows distribution 

of each ethnicity in each of the study sites.  
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Supplementary Figure 4.4 Volcano plots showing differentially expressed genes among 

tuberculosis (TB) patient groups and healthy controls from the Romanian cohort. A: Differential 

gene expression (DGE) analysis between TB patients only (TB-only, n=10) compared to healthy 

control (n=12). B: DGE analysis between TB patients with intermediate hyperglycaemia (TB-IH, 

n=10) compared to healthy control (n=12). C: DGE analysis between TB patients with diabetes (TB-

DM, n=15) compared to healthy control (n=12). Dotted lines define the cut-off for differentially 

expressed genes based on absolute (log2 fold-change)≥ 1 (x-axis) and adjusted P-value < 0.05 (y-

axis). Volcano plot was generated using EnhancedVolcano R package.  
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Supplementary Figure 4.5 Overlapping differentially expressed genes (DEGs) identified following 

differential gene expression (DGE) analyses of tuberculosis (TB) patients and control cohorts 

between South African (discovery) and Romanian (validation) cohort. A: DGE analysis between TB 

patients without diabetes and healthy controls. B: DGE analysis between TB patients with 

intermediate hyperglycaemia and healthy control. C: DGE analysis between TB patients with 

diabetes and healthy control. DEGs were deem significant when satisfied absolute (log2 fold-

change)≥1 and adjusted P-value <0.05. SA_up = up-regulated genes in South African cohort. 

SA_down = down-regulated genes in South African cohort. RO_up = up-regulated genes in 

Romanian cohort. RO_down = down-regulated genes in Romanian cohort. 
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Supplementary Figure 4.6 Overlapping differentially expressed genes (DEGs) identified in South 

African (discovery) and Romanian (validation) cohorts. A: Up-regulated DEGs. B: Down-regulated 

DEGs. DEGs were derived from DGE analyses: TB compared to healthy control (TB-only_up and 

TB-only_down), TB-IH compared to healthy control (TB-IH_up and TB-IH_down), and TB-DM 

compared to healthy control (TB-DM_up and TB-DM_down). Significant DEGs are based on 

absolute (log2 fold-change)≥1 and adjusted P-value <0.05.  
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Supplementary Figure 4.7 Comparison of module eigengenes (MEs) between TB patients with and 

without diabetes from Figure 4.9. MEs with significant associations with diabetes status and HbA1c 

level were compared between TB patients with diabetes (red, n=61) and without diabetes (blue, 

n=46). Box plots represent medians with interquartile range plus lines to minimum, maximum and 

potential outliers.  
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Supplementary Figure 4.8 Scattered box plots show comparisons of co-expressed gene modules 

(module eigengenes, MEs) between TB patients with and without intermediate hyperglycaemia (IH) 

from Figure 4.12. MEs with significant associations with intermediate hyperglycaemia status and 

HbA1c level were compared between TB patients with IH (red, n=44) and without diabetes (blue, 

n=46). Box plots represent medians with interquartile range plus lines to minimum, maximum and 

potential outliers.  
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Supplementary Figure 4.9 Enrichment analysis based on Reactome and Gene Ontology in ME 

lightyellow, red and salmon that were negatively correlated with intermediate hyperglycaemia (IH) 

status and HbA1c level identified by module-trait relationship analysis in tuberculosis patients with 

and without IH respectively. A: Enriched pathways based on KEGG genes sets. B: Enriched 

pathways based on Gene Ontology genes sets. The gradient colour bar corresponds to the adjusted 

P-value. The size of each term is indicated by representative counts.  
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Supplementary Figure 4.10 Top 20 hub genes with potential regulatory role of host immune 

response in tuberculosis with intermediate hyperglycaemia (TB-IH). A: The top 20 hub genes 

identified in the eigengene (ME) pink, magenta and tan associated with HbA1c level. B: Venn 

diagram of overlapping differentially expressed genes (DEGs), gene membership of the ME pink, 

magenta and tan identified by weighted gene co-expression network analysis, and hub genes in the 

ME pink, magenta and tan. DEGs were derived from up-regulated genes between TB-IH and TB 

without diabetes patients based on absolute (log2 fold-change³0.5 and adjusted P-value <0.05). ME 

pink, magenta and tan which were associated with HbA1c level by module-trait relationship analysis 

(Figure 4.12). 20 hub genes within ME pink, magenta and tan were derived from Maximal Clique 

Centrality (MCC) algorithm using CytoHubba plugin on Cytoscape software. MCC scores of hub 

genes were ranked from high (red) to low (yellow).  
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Supplementary Figure 4.11 Scattered boxplots show comparisons of enriched cell subsets among 

all TB patients across four study sites using xCell deconvolution method (xCell R package version 

1.1.0). The Y-axis displays each cell type defined by enrichment scores. Box plots represent medians 

with interquartile range plus lines to minimum, maximum and potential outliers. Non-parametric 

Mann-Whitney test was performed with its corresponding 2-tailed P-value displayed on each plot 

alongside median and inter-quartile range boxes. healthy_ctrl = healthy controls (red, n=36). dm_ctrl 

= diabetes control (blue, n=52). tb_only = TB patients without diabetes (green, n=46). tb_ih = TB 

patients with intermediate hyperglycaemia (dark blue, n=44). tb_dm = TB patients with diabetes 

(salmon, n=61).  

 

 

 

 

 

 

 

0.013

0.0018

0.95

0.00

0.05

0.10

0.15

healthy_ctrl dm_ctrl tb_only tb_ih tb_dm

Th
2.
ce
lls

A

0.86

0.016

0.093

0.000

0.004

0.008

0.012

healthy_ctrl dm_ctrl tb_only tb_ih tb_dm
N
eu
tro
ph
ils

B

group healthy_ctrl dm_ctrl tb_only tb_ih tb_dm



 283 

Supplementary information for Chapter 5 

 

 

 

 

 

 

 

 

Supplementary Figure 5.1 Total read counts and distribution of raw and normalised counts from 

whole blood RNA sequencing of melioidosis and control cohort (N=284). A: Scatter plot shows total 

read counts in all-disease (n=234) and control cohort (n=50) with bars represent mean and standard 

deviation. B: Distribution of raw counts. C: Distribution of normalised counts.  Read counts were 

generated using STAR aligner against human reference genome GRCh38 with reference 

transcriptome GENCODE release 30 respectively. The raw counts were normalised using median of 

ratios method implemented in DESeq2 R package. Bars represent mean and standard deviation. 
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Supplementary Figure 5.2 Multidimensional scaling by principal component analysis (PCA) of the 

1,000 most variable genes among melioidosis and control cohort. PCA in  melioidosis and control 

cohorts were coloured by (A) bacteraemia and (B) pneumonia status. A: Patients with melioidosis, 

divided into bacteraemia (“bacteraemia”, brown triangles, n=130), non-bacteraemia 

(“non_bacteraemia”, blue triangles, n=30), uninfected diabetes group (“dm_ctrl”, grey circles, 

n=25), and healthy donors (“healthy_ctrl”, black circles, n=25). B: Patients with melioidosis, divided 

into those presented with pneumonia (“pneumo”, pink triangles, n=52), without pneumonia 

(“nonpneumo”, purple triangles, n=112), uninfected diabetes group (“dm_ctrl”, grey circles, n=25), 

and healthy donors (“healthy_ctrl”, black circles, n=25). PCA plots were generated using plotPCA 

function implemented in DESeq2 R package.  
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Supplementary Figure 5.3 Multidimensional scaling by principal component analysis (PCA) and 

differential gene expression analysis among melioidosis and control cohorts. A: PCA of the 1,000 

most variable genes in melioidosis patients, divided into patients with diabetes (“dm”, orange 

triangles, n=74), without diabetes (“nondm”, green triangles, n=90), uninfected diabetes group 

(“dm_ctrl”, grey circles, n=25), and healthy donors (“healthy_ctrl”, black circles, n=25). B: Volcano 

plot of differentially expressed genes between uninfected diabetes group (n=25) and healthy donors 

(n=25). Dotted lines define a cut-off of differentially expressed genes based on absolute (log2 fold-

change)≥ 1 (x-axis) and adjusted P-value < 0.05 (y-axis). PCA plots were generated using plotPCA 

function implemented in DESeq2 R package. Volcano plot was generated using EnhancedVolcano 

R package.  
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Supplementary Figure 5.4 Volcano plots of differentially expressed genes between among 

melioidosis with pneumonia and by diabetes status. A: Volcano plot of differentially expressed genes 

between melioidosis presented with pneumonia (n=52) and without pneumonia (n=112). B: Volcano 

plot of differentially expressed genes between melioidosis with diabetes (n=74) and without diabetes 

(n=90). Dotted lines define a cut-off of differentially expressed genes based on absolute[Log2 fold-

change]≥ 1 (x-axis) and adjusted P-value < 0.05 (y-axis). Volcano plots were generated using 

EnhancedVolcano R package.  
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Supplementary Figure 5.5 Venn diagrams of overlapping differentially expressed genes (DEGs) 

within melioidosis patients. A: Overlapping up-regulated genes. B: Overlapping down- regulated 

genes. DEGs were derived from differential gene expression analyses: non-survivors (n=84) 

compared to survivors (n=80) (Figure 5.2B), bacteraemia (n=130) compared to non-bacteraemia 

cases (n=34) (Figure 5.2C), and pneumonia (n=53) compared to non-pneumonia cases (n=112) 

(Supplementary Figure 5.4A). Significant DEGs were based on absolute[Log2 fold-change]≥1 and 

adjusted P-value <0.05. Died_Up/Down: up/down-regulated DEGs in non-survivors compared to 

survivors. Bact_Up/Down: up/down-regulated DEGs in melioidosis with bacteraemia compared to 

non-bacteraemia cases. Pneumo_Up/Down: up/down-regulated DEGs in melioidosis with 

pneumonia compared to non-pneumonia cases.  
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Supplementary Figure 5.6 Functional pathway analysis based on KEGG gene sets following 

differential gene expression analyses among melioidosis patients. Differentially expressed genes 

were derived from differential gene expression analyses: non-survivors (n=84) compared to 

survivors (n=80) (Figure 5.2B), bacteraemia (n=130) compared to non-bacteraemia cases (n=34) 

(Figure 5.2C), and pneumonia (n=53) compared to non-pneumonia cases (n=112) (Supplementary 

Figure 5.4A). The gradient colour bar corresponds to the adjusted P-value. The size of each term is 
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indicated by representative counts. Differentially expressed gene were pre-filtered based on a cut-

off of absolute[Log2 fold-change] ≥1 and adjusted P-value <0.05. Died_up/down, up/down-

regulated pathways in non-survivors compared to survivors. Bact_up/down= up/down-regulated 

pathways in the patients with bacteraemia compared to non-bacteraemia. Pneu_down= down-

regulated pathways in the patients with pneumonia compared to non-pneumonia. 
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Supplementary Figure 5.7 Workflow of weighted gene co-expression network analysis (WGCNA) 

in 162 melioidosis patients. A: Sample dendrogram with corresponding trait heatmap. B: Scale-free 

network analysis identifying a b (soft power) in order to achieve scale free topology network (R2 

≥8). C: Cluster dendrogram of co-expressed gene modules (assigned with different colours) by a 

hierarchical clustering of genes based on topological overlap.  
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Supplementary Figure 5.8 Scattered box plots show comparisons of co-expressed gene modules 

(module eigengene, ME) between non-survived (n=84) and survived (n=78) melioidosis based on 

28D mortality. ME is considered as a representative expression profile in each gene module. MEs 

with significant associations with 28-day mortality based on module trait relationship analysis were 

compared. Box plots represent medians with interquartile range plus lines to minimum, maximum 

and potential outliers. 
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Supplementary Figure 5.9 Scattered boxplots show comparisons of deconvoluted cell enrichment 

in lymphoid cells between non-survived (red, n=84) and survived melioidosis patients (blue, n=80) 

using xCell deconvolution method (xCell R package version 1.1.0). The Y-axis displays each cell 

type by enrichment scores. Box plots represent medians with interquartile range plus lines to 

minimum, maximum and potential outliers. Non-parametric Mann-Whitney test was performed with 

its corresponding 2-tailed P-value displayed on each plot alongside median and inter-quartile range 

boxes. 
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Supplementary Figure 5.10 Scattered boxplots show comparisons of deconvoluted cell enrichment 

in myeloid populations between non-survived (red, n=84) and survived melioidosis patients (blue, 

n=80) using xCell deconvolution method (xCell R package version 1.1.0). The Y-axis displays each 

cell type by enrichment scores. Box plots represent medians with interquartile range plus lines to 

minimum, maximum and potential outliers. Non-parametric Mann-Whitney test was performed with 

its corresponding 2-tailed P-value displayed on each plot alongside median and inter-quartile range 

boxes. 
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Supplementary Figure 5.11 Scatter plots show the frequencies of (A) neutrophils, (B) lymphocytes 

and (C) monocytes from full blood count (FBC) upon enrolment of 164 melioidosis patients. The 

comparisons were made between 28-day mortality (non-survivors versus survivors) and diabetes 

status (diabetes [DM] versus non-diabetes [non-DM]). Non-parametric Mann-Whitney test was 

performed with its corresponding P-value displayed on each plot and median and inter-quartile range 

bars. 
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Supplementary Figure 5.12 Scattered boxplots show comparisons of deconvoluted cell enrichment 

in lymphoid cells between melioidosis patients with (red, n=52) and without (blue, n=112) 

pneumonia using xCell deconvolution method (xCell R package version 1.1.0). The Y-axis displays 

each cell type by enrichment scores. Box plots represent medians with interquartile range plus lines 

to minimum, maximum and potential outliers. Non-parametric Mann-Whitney test was performed 

with its corresponding 2-tailed P-value displayed on each plot alongside median and inter-quartile 

range boxes. 
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Supplementary Figure 5.13 Scattered plots show correlations between imputed cell fractions by 

the CIBERSORTx deconvolution method and the results of full blood count (FBC) in 164 

melioidosis patients. The X-axis displays each cell type proportion. The Y-axis displays frequency 

of each cell type by FBC method. Pearson’s correlation coefficient, corresponding P-value, and 

linear regression line with 95% confidence interval (shaded area) are displayed within each plot.  
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Supplementary Figure 5.14 Scattered plots show correlations between deconvoluted cell 

enrichment scores by the xCell deconvolution method and the results of full blood count (FBC) in 

164 melioidosis patients. The X-axis displays enrichment scores of each cell type defined by the 

xCell method. The Y-axis displays frequency of each cell type by FBC method. Pearson’s correlation 

R = 0.61, p < 2.2e−1640
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coefficient, corresponding P-value, and linear regression line with 95% confidence interval (shaded 

area) are displayed within each plot. 
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Supplementary Figure 5.15 Venn diagrams of overlapping differentially expressed genes (DEGs) 

among melioidosis and other community-acquired infections. A: Overlapping up-regulated genes. 

B: Overlapping down- regulated genes. DEGs were derived from differential gene expression 

analyses: melioidosis (n=164) compared to other Gram-negative infections (n=35) (Figure 5.12A), 

melioidosis (n=164) compared to Gram-positive infection (n=35) (Figure 5.12B), and melioidosis 

(n=164) compared patients with culture-negative results (n=19) (Figure 5.12C). Significant DEGs 

were based on absolute[Log2 fold-change]≥1 and adjusted P-value <0.05.  
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Supplementary information for Chapter 6 

 

 

 

 

 

 

Supplementary Figure 6.1 A representative of gating strategy used for gd T cell phenotyping by 

flow cytometry. PBMC were first gated based on forward (FSC-A) and side (SSC-A) scatter 

followed by single cell gating using FSC-H and FSC-A. Live CD3+ cells were gated on CD3-

positive, Live/Dead negative populations. Subsets of gd T cells populations were gated based on the 

expression of the following cell surface markers: gd1 T cells (CD3+gd1+), CD69+ gd1 T cells 

(CD3+gd1+ CD69+), Granzyme-B+ gd1 T cells (CD3+gd1+ Granzyme-B+), gd2 T cells (CD3+gd2+), 

CD69+ gd2 T cells (CD3+gd2+ CD69+), and Granzyme-B+ gd2 T cells (CD3+gd2+ Granzyme-B+). 
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Supplementary Figure 6.2 A representative of gating strategy used for T cell receptor signalling 

based on phospho-flow cytometry. PBMCs were first gated based on forward (FSC-A) and side 

(SSC-A) scatter followed by single cell gating using FSC-H and FSC-A. Single CD3+ cells 

populations were gated within the single cells. Subsets of T cells populations were based on the 

expression of the following cell surface markers: CD4+ T cells (CD3+ CD4+), CD8+ T cells (CD3+ 

CD8+), double negative (DN) T cells (CD3+ CD4- CD8-). Expression of each intracellular marker 

including ZAP70, RPS6, and ERK1/2 was detected by median inflorescence intensity. 
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Supplementary Figure 6.3 Distribution of raw and normalised counts of RNA sequencing data 

generated from whole blood samples of melioidosis (n=29) and control (n=3) cohort in validation 

cohort (N=32). A: Total raw counts in 32 participants (mean with standard deviation). B: Distribution 

of raw counts. C: Distribution of normalised counts. The raw counts were normalised using median 

of ratios method implemented in DESeq2 R package.  
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Supplementary Figure 6.4 Multidimensional scaling by principal component analysis (PCA) of the 

1,000 most variable genes among melioidosis patients and healthy donors coloured by diabetes status 

from the validation cohort. Patients with melioidosis, divided into those with diabetes (“dm”, orange 

triangles, n= 15), without diabetes (“nondm”, green triangles, n= 14), and healthy donors 

(“healthy_ctrl”, black circles, n=3). PCA plot was generated using plotPCA function implemented 

in DESeq2 R package.  
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Supplementary Figure 6.5 Venn diagrams of overlapping differentially expressed genes (DEGs) 

among melioidosis patients between discovery and validation cohort. A: Overlapping up-regulated 

genes between discovery and validation cohort. B: Overlapping down- regulated genes between 

discovery and validation cohort. DEGs were derived from differential gene expression analyses: non-

survivors (n=84) compared to survivors (n=80) from discovery cohort (Figure 5.2B) and non-

survivors (n=15) compared to survivors (n=14) from validation cohort (Figure 6.3). Significant 

DEGs were based on absolute (log2 fold-change)≥1 and adjusted P-value <0.05. 
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Supplementary Figure 6.6 Workflow of weighted gene co-expression network analysis (WGCNA) 

in 29 melioidosis patients from validation cohort. A: Sample dendrogram with corresponding trait 

heatmap. B: Scale-free network analysis identifying a b (soft power) in order to achieve scale free 

topology network. C: Cluster dendrogram of co-expressed gene modules (assigned with different 

colours) by a hierarchical clustering of genes based on topological overlap.  
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Supplementary Figure 6.7 Enrichment analysis based on Gene Ontology (biological process) gene 

sets in three module eigengene (MEs) which were associated with survival identified by module-

trait relationship analysis in 29 melioidosis patients. Pathways with closely related functions were 

linked and clustered together. The thickness of line indicates common genes shared among the 

pathways. The size of each term is indicated by representative counts. Enrichment plot was created 

using clusterProfiler R package. 
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Supplementary Figure 6.8 Scattered boxplots show comparisons of deconvoluted cell enrichment 

in lymphoid cells between non-survived (red, n=15) and survived (blue, n=14) melioidosis patients 

using xCell deconvolution method (xCell R package version 1.1.0). The Y-axis displays each cell 

type by enrichment scores. Box plots represent medians with interquartile range plus lines to 

minimum, maximum and potential outliers. Non-parametric Mann-Whitney test was performed with 

its corresponding 2-tailed P-value displayed on each plot alongside median and inter-quartile range 

boxes. 
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Supplementary Figure 6.9 Scattered boxplots show comparisons of deconvoluted cell enrichment 

in myeloid cells between non-survived (red, n=15) and survived (blue, n=14) melioidosis patients 

using xCell deconvolution method (xCell R package version 1.1.0). The Y-axis displays each cell 

type by enrichment scores. Box plots represent medians with interquartile range plus lines to 

minimum, maximum and potential outliers. Non-parametric Mann-Whitney test was performed with 

its corresponding 2-tailed P-value displayed on each plot alongside median and inter-quartile range 

boxes. 
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Supplementary Figure 6.10 Scatter plots show the frequencies of (A) neutrophils, (B) lymphocytes 

and (C) monocytes from full blood count (FBC) upon enrolment of 29 melioidosis patients. The 

comparisons were made between 28-day mortality (non-survivors versus survivors) and diabetes 

status (diabetes [DM] versus non-diabetes [non-DM]). Non-parametric Mann-Whitney test was 

performed with its corresponding P-value displayed on each plot and median and inter-quartile range 

bars. 
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Supplementary Figure 6.11 Scattered plots show correlations between imputed cell fractions by 

the CIBERSORTx deconvolution method and the results of full blood count (FBC) in 29 melioidosis 

patients. The X-axis displays each cell type proportion. The Y-axis displays frequency of each cell 

type by FBC method. Pearson’s correlation coefficient, corresponding P-value and linear regression 

line with 95% confidence interval (shaded area)  are displayed within each plot.  
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Supplementary Figure 6.12 Scattered plots show correlations between deconvoluted cell 

enrichment scores by the xCell deconvolution method and the results of full blood count (FBC) in 

29 melioidosis patients. The X-axis displays enrichment scores of each cell type defined by the xCell 

method. The Y-axis displays frequency of each cell type by FBC method. Pearson’s correlation 

R = 0.16, p = 0.41
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coefficient, corresponding P-value and 95% confidence interval (shaded area) are displayed within 

each plot.  
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Supplementary Figure 6.13 Deconvoluted frequencies of gd cells in melioidosis patients between 

(A) discovery (Chapter 5), (B) validation (Chapter 6) cohort, and (C) MICRO1501 (Chapter 3). 

Scattered boxplots show comparisons of imputed cell fractions of gd T cells between non-survivor 

and survivor melioidosis patients using CIBERSORTx in discovery (A, n=164), validation cohort 

(B, n=29), and MICRO1501 (C, n=81) respectively. Non-parametric Mann-Whitney test was 

performed with its corresponding P-value displayed on each plot and median and inter-quartile range 

bars. 
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Supplementary Figure 6.14 Scattered plots show phosphorylation of T cell receptor (TCR) 

signalling cascade proteins in peripheral blood mononuclear cells (PBMCs) from acute melioidosis 

patients and healthy donors using phospho-flow cytometry. PBMCs were stimulated with a-

CD3/CD28/CD2 cocktail (blue), PMA/Ionomycin (orange), or medium only (R10, black). The 

expression of phosphorylated ZAP-70, RPS6, and ERK1/2 were measured within (A-C) CD4+ T, 

(D-F) CD8+ T cells and (G-I) double negative (DN) T cells amongst melioidosis patients (circle, 

n=20) and healthy control (triangle, n=6) respectively. Non-parametric Mann-Whitney test was 

performed with its corresponding 2-tailed P-value displayed on each plot alongside median and inter-

quartile range boxes. MFI= Median Fluorescent Intensity.  
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