
Metabolites and lipoproteins profiles of a cohort of 

Pancreatic Ductal Adenocarcinoma patients and 

associated immune responses. 

 

 

 

 

 

Nnenna Elebo 

A thesis submitted in fulfilment of the requirement for the Degree of Doctor of Philosophy 

 

DEPARTMENT OF SURGERY, FACULTY OF HEALTH SCIENCES, 

UNIVERSITY OF WITWATERSRAND, JOHANNESBURG. 

JULY 2022 

 



 

 

DECLARATION 

I, Nnenna Elebo declare that this thesis entitled “Metabolites and lipoproteins profiles of a 

cohort of Pancreatic Ductal Adenocarcinoma patients and associated immune responses” is my 

own unaided work. It is being submitted for the Degree of Doctor of Philosophy in the 

University of Witwatersrand, Johannesburg. It has not been submitted before for any degree or 

examination at any other university.  

 

 

 

 

____                                                                                       12th  July, 2022 

Nnenna Elebo                                                                                                             Date  



 

DEDICATION 

 

To my late Dad and brothers, I know you all are watching from above and hope I made you 

all proud.  

 

To all the mothers, it is possible.  

 

To my husband, my pillar and support, we did it! 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

PUBLICATIONS AND PRESENTATIONS 

Publications arising from the study  

• Elebo N., Fru P., Omoshoro JAO., Candy G and Nweke E.E (2020): Role of different 

immune cells and metabolic pathways in modulating the immune response in pancreatic 

cancer (Review). Molecular Medicine Reports 2020, 22, 4981. doi: 

http://dx.doi.org/10.3892/mmr.2020.11622 Review Paper 

 

• Elebo N., Omoshoro JAO., Fru P., Devar J, De Wet van Zyl C., Vorster B.C., Smith 

M., Cacciatore S., Candy G and Nweke E.E (2021): Serum Metabolomic and 

Lipoprotein Profiling of Pancreatic Ductal Adenocarcinoma Patients of African 

Ancestry. Metabolites 2021, 11, 663. https://doi.org/10.3390/metabo11100663 

Original Paper 

Awards 

• Postgraduate Merit Award University of Witwatersrand 2019-2021 

• 3rd Prize Winner, Student Category, Bert Myburgh Research Forum November 2020 

 

Local Conferences – Oral Presentations 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Smith M, Stefano 

Cacciatore, Geoffrey Candy, Ekene Nweke. Metabolic profiling of a cohort of 

Pancreatic Ductal Adenocarcinoma (PDAC) patients of African descent using 1H NMR 

spectroscopy analysis. Bert Myburgh Research Forum, Department of Surgery, 

University of Witwatersrand, 25th November 2020. 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Christiaan De Wet 

van Zyl, Chris Vorster, Smith M, Stefano Cacciatore, Geoffrey Candy, Ekene Nweke. 

Serum metabolomic profiling of a cohort of Pancreatic Ductal Adenocarcinoma 

(PDAC) patients of African descent using NMR spectroscopy analysis. 48th Surgical 

Research Society of Southern Africa, Virtual Congress, 9-10th July, 2021. 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Christiaan De Wet 

van Zyl, Chris Vorster, Smith M, Stefano Cacciatore, Geoffrey Candy, Ekene Nweke. 

Metabolomic and Lipoprotein Profiling of Pancreatic Ductal Adenocarcinoma Patients 

of African Ancestry. School of Clinical Medicine (SOCM) Biennial Research Day. 30th 

September 2021. 

http://dx.doi.org/10.3892/mmr.2020.11622
https://doi.org/10.3390/metabo11100663


 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Christiaan De Wet 

van Zyl, Chris Vorster, Smith M., Stefano Cacciatore, Geoffrey Candy, Ekene Nweke. 

Metabolites levels correlate to tumour stage and survival in Pancreatic Ductal 

Adenocarcinoma patients. Metabolomics South Africa (MSA) Virtual Symposium, 

20th-21st October 2021.  

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Smith M, Stefano 

Cacciatore, Geoffrey Candy, Ekene Nweke. Serum metabolomic profiling of a cohort 

of Pancreatic Ductal Adenocarcinoma (PDAC) patients of African descent using NMR 

spectroscopy analysis. Bert Myburgh Research Forum, Department of Surgery, 

University of Witwatersrand, 24th November 2021. 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Smith M, Stefano 

Cacciatore, Geoffrey Candy, Ekene Nweke. Serum metabolomic profiling of a cohort 

of Pancreatic Ductal Adenocarcinoma (PDAC) patients of African descent using NMR 

spectroscopy analysis. Molecular Biosciences Research Thrust (MBRT) Virtual 

Postgraduate Research Day, University of Witwatersrand. 9th December 2021. 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Smith M, Geoffrey 

Candy, Ekene Nweke. Expression of immune cell markers in a pilot cohort of South 

African Pancreatic Ductal Adenocarcinoma patients.49th Surgical Research Society of 

Southern Africa, Hybrid Meeting 8-9th July, 2022. 

International Conferences – Poster Presentations 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Christiaan De Wet 

van Zyl, Chris Vorster, Smith M, Stefano Cacciatore, Geoffrey Candy, Ekene Nweke. 

Metabolomic profiling of a cohort of Pancreatic Ductal Adenocarcinoma (PDAC) 

patients of African descent using 1H NMR spectroscopy analysis. 14th Congress of the 

European-African Hepato Pancreato Biliary Association Virtual Congress, 15-17th 

September 2021, Spain. 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Christiaan De Wet 

van Zyl, Chris Vorster, Smith M, Stefano Cacciatore, Geoffrey Candy, Ekene Nweke. 

Metabolites Levels Correlate to Tumour Stage and Survival in Pancreatic Ductal 

Adenocarcinoma Patients. 15th Congress of the International Hepato Pancreato Biliary 

Association World Congress, 30th March -2nd April 2022, New York City. 

• Nnenna Elebo, Jones Omoshoro-Jones, Pascaline Fru, John Devar, Christiaan De Wet 

van Zyl, Chris Vorster, Smith M, Stefano Cacciatore, Geoffrey Candy, Ekene Nweke. 



 

Expression of immune markers in South African Pancreatic Ductal Adenocarcinoma 

patients. 15th Congress of the International Hepato Pancreato Biliary Association World 

Congress, 30th March -2nd April 2022, New-York City. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 
SUMMARY 

Pancreatic Ductal Adenocarcinoma (PDAC) is one of the most fatal cancers with the poorest 

5- year survival rate of 9%. PDAC is usually asymptomatic at the early stage and most patients 

are diagnosed at the advanced stage. The discovery of biomarkers at the resectable stage could 

be vital in improving the survival rate as well as improving the treatment strategies. This study 

aimed to identify metabolites and lipoproteins as well as associated immune cells/markers and 

their possible roles in PDAC. Following informed consent, blood samples were collected from 

34 PDAC patients consisting of 22 resectable, 8 locally advanced and 4 metastatic pancreatic 

cancers (RPC, LAPC and MPC respectively) and 6 chronic pancreatitis patients at Chris Hani 

Baragwanath Academic Hospital. Six healthy volunteers were included, and the blood was 

processed into serum, plasma, and peripheral blood mononuclear cells (PBMCs). Nuclear 

Magnetic Resonance (NMR) spectroscopy, LipoScale test and Spectrophotometric assays were 

conducted on serum. A lipoprint assay was carried out to determine lipoprotein parameters and 

the lipid concentrations of each subtype. Multi-colour flow cytometric immunophenotyping 

and real-time PCR analyses were used to assess the immune cell markers. Data analysis was 

done using the R software and R studio and the Wilcoxon and Kruskal–Wallis rank-sum tests 

were used to compare differences in numerical covariates. Spearman’s rank test was used to 

calculate the correlation coefficient (rho) between variables and the Wald test was used to 

calculate the statistical significance (p-value) of the differences between the Kaplan–Meier 

survival curves. In this study, the results showed elevated levels of glycine and lactate with 

worsening tumour stage. Decreased ethanol and 3-hydroxybutyrate concentrations were 

independently associated with longer survival time, irrespective of tumour stage. Abnormal 

lipoprotein associated with dysregulated lipid metabolism was detected. Glucose, lactate and 

some lipoproteins were directly linked to inflammatory markers. Furthermore, PDAC severity 

is associated with elevated levels of ROS. PDAC patients with CD4/CD8 ratio of less than 1 

survived longer (Hazard Ratio = 3.572 p-value = 0.049). In this study identified novel 

metabolites such as 3-hydroxybutyrate and ethanol as well as CD8+ T-cells were shown to be 

associated with patients' survival. Furthermore, evaluating the lipoprotein profiles might be 

vital in predicting prognosis and informing treatment decisions. This study showed that the 

integration of metabolomics, lipoproteins, and immune cell networks can contribute to a better 

understanding of the biology of PDAC in the population group.   
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CHAPTER I: INTRODUCTION AND LITERATURE REVIEW 

 

This chapter provides relevant background on the pancreas, the different immune cells, and 

their roles in pancreatic cancer, it also highlighted the individual metabolic pathways in 

pancreatic cancer and how they enable transitions in immune cells. Additionally, the potential 

of targeting metabolic pathways for effective therapeutic strategies is discussed. 

 

1.1 The Pancreas 

The pancreas is a large, flattened peer shaped abdominal organ that converts the food we eat 

into fuel for body cells. It secretes enzymes to assist digestion and regulate glucose levels in 

the body. The pancreas has 3 main sections as shown in Figure 1.1 which are: 

1. The head section: This is the wide part of the pancreas located towards the right side of 

the abdomen and is connected to the duodenum through the pancreatic duct. The 

uncinate process is a part of the gland found underneath the head of the pancreas. Of 

note, over 85% of pancreatic tumours are found in this region hence the name 

Pancreatic Ductal Adenocarcinoma (PDAC) (Herlea et al., 2020; Ryan et al., 2014). 

2. The middle section: This is made up of the neck and body. This is the region between 

the head and the tail. Both the superior mesenteric artery and superior mesenteric veins 

cross behind the body of the pancreas which supplies blood to and from the pancreas. 

Tumour metastases also occur in organs along these veins. 

3. The tail section is the thin tip found at the end of the pancreas and is located at the left 

side of the abdomen which is close to the spleen. 

 

 

 

Figure 1.1: Diagram of the pancreas showing the three main sections: head, body and tail. Adapted from 

(Cesmebasi et al., 2015) 
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1.1.1 Location of the Pancreas 

The pancreas is located behind the stomach and across the spine. Due to its concealed location, 

most of the tumours of the pancreas cannot be detected early (Sarantis et al., 2020). It is 

surrounded by other organs such as the spleen found at the tail end of the pancreas, the small 

intestine wrapped around the wide end of the pancreas, liver and gall bladder located very close 

to the pancreas. Symptoms of PDAC only start appearing when the tumour begins to interfere 

with the function of the pancreas or other nearby organs. Also, the pancreas is well supplied 

by blood which would provide a rich supply of nutrients and glucose to the developing tumour. 

Finally, the head of the pancreas is located at the juncture where the stomach meets the small 

intestine, and this is where the stomach releases partially digested food into the intestine while 

the pancreas releases digestive enzymes. 

 

1.1.2 Functions of the Pancreas 

The pancreas plays a dual role in the body, which are the endocrine and exocrine functions. 

• Endocrine System functions: The pancreas secretes two hormones which are insulin 

and glucagon that are vital in regulating glucose levels. Insulin is secreted by the 

pancreas to reduce blood glucose when it’s too high while glucagon is secreted 

when glucose levels are low. 

• Exocrine System functions: The pancreas secretes enzymes that work with the bile 

and the gall bladder to break down proteins, fats and carbohydrates for proper 

digestion and absorption. Enzymes produced by the pancreas for digestion include 

lipases, amylases, trypsin and chymotrypsin. 

 

1.1.3 Diseases of the Pancreas 

1. Type 2 Diabetes Mellitus (T2DM): This results from the endocrine system 

dysfunction when the pancreas doesn’t produce enough insulin to maintain the 

blood glucose levels. 

2. Pancreatitis: This is the inflammation of the pancreatic tissue, which occurs 

when enzymes prematurely work in the pancreas before they are secreted into 

the duodenum. Acute pancreatitis is most commonly caused by gallstones 

blocking the main pancreatic duct, which can last for a few days or become 

chronic (known as chronic pancreatitis) and last for years.  
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3. Pancreatic Cancer: This condition is caused by cancerous cells in the pancreas, 

which grow and proliferate uncontrollably. Pancreatic cancer originating from 

the endocrine glands is less common and usually referred to as pancreatic 

neuroendocrine tumours (PNET). PDAC presents earlier than other types of 

pancreatic cancer because it can obstruct the bile flow (Antonello et al., 2009). 

 

1.2 Pancreatic Ductal Adenocarcinoma (PDAC) 

Pancreatic cancer is the 3rd leading cause of cancer-related deaths in both men and women 

combined with a 5-year survival of about 11% (Siegel et al., 2022). PDAC is the most common 

type of pancreatic neoplasm, which accounts for more than 85% of pancreatic cancer cases 

worldwide (Ryan et al., 2014). It exhibits a glandular pattern structurally similar to that of the 

ductal epithelial cells (Polireddy and Chen, 2016). PDAC has non-specific symptoms at its 

early stages causing it to remain undetected till late stages, usually locally advanced or 

metastatic with a significantly worse prognosis (Sarantis et al., 2020). The lack of early 

diagnostic markers for pancreatic tumorigenesis and progression may delay detection for up to 

20 years (Yachida et al., 2010).  

 

1.2.1 Risk Factors of PDAC 

Risk factors of PDAC include environmental factors such as extreme alcohol consumption and 

excessive smoking, inherited genetic factors and demographic factors such as age, sex and 

ethnicity. The rate of PDAC is greater in the black population than in other races (Khawja et 

al., 2015; Yadav et al., 2011). Excessive alcohol consumption could predispose the pancreas 

to inflammation (Wang et al., 2016). Smokers have a greater chance of developing PDAC 

compared to non-smokers and this could be due to the release of carcinogens by the degradation 

of tobacco (Bosetti et al., 2012), which could in the long-run, affect inflammatory response and 

cell proliferation (Pandol et al., 2012). Diabetes mellitus and obesity are also risk factors for 

PDAC (Mizrahi et al., 2020) because they induce inflammatory states which promote the 

development of genomic irregularities and initiation of carcinogenesis (Andersen et al., 2017).  
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1.2.2 Diagnosis of PDAC 

Some of the symptoms of PDAC include weight loss, anorexia, abdominal pain and jaundice 

(Mizrahi et al., 2020), which are usually observed at the advanced stage of the disease and are 

connected to the location of the tumour such as the head of the pancreas (Hart and Chari, 2019). 

A physical examination of the abdomen region would reveal abnormal lumps and liver function 

tests will then be carried out to check for bile blockage or hyperbilirubinaemia. Following 

suspicious findings computed tomography (CT) and magnetic resonance imaging (MRI) would 

be used to provide detailed images of the pancreas and bile ducts (Unger et al., 2018). To 

confirm the diagnosis, Endoscopic Retrograde Cholangiopancreatography (ERCP), Magnetic 

Resonance Cholangiopancreatology (MRC), and Percutaneous Transhepatic 

Cholangiopancreatology (PTC) are used for imaging and bile duct obstruction treatment 

(McGuigan et al., 2018). 

 

1.2.3 Classification of PDAC 

According to the National Comprehensive Cancer Network (NCCN) guidelines, PDAC can be 

classified into resectable, borderline resectable, locally advanced, and metastatic disease via a 

contrast-enhanced triple phased CT scan of the abdomen (Tempero et al., 2019). In Resectable 

Pancreatic Adenocarcinoma (RPC), the tumour has not invaded any vessel. When the tumour 

has invaded the portal vein to greater than 90° but less than 180º, it is referred to as borderline 

Pancreatic Adenocarcinoma in which case neoadjuvant chemotherapy may be necessary before 

surgery (Grossberg et al., 2020). The locally Advanced Pancreatic Adenocarcinoma (LAPC) 

group includes cases where the tumour had invaded the superior mesenteric artery and/or portal 

vein to more than 180°. Lastly, the metastatic Pancreatic Adenocarcinoma group (MPC) have 

the tumour already spread to other organs such as the liver (Soweid, 2017). The liver is the 

most common site for pancreatic metastases before moving to other distant organs such as the 

lungs and abdomen (Tsilimigras et al., 2021). The metastatic pattern of PDAC is greatly 

influenced by the lymphatic and mesenteric vein as well as the seed-soil compatibility, which 

contributes to organ specificity, hence most (85%) of the cancer cells migrate from the pancreas 

to the liver which is where the local microenvironment is favourable (Houg and Bijlsma, 2018).  

 

PDAC is a highly heterogenic disease, and various attempts have been undertaken to define 

distinct subtypes to stratify patients towards personalized treatment strategies (Moffitt et al., 

2015). Examples include pancreatic progenitor, squamous, ADEX and immunogenic as 
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described by Bailey and colleagues (Bailey et al., 2016). Other common subtypes include 

classical, basal-like, exocrine-like, stroma normal or activated among others (Collisson et al., 

2019; Roa-Peña et al., 2019).  

 

1.2.4 Treatment of PDAC 

Upon diagnosis, the disease is stratified enabling the doctors to decide the best treatment option 

for the patient. Some of the treatment options available are: 

1. Surgery: Resection is the removal of tumour by surgery which depends on the size and 

location of the tumour, tumour metastasis and health status based on the clinical 

investigation of the patient. Some of the surgery procedures carried out include: 

• Whipple procedure: This is a surgical procedure also known as 

pancreaticoduodenectomy and is commonly used to remove tumours from the 

head and body of the pancreas. In some cases, parts of the small intestine, bile 

duct, gall bladder and lymph nodes near the pancreas are removed while the 

remaining parts are re-attached to the small intestine for digestion. 

• Distal pancreatectomy: This is surgery that is used to treat cancer found in the 

tail and body of the pancreas. It is used to remove the tail and a portion of the 

body of the pancreas, as well as the spleen. 

• Total pancreatectomy: This is carried out when the tumour has spread 

throughout the pancreas. It is carried out to remove the entire pancreas, gall 

bladder, part of the stomach, small intestine, and spleen. 

2. Chemotherapy: This is an anti-cancer drug injected through the vein or taken orally. 

These drugs enter the bloodstream and reach almost all areas of the body making this 

treatment useful for cancers whether they have spread or not. Some of the 

chemotherapeutic drugs used in pancreatic cancer include gemcitabine, 5-Fluorouracil 

and FOLFIRINOX. Chemotherapy can be used as follows: 

• Neoadjuvant chemotherapy: This is chemotherapy given before surgery to 

shrink the tumour so that it can be removed with less extensive surgery. It is often used 

to treat cancers that are too big to be removed by surgery such as borderline resectable 

PDAC. A combination of gemcitabine and S-1 (tegafur/ gemeracil/otreracil) have been 

recommended for borderline resectable PDAC before surgery (Kurata et al., 2021). 

• Adjuvant chemotherapy: This is used after surgery to kill cancer cells that have 

been left behind or have spread to other parts of the body. The adjuvant standard of care 
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for fit PDAC patients is the modified FOLFIRINOX (5-Fluorouracil, oxaliplatin and 

irinotecan) while gemcitabine plus nab-paclitaxel is for the unfit ones which are patients 

with cumulative impairment of various physiological systems (Mas et al., 2020). 

3. Radiotherapy: Radiation therapy uses high-energy x-rays or particles to kill cancer 

cells. Radiation might be given after surgery but it is usually given along with 

chemotherapy and referred to as chemoradiotherapy (Liermann et al., 2020). 

 

1.3 The Immune System 

The immune system, which comprises the innate and adaptive immune system, protects the 

host from foreign pathogens, including cancer cells (Ghesquière et al., 2014). The innate 

immune system includes antigen-presenting cells, which phagocytose invading pathogens and 

present antigenic determinants with the major histocompatibility complex proteins (MHC)-II 

to CD4+ T cells. Granulocytes, mast cells, dendritic cells (DCs), macrophages and natural 

killers (NK) cells are also innate immune cells (Hato and Dagher, 2015). The adaptive immune 

system is regulated and comprised mainly of B and T cells, which are usually activated when 

the innate immune system cannot eliminate the pathogens and provide long-lasting immunity 

(Inman et al., 2014). 

1.3.1 Role of immune cells in Pancreatic Ductal Adenocarcinoma 

The dysfunctional immune system in pancreatic cancer has been shown to promote tumour 

growth. The pancreatic cancer microenvironment has been identified to serve a vital role in 

tumour growth and the therapeutic response (Inman et al., 2014). Pancreatic cancer cells are 

enveloped in rich stroma, comprising both cellular and acellular components, including the 

extracellular matrix, fibroblasts, myofibroblasts, growth factors, cytokines, pancreatic stellate 

cells, and immune cells (von Ahrens et al., 2017). Dendritic cells, NK cells, CD8+ and CD4+ T 

cells are some of the immune cells reported to be activated to inhibit tumour growth and 

progression in PDAC (An et al., 2020) (Figure 1.2). Regulatory T cells (T-regs), tumour-

associated macrophages (TAM), myeloid-derived suppressor cells (MDSCs) and tumour-

associated neutrophils have also been reported to promote tumour growth and progression, as 

well as suppressing antitumoral responses (Martinez-Bosch et al., 2018). 

MDSCs suppress immunity by inhibiting T-cell activation via the sequestration of cysteine, 

thereby reducing the availability of the amino acids tryptophan and arginine, which are  
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Figure 1.2: The interaction between the metabolic pathways and the immune cells network in PDAC. The 

immune network comprises the complex interactions between the innate immune cells, adaptive immune cells 

and pancreatic cancer cells. Immunity in PDAC is greatly influenced by cytokines and chemokines released by 

the tumour cells such as IL-6 and IL-10 as well as those released by the immune cells such as IL-4, IL-13 and 

IFN-γ. Metabolic pathways also serve an important role in the reprogramming of these immune cells, either by 

activating, inhibiting or polarising these immune cells. For instance, the switch from M1 to M2 macrophages is 

greatly influenced by FAO and TCA cycle. Enhanced glycolysis is necessary for T-cell differentiation into their 

subsets; Th1, Th2, Th17 and T-regs. PDAC, pancreatic ductal adenocarcinoma; PPP, pentose phosphate pathway; 

TCA, tricarboxylic acid; FAS, fatty acid synthesis; FAO, fatty acid oxidation; OXPHOS, Oxidative 

Phosphorylation; IFN-γ, Interferon-gamma; TGF-β, Transforming growth factor Beta; GM-CSF, Granulocyte-

macrophage colony-stimulating factor; M1, pro-inflammatory macrophage; M2, anti-inflammatory macrophage; 

NK cells, Natural killer cells; DCs, Dendritic cells; MDSC, myeloid-derived suppressor cells; T-Reg, Regulatory 

T-cells; Th1, T helper cells 1; Th2, T helper T-cells 2; Th17, T helper T-cells 17, IL, Interleukin. 

 

required for protein translation by T cells and reactive oxygen species (ROS) production (De 

Sanctis et al., 2016). A previous study illustrated that the growth factor granulocyte-

macrophage colony-stimulating factor, secreted by pancreatic tumours, promoted the early 

recruitment of MDSCs (Bayne et al., 2012; R. Li et al., 2020). MDSCs inhibit the immune 

functions of effector T (T-eff) cells and NK cells, while the function of T regulatory (T-regs) 

are promoted (Padoan et al., 2019; Pergamo and Miller, 2017). Elevated MDSCs levels in 

pancreatic cancer were shown to be a poor prognostic factor associated with elevated T-regs 

and T helper (Th)2 cytokines levels (Wörmann et al., 2013). Using peripheral blood 

mononuclear cells (PBMCs) harvested from blood samples collected from 131 patients, flow 
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cytometric analysis revealed that both MDSC and T-reg levels were significantly elevated in 

patients with pancreatic cancer (Gabitass et al., 2011). 

Macrophages switch their differentiation from M1 (proinflammatory) to M2 (anti-

inflammatory) phenotypes in the presence of stimuli, such as the cytokines IL-10, IL-4, and 

TGF-β, which are secreted from the PDAC microenvironment (Cruz et al., 2020; Rhee, 2016). 

TAMs are macrophages initially recruited to the site of tumour formation in response to the 

chemotactic factors released by pancreatic cancer cells, and they promote tumour progression 

by suppressing antitumor immune responses and stimulating the vascularization and metastasis 

of cancer cells (Mielgo and Schmid, 2013; Pathria et al., 2019). This has been demonstrated 

using immunohistochemistry to identify inflammatory cells by evaluating the expression of 

proangiogenic and polymphangiogenic molecules, VEGFA and VEGFC, produced by 

macrophages in pancreatic cancer (Costache et al., 2015). Furthermore, TAMs were shown to 

regulate pancreatic intraepithelial neoplasia progression by being the main source of IL-6 in 

KrasG12D-mutations, thereby promoting cancer development (Otto et al., 2021). Elevated levels 

of TAMs and M2 polarized TAMs were also shown to be associated with a worse prognosis in 

pancreatic cancer by promoting lymphatic metastasis by lymphangiogenesis (Liang et al., 

2022). 

CD8+ T-cells play an important role in PDAC progression (Goulart et al., 2021). It has been 

shown that increased levels of CD8+ T cells led to favourable clinical outcomes and the 

improved survival of patients with PDAC (Liu et al., 2016). The effect of CD4+ T cells depends 

on their differentiation into their subtypes, T helper cell type (Th)1, Th2 and Th17, and T-regs 

(Saravia et al., 2019). CD8+ T cells are compromised in human pancreatic cancer due to the 

degradation of MHC-1 molecules by enhanced autophagy, which leads to immune evasion and 

the inhibition of antitumor activity (Kim et al., 2012; Yamamoto et al., 2020). Both cytotoxic 

and helper T cells were found to be impaired by the influence of immunosuppressive cytokines, 

which promoted Th2 responses and led to tumour growth (Dadey et al., 2020). A meta-analysis 

study of 833 PDAC patients showed that the upregulation of CD8+ and CD4+ T cells predicted 

an improved prognosis in PDAC (Tang et al., 2021). A decrease in the levels of T-eff cells was 

suggested to be associated with the progression from a premalignant to the malignant stage in 

PDAC because it was associated with reduced tumour growth (Carstens et al., 2017; Kim et 

al., 2012). In addition, elevated levels of Th1 cells contributed to a good clinical outcome 

because they produce IFN-γ and TNF-α, which promote anticancer activities by activating 

cytotoxic T cell responses, as well as antigen-presenting cells (J. Lee et al., 2021). 
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The role of Th17 cells in pancreatic cancer is not completely understood because it depends on 

the cancer type, tumour stage and location (Saka et al., 2020; Zou and Restifo, 2010). Previous 

studies have revealed that an increased level of Th17 cells in murine pancreatic cancer inhibited 

tumorigenesis, leading to improved survival (Gnerlich et al., 2010), while in another study, 

elevated levels of Th17 cells in pancreatic tumour tissues and blood samples of patients was 

indicative of its involvement in invasion and metastasis (He et al., 2002, 2011). Th2 cells 

exhibit a tumour-promoting function in pancreatic cancer, and this was suggested to be the 

result of the upregulated levels of Th2 cytokines, such as IL-13, IL-10 and IL-6, found in the 

plasma of patients with pancreatic cancer (Goulart et al., 2021). T-regs depend on oxidative 

phosphorylation and fatty acid oxidation (FAO) for ATP upon activation (Macintyre et al., 

2014); this permits T-regs to survive under tumour conditions in contrast to T-eff cells, which 

are impaired due to insufficient glucose production (Lochner et al., 2015). T-regs suppress 

immune responses via the secretion of IL-10 and TGF-β to produce an immunosuppressive 

environment (Arjomandnejad et al., 2021).In pancreatic cancer, T-regs were found to be 

involved in the early infiltration of preinvasive lesions, promoting tumour growth and 

progression (Dadey et al., 2020; Martinez-Bosch et al., 2018). 

Cytotoxic lymphocyte-associated antigen-4 (CTLA-4) is a receptor found on T-regs that 

produces inhibitory signals upon interaction with its ligands, CD80 and CD86, on antigen-

presenting cells. They inhibit the formation of the immune synapse between CD4+ T cells and 

the antigen-presenting cells, which normally promotes the release of cytokines for cancer cell 

destruction (Van Coillie et al., 2020). In patients with pancreatic cancer, a large number of T-

regs in circulation was associated with the advancement of the disease (Kunk et al., 2016). The 

chances of successful surgical resection and survival rate post-resection were also shown to be 

associated with the decreased levels of T-regs in patients with pancreatic cancer (Yamamoto 

et al., 2012). Additionally, increased numbers of mast cells were identified to be associated 

with metastasis and reduced survival in human pancreatic cancer (Longo et al., 2018). 

The pancreatic cancer microenvironment releases tumour-derived factors, such as IL-6 and 

VEGF, which promote DC impairment by reprogramming the immune cell response from a 

Th1 type to a Th2 type, thereby promoting cancer development (Giovanelli et al., 2019; Ochi 

et al., 2012). One previous study reported that the elevated levels of DCs and NK cells in PDAC 

were associated with a prolonged or improved survival rate (Van Audenaerde et al., 2018). 
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The immune system uses NK cells to target cancer cells, which inhibits their growth, and a 

decreased level of NK cells was suggested to be associated with the advancement of pancreatic 

cancer (Janakiram et al., 2017). These findings were observed by determining the serum levels 

of soluble MHC class 1 chain-related molecule A (sMICA) and NK group 2-member D 

(NKG2D) in the NK cells of patients with pancreatic cancer using immunohistochemistry. 

Elevated levels of sMICA were found in patients with advanced pancreatic cancer and were 

correlated with the downregulation of NKG2D expression, implying decreased levels of NK 

cells (Duan et al., 2011). Mast cells are commonly known for their role in allergies; however, 

in PDAC, elevated levels of mast cells were also associated with tumour progression (Aponte-

López and Muñoz-Cruz, 2020; Cai et al., 2011). 

1.3.2 Metabolic Pathways and their influence on the immune response in PDAC 

The function and differentiation of immune cells are influenced by metabolism (Pearce and 

Pearce, 2017). Figure 1.2 shows some of the metabolic pathways and the immune cell network 

in PDAC. Metabolism involves a series of chemical reactions that sustain life by converting 

food to energy and building blocks for larger compounds, such as proteins, lipids and nucleic 

acids (Odegaard and Chawla, 2013). The chemical reactions involved in metabolism are 

structured into pathways. Metabolites are end-products of metabolism, which are generated by 

living organisms during their life cycles and could reflect the function of the organism 

(Odegaard and Chawla, 2013). 

The excessive growth of the extracellular matrix in PDAC as a result of the dense stroma leads 

to the formation of barriers against the immune system, drug delivery, oxygen and nutrients 

(Hosein et al., 2020). Hence the cells develop mechanisms that alter the typical metabolic 

pathways that supply nutrients, to survive (Stopa et al., 2020). Although immunotherapy 

promotes antitumor activities by reprogramming and enhancing immune response (Li et al., 

2020), the function and differentiation of immune cells are greatly influenced by metabolism, 

hence the combination of both could be a more effective treatment option (Li et al., 2019). 

Metabolic pathways can either promote or inhibit immune cell functions, which could be 

essential in further understanding the immune response and in identifying novel therapeutic 

options to treat immune dysfunction in numerous types of diseases, including cancer.  

The next section will describe some of the metabolic pathways and metabolites that are affected 

by pancreatic cancer (Figure 1.3). 
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Figure 1.3: Metabolic pathways dysregulated in PDAC. The GLUT-1 transporter is upregulated in PDAC, 

which increases glucose uptake and glycolysis and promotes the flux of their intermediates into other metabolic 

pathways, such as the PPP. Glucose is metabolized into pyruvate, which feeds into the TCA cycle. Metabolic 

reprogramming of tumour cells restructures the TCA cycle and produces a high amount of lactate. The 

dysregulated FAS pathway contributes to the generation of building blocks for membrane synthesis. The fatty 

acids produced are oxidized via FAO to Acetyl CoA, which feeds back into the TCA cycle to generate NADH 

and NAD+ and stimulates the electron transport chain to produce more ATP for the PDAC cells. In PDAC cells, 

both oxidative and non-oxidative phases of the PPP are upregulated to generate NADPH for scavenging ROS and 

nucleotides for DNA synthesis. Amino acid metabolism feeds into the TCA cycle to meet the high metabolic 

demands of the tumour cells. Red represents upregulated metabolites and green represents dysregulated metabolic 

pathways. PDAC, pancreatic ductal adenocarcinoma; GLUT-1, glucose transporter 1; PPP, pentose phosphate 

pathway; TCA, tricarboxylic acid; FAS, fatty acid synthesis; FAO, fatty acid oxidation; NADH, nicotinamide 

adenine dinucleotide; NADPH, nicotinamide adenine dinucleotide phosphate; ROS, reactive oxygen species; U, 

upregulated. 

 

Glycolysis 

Glucose uptake and glycolysis are activated in pancreatic cancer cells, and their intermediates 

are fed into other biosynthetic pathways, such as the pentose phosphate pathway (PPP) (Yao 

et al., 2020). Glycolysis involves a series of enzymatic steps, whereby glucose is metabolized 

to pyruvate and then finally to lactate to yield ATP and other substrates for other metabolic 

pathways (O’Neill et al., 2016; Palmer et al., 2015). Glycolytic enzymes, such as hexokinase, 

enolase and phosphoglycerate kinase (PKM2), among others, were found to be overexpressed 

in pancreatic cancer, promoting tumour growth and metastasis (Chung et al., 2008; Yang et al., 
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2020). The expression of hypoxia-inducible genes in pancreatic cancer cell lines (MiaPaca-2 

and Pcl-43) under different conditions was investigated, and hexokinase was identified to be 

upregulated (Natsuizaka et al., 2007). PKM2 and lactate dehydrogenase A (LDH-A) have been 

linked with more aggressive tumours and poor survival in pancreatic cancer (Mohammad et 

al., 2016). Glycolysis in pancreatic cancer was revealed to promote lactate production, tumour 

growth and protein glycosylation (Cameron et al., 2018; Li et al., 2019; O’Neill et al., 2016). 

Hexokinase 2 has been shown to regulate lactate production and promote tumour growth and 

metastasis in PDAC (Anderson et al., 2016). Although glycolysis is less energy efficient 

compared with the tricarboxylic acid (TCA) cycle, it is preferred by cancer cells as it produces 

ATP faster, occurs independently of mitochondrial function and conserves nutrients for lipids, 

amino acids and nucleic acid biosynthesis (O’Neill et al., 2016). This phenomenon is known 

as the Warburg effect (Vander Heiden et al., 2009; Warburg et al., 1927) and in PDAC, leads 

to increased lactate production, which alters the tumour stroma interface, thereby increasing 

invasiveness (Colegio et al., 2014). Elevated lactic acid levels were identified to lead to a 

decreased pH in the tumour microenvironment, which inhibited cytotoxic T cell function and 

promoted tumour growth and progression (Choi et al., 2013). 

M1 macrophages are characterized by enhanced glycolysis, while M2 macrophages exhibit 

decreased levels of glycolysis (Mills and O’Neill, 2016). M1-polarized macrophages are highly 

glycolytic due to the increased stimulation of the fructose-2,6-biphosphatase enzyme 

(Nonnenmacher and Hiller, 2018), which produces nitric oxide and TNF-α (Murray et al., 

2014), and exhibit IL-12 and IL-23 phenotypes, while M2-polarised macrophages exhibit an 

IL-10 phenotype (Liu et al., 2018). T-cells require large amounts of glucose and glutamine 

catabolism for nucleotide and lipid synthesis, which are essential for cell growth (Lim et al., 

2020). However, in their resting or naïve state, they require small amounts of glucose, amino 

acids and fatty acids for the sustenance and maintenance of energy (Li and Zhu, 2018).  

Glycolysis is necessary for differentiating CD4+ T cells into their effector subsets, as well as 

maintaining a proper balance between protective and suppressive immunity (DuPage and 

Bluestone, 2016; Michalek et al., 2011). Glycolysis is essential for T-eff cell activation and 

function because they require high metabolic flux (Herbel et al., 2016). T-eff cells are activated 

by the mTOR signalling pathway and hypoxia-inducible factor-α transcription factors, which 

promote glycolysis and amino acid metabolism but use FAO for ATP production (Waickman 

and Powell, 2012). The mTOR signalling pathway is highly involved in metabolism, altering 

the expression of key pathways such as glycolysis (Ersahin et al., 2015; Mao and Zhang, 2018). 
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T-eff subsets, such as Th17, Th1 and Th2, require elevated levels of glycolysis following 

activation (Michalek et al., 2011). Macintyre and colleagues (Macintyre et al., 2014) 

demonstrated that glucose transporter (GLUT)-1 was essential for CD4+ T cell activation and 

effector function by examining the GLUT transporter family to determine their roles in glucose 

uptake and metabolism in T cells. The study also revealed that the levels of T-eff cells were 

elevated in GLUT-1 transgenic mice, which depend solely on glucose metabolism (Michalek 

et al., 2011). Increased levels of glycolysis were also found to be required for activated B cells 

to contribute to the immune response (Jellusova, 2020). In addition, activated neutrophils were 

identified to depend on glucose for ATP production via glycolysis (Rodríguez-Espinosa et al., 

2015). 

Dendritic cells are usually found in tissues that are in contact with external environmental 

systems (Dallal et al., 2002; Liu, 2016). They process and present antigens on the cell surfaces 

for T cells to respond to (Liu, 2016). In addition, DCs regulate the immune response by 

regulating the polarization of T cells to Th1, Th2 or Th3 subtypes following the stimulation by 

cytokines (Ito et al., 2001). Enhanced glycolysis occurs in DCs, which enables them to generate 

sufficient ATP and intermediates to perform the immune system functions. Krawczyk and 

colleagues (Krawczyk et al., 2010) demonstrated that DCs undergo maturation by Toll-like 

receptor signalling, and this occurred by the metabolic conversion from oxidative 

phosphorylation to aerobic glycolysis following the upregulation of fatty acid synthesis (FAS). 

The rapid induction of glycolysis was also essential for the activation and function of DCs 

(Everts et al., 2014). 

 

Tricarboxylic acid cycle (TCA cycle) 

The TCA cycle is a series of reactions that occur in the matrix of the mitochondria and involves 

the oxidation of Acetyl CoA to generate NADH and FADH2, which are then converted to ATP 

via the electron transport chain (Figure 1.3) (Martínez-Reyes and Chandel, 2020). The TCA 

cycle was found to be dysregulated in PDAC, in which increased levels of pyruvate from 

glycolysis were reduced to lactate and fed into the TCA cycle to generate citrate for FAS 

(Reyes-Castellanos et al., 2020). Metabolites such as fumarate, succinate and D2-

hydroxyglutarate were reportedly upregulated in cancer cells as a result of the dysfunction of 

the enzymes, fumarate dehydrogenase, succinate dehydrogenase and isocitrate dehydrogenase 

(Laurenti and Tennant, 2016). Elevated levels of these metabolites have been shown to increase 

ROS levels which, in turn, activated signalling pathways, such as P13K/AKT/mTOR, which 
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promote carcinogenesis (Nogueira and Hay, 2013; Waitkus et al., 2018). Macrophages are 

proinflammatory when there is a shift towards glycolysis and FAS, promoting the production 

of IL-β and TGF-β. Conversely, macrophages are polarized towards the anti-inflammatory 

state when there is a shift towards the Krebs cycle and FAO (Rodríguez-Prados et al., 2010). 

Increased citrate synthase activity was observed in PDAC upon measuring the activity in the 

tissues of patients with pancreatic cancer (Schlichtholz et al., 2005a); citrate synthase catalyses 

the reaction between Acetyl CoA and oxaloacetate to produce citrate, which is a substrate for 

membrane lipid synthesis (Swierczynski et al., 2014). Although pancreatic cancer has been 

associated with elevated citrate synthase levels, increased citrate production inhibits 

phosphofructokinase (PFK)2 (Halabe Bucay, 2009). PFK2 is a promoter of PFK1, an enzyme 

that catalyses the conversion of fructose-6-phosphate to fructose-1,6-biphosphate in the 

presence of ATP, thereby controlling glycolysis in cancer cells. M2 macrophages, which are 

observed in PDAC, utilize oxidative phosphorylation to support their metabolic demands and 

have an uninterrupted Krebs cycle (Amedei et al., 2014; O’Neill et al., 2016). 

 

Pentose Phosphate Pathway (PPP) 

The PPP consists of two phases, oxidative and non-oxidative, both of which were revealed to 

be upregulated in pancreatic cancer (Swierczynski et al., 2014). The major products of the 

oxidative phase of PPP are nucleotides and NADPH, while the non-oxidative phase generates 

ribonucleotides for DNA synthesis, which is mediated by transketolase and transaldolase 

enzymes (Patra and Hay, 2014). The mRNA expression levels of transketolase were reported 

to be upregulated in the pancreatic cancer cell lines, Panc-1, MiaPaca-2 and CaPan-1 (Liu et 

al., 2010). In addition, a previous study revealed that the activation of the non-oxidative phase 

of the PPP in pancreatic cancer promoted resistance to gemcitabine treatment (Shukla et al., 

2017). Macrophages are polarized towards an M2 phenotype when the PPP is inhibited, thus 

indicating the importance of the PPP in the pro-and anti-inflammatory response of 

macrophages, as shown in Figure 1.2. Screening of 199 human kinases for their potential roles 

in immunoregulation revealed that the sedoheptulose kinase (SHK) enzyme, which limits the 

PPP, served an important role in macrophage polarization (Haschemi et al., 2012). In addition, 

the results proved that SHK enzyme downregulation was essential for the M1 reprogramming 

in macrophages. The PPP was found to be highly activated in lipopolysaccharide-activated 

macrophages due to the induction of the pyruvate kinase isoenzyme M2, which is an enzyme 

that diverts glycolytic intermediates to other biosynthetic pathways (Palsson-McDermott et al., 

2015). 
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Amino acid Metabolism 

 

L-type amino acid transporter (LAT-1) transports large amino acids, such as tryptophan, 

phenylalanine, tyrosine and histidine, among others (Fernandez-Zapico et al., 2019). LAT-1 

was shown to be overexpressed in PDAC and was linked to angiogenesis and tumour cell 

proliferation (Altan et al., 2018). The breakdown of tissue proteins to branched-chained amino 

acids was revealed to be one of the early consequences of pancreatic cancer, thus, it may be 

used as a potential biomarker (Commisso et al., 2013). For example, leucine, isoleucine and 

valine are branched-chain essential amino acids (Ananieva and Wilkinson, 2018), which were 

reported to be elevated in pancreatic cancer because they are an alternative source of organic 

molecules that can fuel the TCA cycle. Whole-body protein breakdown associated with 

elevated BCAA levels might be an early event in PDAC development (Mayers et al., 2014). 

Exosomes derived from the tumour microenvironment were also identified to enhance the 

proliferation of pancreatic cancer cells by supplying metabolites, such as proteins, nucleic acids 

and amino acids (Yao et al., 2020; Zhao et al., 2016). Due to poor vascularization, pancreatic 

tumours do not have a sufficient supply of glutamine; instead, they use micropinocytosis to 

engulf extracellular proteins, which are subsequently degraded in lysosomes to release 

glutamine and other amino acids (Kamphorst et al., 2015). PDAC is characterized by a low 

expression of glutamate dehydrogenase and the overexpression of glutamic oxaloacetic 

transaminase for the conversion of glutamine-derived aspartate to oxaloacetate in the 

cytoplasm, which is then further converted to malate and finally into pyruvate (Son et al., 

2013). Glutamine regulates the balance between T-eff cells and T-regs; however, in the PDAC 

microenvironment, the transporter protein, alanine-serine-cysteine transporter 2, was found to 

be deficient, leading to the diminished generation and function of Th17 and Th1 cells (Singer 

et al., 2018), hence promoting T-reg formation. 

Upon activation, T cells consume a large amount of arginine and tryptophan to generate 

memory T cells by switching from glycolysis to oxidative phosphorylation, which activates 

antitumor activities (Sinclair et al., 2013). Amino acids produce derivatives that support cancer 

growth and progression; for example, in the PDAC microenvironment, the overexpression of 

indoleamine-2,3-dioxygenase (IDO) and arginase depleted tryptophan and arginine, thereby 

suppressing T cell proliferation and activating T-reg differentiation (Pilotte et al., 2012). 

Glutamate conversion into α-ketoglutarate by glutamate dehydrogenase was shown to promote 
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cancer growth because it served as an anaplerotic intermediate for the TCA cycle and provided 

nitrogen for non-essential amino acid biosynthesis (Cluntun et al., 2017). 

Lipid Metabolism (Fatty Acid Oxidation and Fatty Acid Synthesis) 

• Fatty Acid Oxidation (FAO) 

FAO serves as a source of energy for the proliferation and survival of cancer cells (De 

Oliveira and Liesa, 2020). FAO is an alternative source of Acetyl CoA that enters the 

TCA cycle for ATP production and energy (Figure 1.2) (O’Neill et al., 2016). In another 

study,  it was shown that ATP production in PDAC relies more on FAO rather than 

Glycolysis (Lee et al., 2020).  Pancreatic tumours and cell lines have been shown to 

overexpress the cyclooxygenase (COX)2 enzyme, which was identified to be associated 

with the invasiveness and metastasis of the disease (Nzeako and Gores, 2002). COX2 

catalyses the rate-limiting step in arachidonate metabolism to produce prostaglandin 

(Asano et al., 2002). The PDAC microenvironment was discovered to release 

endothelial growth factors, tumour promoters and cytokines, which induced COX2 

expression (Molina et al., 1999). Dubois and colleagues (DuBois et al., 1994) showed 

that transforming growth factor-α and tumour promoter tetradecanoyl phorbol acetate 

stimulates the production of eicosanoids, such as COX2, in rat intestinal epithelial cell 

culture. Increased expression of COX2 plays a major role in the overproduction of 

PGE2, which inhibits immune response in malignant tissues and apoptosis as well as 

induction of proliferation and angiogenesis (Dannenberg and Subbaramaiah, 2003; Sato 

et al., 1997). FAO was also indicated to serve an important role in regulating the balance 

between T-eff cells and suppressive T-regs, as it was observed to promote the 

generation of T-regs while inhibiting T-eff cell polarization (Michalek et al., 2011). 

FAO also enhanced the activation and maintenance of memory CD8+ T cells 

(O’Sullivan et al., 2014). 

• Fatty Acid Synthesis (FAS) 

Products derived from other cell metabolic pathways, such as glycolysis, the TCA cycle 

and PPP are used by cells to generate lipids for cellular growth in the FAS pathway 

(O’Neill et al., 2016). In pancreatic cancer, FAS involves the upregulation of ATP 

citrate lyase, Acetyl CoA carboxylase, fatty acid synthase (FASN), Acetyl CoA 

synthetase, stearoyl CoA desaturase, polyunsaturated fatty acids, monounsaturated 

fatty acids (MUFA) and saturated fatty acids (Swierczynski et al., 2014). Some plasma 

lipids, such as very-low-density lipoproteins, were also shown to be elevated, while 
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low-density lipoprotein, high-density lipoprotein and 3-hydroxybutyrate were 

decreased in patients with PDAC (Zhang et al., 2012). ATP-citrate lyase, an enzyme 

that converts citrate to Acetyl CoA which is a precursor for FAS, was also revealed to 

be upregulated in PDAC (Hatzivassiliou et al., 2005). 

Deregulated FAS in PDAC, such as the biogenesis of fatty acids due to the 

overexpression of FASN, reportedly promoted cancer progression via resistance to 

chemotherapy (Tadros et al., 2017). Following resection, FASN levels are decreased in 

the majority of patients with PDAC, suggesting that elevated levels of FASN may be 

associated with poor survival and gemcitabine unresponsiveness via enhanced estrogen 

receptor stress (Guillaumond et al., 2015; Tadros et al., 2017). Another enzyme that 

serves an essential role in FAS is acyl CoA synthetase, which converts long-chain fatty 

acids to acyl CoA, a critical step in phospholipid and triglycerol biosynthesis (Coleman 

et al., 2002). Stearoyl-CoA desaturase-1 was demonstrated to exert an important role in 

the pathogenesis of PDAC by regulating the production of MUFAs (Macášek et al., 

2012). Alcohol and tobacco-related carcinomas, such as PDAC, have also been shown 

to overexpress the aldo-keto reductase family 1B10 (AKR1B10) enzyme, which 

catalyses the production of aldehyde and NADPH from alcohol and NADP+ (Chung et 

al., 2012). AKR1B10 is essential in FAS by regulating the stability of Acetyl CoA 

carboxylase, which can catalyse the biosynthesis of malonyl CoA, a FASN substrate. 

Fatty acids are esterified to phospholipids, which are required for membrane formation, 

and this pathway was indicated to be the most abundant in advanced pancreatic cancer 

(Swierczynski et al., 2014). Cholesterol uptake was also identified to be elevated in 

PDAC, as pancreatic cancer cells are highly dependent on cholesterol (Guillaumond et 

al., 2015). A summary of the discussed metabolic pathways and how they influence 

immune cells is presented in Table 1.1. 
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Table 1.1: Immune cells and their role in pancreatic cancer as well as the pathways through 

which they perform their functions. 

 

Immune 

Cells  

Immune Cell in PDAC Pathways 

Involved in PDAC 

Immune Cell functions 

in PDAC 

References 

Macrophages i. Switch from M1 to M2 macrophages 

due to cytokines such as IL-10 and 

TGF-β 

   

ii. Tumour-associated macrophages: 

Releases growth factors such as 

VEGF and expresses PD-L1 (binds 

to programmed cell death on the 

surface of activated T cells). 

TCA cycle and 

Fatty acid 

oxidation 

Immunosuppression 

 

 

Angiogenesis 

Tumour cell metastasis 

Inhibits Tcell activation 

(Sideras et al., 2014) 

 

 

 

(Chen et al., 2019) 

T-cells CD8+T-cells suggest a better prognosis and 

favourable clinical outcome in PDAC. 

 

 

CD4+T-cells 

• Th1 promotes anti-cancer 

 

• Th2 cells secrete cytokines such as IL-

13 and IL-10 

 

• Th17 could be pro or anti 

tumourigenic 

 

• T-regs 

i. Secretion of IL-10 and TGF-

β 

 

 

ii. CTLA-4 are receptors on T-

regs that produce inhibitory 

signals. 

 

 

Fatty acid 

Oxidation, TCA 

cycle 

 

 

Glycolysis 

 

 

 

 

 

 

 

 

 

Oxidative 

Phosphorylation 

and Fatty Acid 

Oxidation 

 

Phagocytosis and 

inhibition of tumour 

growth 

 

 

Inhibition of 

tumourigenesis 

 

Promotes tumour growth 

and tumorigenesis 

 

Immunosuppression 

Inhibition of tumour 

growth 

 

Immunosuppression and 

tumour growth 

 

 

Inhibition of 

immunology synapse 

and destruction of 

infected cells 

Impairs T cell activation 

and finally leads to T 

cell death 

 

 

(Fukunaga et al., 2004; 

Masugi et al., 2019; 

O’Sullivan et al., 

2014) 

 

(O’Neill et al., 2016; 

Wörmann et al., 2013) 

(De Monte et al., 

2011) 

 

(Gnerlich et al., 2010; 

He et al., 2011) 

 

(Daniel et al., 2019; 

Sakaguchi et al., 2010)  

 

(Macintyre et al., 

2014) 

 

 

 

 

 

 

 

 

 

 

 

Dendritic 

cells 

Decreased levels correlate to poor survival 

rate in PDAC 

Glycolysis and 

Pentose Phosphate 

Pathway 

Antigen presentation (Chang et al., 2016; 

Yamamoto et al., 

2012) 

Mast cells Mast cells promote tumour progression. 

Elevated levels correlate with metastasis in 

human PDAC. 

Fatty Acid 

synthesis 

Angiogenesis and 

Metastasis 

(Cai et al., 2011; 

Longo et al., 2018; 

Ribatti, 2016) 

Natural Killer 

cells 

Decreased levels correlate to a worse 

prognosis in PDAC 

Glycolysis Produces cytokines for 

cancer cell destruction 

(Duan et al., 2011; Lin 

et al., 2017) 

MDSC MDSC levels in PDAC correlate to increased 

levels of cytokine IL-13 and T-regs 

Amino acid 

metabolism, Fatty 

acid synthesis 

Immunosuppression and 

Inhibition of T cell 

activation  

(Gabitass et al., 2011; 

Gabrilovich, 2017; 

Ostrand-Rosenberg, 

2010) 
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1.4 Treatment development involving metabolic regulation in PDAC 

Recent treatment developments involving TCA inhibition in PDAC include phase II and III 

clinical trials investigating a TCA cycle inhibitor delimitate, also known as CPI-

613® (ClinicalTrials.gov.nos. NCT03435289 and NCT03504423). The combination of CPI-

613 with gemcitabine, nab-paclitaxel and FOLFIRINOX has been explored for unresectable, 

locally advanced and metastatic PDAC (Alistar et al., 2020; Philip et al., 2019). These clinical 

studies demonstrated that CPI 613 can be safely administered with gemcitabine and nab-

paclitaxel at doses up to 1500 m/g2 and further studies are still ongoing.  In addition, the P13K-

AKT-mTOR signalling pathway controls cell cycle, survival, metabolism and motility in 

cancer (O’Donnell et al., 2018).  Hence, studies targeting mTOR inhibition such as phase I and 

II clinical trials (ClinicalTrials.gov.no. NCT03362412) investigating Sirolimus and Metformin 

(ClinicalTrials.gov.no. NCT02048384), which are mTOR inhibitors, for the treatment of 

patients with advanced pancreatic cancer (Bever et al., 2020; Jin and Zhao, 2020) could be very 

vital in novel therapy development. A combination of metabolic regulation and chemotherapy 

could be more effective than the use of chemotherapy alone. A recent ongoing study on 

metastatic PDAC patients monitoring cholesterol disruption using Atorvastatin, Ezetimibe and 

Repatha, which are cholesterol-reducing drugs in combination with Folfirinox 

(ClinicalTrials.gov.no. NCT04862260) to modulate AKT signalling. This regulates 

proliferation and migration, hence inhibiting tumourigenesis (Kumar and Mandal, 2021). The 

aggressive and unresponsive nature of pancreatic cancer highlights a requirement for an 

improved understanding of the mechanism of progression to provide effective therapeutic 

targets. Immunotherapy is a growing and promising treatment strategy in cancer; however, in 

pancreatic cancer, it is clear that further studies are required to investigate its effectiveness. 

The dysregulated interaction between the immune system and metabolic pathways in 

pancreatic cancer could provide greater insight into this disease. Furthermore, understanding 

these interactions may enable the development of effective therapeutic options that might 

increase the survival rate of patients. Targeting these pathways to enhance or elicit an immune 

response would be beneficial. Several studies have investigated the potential of targeting 

metabolic pathways and the effect on immune response in carcinogenesis, which is summarized 

in Table 1.2. Future studies to determine these effects in pancreatic cancer and discover new 

targets may prove favourable. 

 

https://clinicaltrials.gov/ct2/show/NCT03435289
https://clinicaltrials.gov/ct2/show/NCT03504423
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Table 1.2: Metabolic pathways with their potential roles as effective immunotherapeutic 

strategies 

Metabolic Pathways Prospective immunotherapy Strategies References 

Glucose Metabolism • Targeting inhibition of tumour cells derived 

lactate on human T-cells as it enhances T-cell 

proliferation and cytotoxicity activities of 

NK and CD8 T-cells. 

 

• The use of PD-1 blocking antibodies 

promotes antitumor activities by enhancing 

T-cell proliferation via glycolysis inhibition 

and FAO promotion. 

 

• Inhibition of key glycolytic enzymes such as 

lactate dehydrogenase A (LDHA) and 

Pyruvate Kinase Isoenzyme 2 (PKM2) 

correlates to the reduction of the infiltration 

of MDSC and promotion of CD8+ T-cells, 

NK and T-cells. 

(Brand et al., 2016) 

 

 

 

 

(Patsoukis et al., 2015) 

 

 

 

 

(Liu et al., 2015; Mohammad 

et al., 2016) 

 

 

Lipid metabolism • Targeting the inhibition of COX2 and 

suppression of its metabolite prostaglandin 

E2 (PGE2) using Paeonol exerts anticancer 

effects by inhibiting the reprogramming from 

M1 to M2 macrophages. 

 

•  FAO inhibition in myeloid-derived 

suppressor cells enhances T-cell function and 

decreases cytokine production. 

 

• Immunosuppression of MDSCs via 

regulation of metabolic pathway involved in 

the transformation of amino acids to PGE2 to 

inhibit lipid accumulation. 

 

(Kalinski, 2012; Li et al., 

2014; Wang et al., 2021) 

 

 

 

 

(Arina and Bronte, 2015; 

Hossain et al., 2015) 

 

 

 

(Yan et al., 2019) 

Amino Acid Metabolism • Inhibition of Indoleamine -2,3-dioxygenase 

(IDO) to promote T cell proliferation and 

response. 

 

• Inhibition of glutamine metabolism using 

Aminooxyacetate (AOA) to mediate 

cytotoxicity in tumour cells. 

 

• Targeting LAT-1 and amino acid pathways 

using SM-88 or anti-LAT-1 antibodies 

promotes tumour growth inhibition via 

disruption of protein synthesis and activation 

of DCs and T-cells. 

 

• Blockade of adenosine production through 

the inhibition of CD39 and CD73 promotes 

anti-cancer activity by activating DC 

maturation and T-cells and NK cells 

activation. 

(Yu et al., 2018) 

 

 

 

(Korangath et al., 2015) 

 

 

 

(Altan et al., 2018; Fernandez-

Zapico et al., 2019) 

 

 

 

 

 
(Allard et al., 2017, 2020; 

Leone and Emens, 2018) 

 

 

 

PD-1: Programmed cell death, NK: Natural killer cells, FAO: Fatty Acid Oxidation, MDSC: Myeloid-derived suppressor cells, 

COX2: cyclooxygenase-2  
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1.5 Study Rationale 

Worldwide, pancreatic cancer is estimated to cause over 460,000 deaths and about 496,000 

cases annually (Sung et al., 2021). Progression of the disease and subsequent metastasis result 

in difficulty in treating PDAC. Hence the need for more investigation of underlying molecular 

underpinnings especially in under-studied patient groups. Although patients of African descent 

have an elevated risk and poor survival rates of PDAC, there is little molecular and clinical 

information for this group.  

Due to the aggressiveness of the PDAC and its resistance to treatment options such as 

chemotherapy and radiotherapy, there is an urgent requirement for sensitive and specific 

biomarkers for disease detection. Clinical biomarkers such as CA-19-9 are being used by 

clinicians in triaging PDAC patients and to predict their prognosis (Ballehaninna and 

Chamberlain, 2012). However, most of them are not efficient because they cannot detect the 

disease at the onset and cannot be used to competently evaluate patients at the time of 

admission. CA-19-9 lacks sensitivity and specificity because they are not usually elevated at 

the onset of PDAC and may also be overexpressed in various inflammatory conditions (Scarà 

et al., 2015). Metabolites are altered in PDAC and have shown potential as biomarkers in 

several studies (Zhang et al., 2013).  Although PDAC patients of African descent have a higher 

incidence and poorer prognosis (Siegel et al., 2022), this group of patients are under-

represented in published studies. To date, to our knowledge, there has been no published study 

investigating the alteration of metabolites in this patient group. This study aims to assess small 

metabolites as potential diagnostic and prognostic markers in patients of African ancestry. 

Considering that the immune system is known to play a pivotal role in both PDAC progression 

and treatment, it is envisaged that the expression of immune cells in the different stages of 

PDAC can help elucidate the function of the immune system during tumorigenesis. These 

expression levels can be influenced by metabolic processes that are known to be dysregulated 

during PDAC progression. Thus, deciphering the complex relationship between the immune 

response in PDAC and metabolism would provide an avenue to identify relevant networks and 

pathways that may influence PDAC progression. This may result in more understanding of this 

disease and highlight potential therapeutic options.  
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1.6 Aim  

This study aimed to demonstrate the expression of metabolites and lipoproteins in a cohort of 

PDAC patients as well as identify the levels of immune markers and the possible associations 

in the progression of PDAC in a cohort of patients. 

 

1.7 Objectives 

• To describe the demographic and clinicopathological characteristics of patients with 

different stages of PDAC. 

• To identify dysregulated metabolites and lipoproteins in different groups of PDAC; 

resectable (RPC), locally advanced (LAPC) and metastatic (MPC) patients and 

compare with the controls: chronic pancreatitis (CP) and healthy controls (HC) using 

Nuclear Magnetic Resonance spectroscopy. 

• To determine lipoprotein parameters: HDL, LDL, and VLDL, particle number, size, 

and lipid concentration of each subtype using Lipoprint assay. 

• To determine levels of the reactive oxygen species (ROS) in PDAC and control groups 

using Spectrophotometric assay. 

• To determine the expression of selected immune markers by immunophenotyping and 

gene expression analysis.  

• To correlate clinical data, metabolites, ROS, and immune cell marker levels and 

hypothesize possible relationships. 

 

In this thesis, a description of the demographic and clinicopathological features of the patient 

cohort used in this study is provided chapter II.  In chapter III,  the serum metabolomic and 

lipoprotein profiles of these patients are reported. In chapter IV, the expression of immune cell 

markers was assessed and in chapter V, all the data from the various analyses: demographics 

and clinical, metabolomics and lipoproteins, reactive oxygen species, immunophenotyping, 

and PCR datasets are integrated using statistical tools. 
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CHAPTER II: DEMOGRAPHICS AND CLINICAL CHARACTERISTICS OF THE 

COHORT OF PANCREATIC DUCTAL ADENOCARCINOMA PATIENTS 

 

2.1 Introduction 

Although risk factors often influence the development of cancer, most do not directly cause 

cancer. For early diagnosis of PDAC, the development of an integrated system including 

demography, clinical information and, screening methodologies might be more sensitive and 

specific (Poruk et al., 2013). The low incidence of this disease makes the screening of the 

general population impractical and thus early detection of PDAC difficult (Singhi et al., 2019).  

International guidelines on early detection of PDAC recommend targeted screening of those 

whose risk of developing the disease is greater than 5% (Canto et al., 2013). Prediction models 

developed for PDAC incorporating data on age, sex, race, risk factors and clinical 

investigations were shown to reach an AUC of 0.85 in envisaging high-risk patients as well as 

early detection of the disease (Pereira et al., 2020). The main cause of PDAC is not known but 

a person with an average risk of PDAC has about a 1% chance of developing the disease (Rawla 

et al., 2019). This study summarises some demographics and provides an overview of the 

presentation patterns of PDAC in a black African cohort. 

2.2 Demographics as risk factors in Pancreatic Ductal Adenocarcinoma 

Information about the demography and risk factors may bring about more improved lifestyle 

and health care choices, thereby improving the diagnosis, prognosis and subsequent treatment 

and management strategies. Demographic features such as age, gender, and race/ethnicity have 

been implicated in PDAC occurrence. 

Age: The evaluation of age at the onset or diagnosis of the disease has been shown to 

help further inform risk assessment of developing PDAC, especially where medical 

records or databases of family history are not available. The risk of developing PDAC 

increases with age (Brune et al., 2010). Most people who develop PDAC are older than 

45 years. Approximately 90% of people with PDAC are older than 55 years while about 

70% are older than 65 years (Malvezzi et al., 2016).  

Sex: Pancreatic cancer has a slight male predominance, and this could be due to lifestyle 

and habits differences between both sexes (Siegel et al., 2022). However, recent 

statistics estimates for 2022 on African Americans/Black people showed that  3,040 
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men and 3,300 women will die from pancreatic cancer (Giaquinto et al., 2022). The 

female sex might positively predict response to FOLFIRINOX in metastasised PDAC 

patients (Hohla et al., 2014). The female gender was shown to be associated with 

elevated CA19.9 levels which were more responsive to FOLFIRINOX (Hohla et al., 

2014). 

 

• Race/ethnicity: PDAC prevalence and outcomes vary considerably between 

races and ethnic groups. African Americans are more likely to develop PDAC than 

Caucasians (Silverman et al., 2003). This could be a combination of genetic and socio-

economic reasons affecting early detection, and treatment (Siegel et al., 2021). These 

differences in pancreatic cancer incidences between races can be ascribed to increased 

risk factors such as diet, alcohol, smoking and overweight (Rawla et al., 2019). 

 

2.3 Clinical Presentation Patterns of Pancreatic Ductal Adenocarcinoma 

Although most PDAC patients are symptomatic at presentation, symptoms are usually non-

specific which leads to a delay in the time of prognosis between presentation and diagnosis 

(Grossberg et al., 2020). PDAC has been associated with symptoms such as weight loss, 

abdominal pain, jaundice, new on-set T2DM, bloating, nausea, vomiting, steatorrhea, changes 

in bowel movements, pruritus, lethargy, back and shoulder pain (Porta et al., 2005). However, 

other clinical signs such as epigastric mass and ascities are much less common. However, these 

symptoms manifest at an advanced stage (Keane et al., 2014). Loss of volume due to skeletal 

muscle and adipose wasting is described as an early sign of PDAC growth (Danai et al., 2018; 

Sah et al., 2019). Since there is no diagnostic system for PDAC, the development of some or 

most of the symptoms listed above along with T2DM and recurrent chronic pancreatitis could 

strongly suggest a predisposition to pancreatic cancer (Vujasinovic et al., 2020).  

 

T2DM is a risk factor of PDAC that is characterised by hyperinsulinemia, insulin resistance 

and pancreatic β- cell dysfunction (Chatterjee et al., 2017). PDAC has a complex and 

bidirectional relationship with T2DM (Li et al., 2012). Approximately 1% of diabetic patients 

over 50 years will be diagnosed with pancreatic cancer within 3 years of the ailment onset 

(Andersen et al., 2017). However, about 50% of the patients will have developed T2DM within 

1-2 years before their diagnosis of PDAC which could be an early sign of the tumour (Chari et 
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al., 2008). Chronic pancreatitis is an inflammatory condition of the pancreas that is usually 

irreversible and leads to exocrine and endocrine dysfunction (Gardner et al., 2020).  

Several serum markers for pancreatic cancer have been evaluated, the most useful is 

carbohydrate antigen 19-9 (CA 199-9). CA 19-9 sensitivity is closely related to tumour size, 

location, stage and resectability (Kared et al., 2016). Several markers have emerged from 

clinical studies, but none have better sensitivity than CA 19-9. Recent studies show that 

combining CA19-9 with metabolites detection in blood samples could be useful in early 

prognosis (Fahrmann et al., 2019). Clinical parameters are vital in the diagnosis and 

management of PDAC (Varghese et al., 2021). 

 

2.3.1 Laboratory patterns associated with PDAC 

Haematological Parameters: Red blood cell (RBC) count, white blood cell (WBC) count, 

and haemoglobin (Hb) concentration are highly regulated with vital clinical importance 

(Kelada et al., 2012). Abnormal values outside the normal ranges could be indicative of 

disorders or other diseases such as cancer. The reduction of total lymphocytes in the blood is 

the main immunologic change in PDAC (Fogar et al., 2006). Circulating lymphocytes tend to 

decrease as PDAC progresses (Miyazawa et al., 2021; Wachsmann et al., 2012). Elevated Red 

blood cell count or distribution width (RWD) is directly related to oxidative stress by affecting 

the RBC membrane and glycoproteins. Hence, high RWD levels could be an indication of a 

nutrient deficiency such as iron, folate or vitamin B-12 resulting from anaemia which is a 

symptom of PDAC. In pancreatic cancer patients, RWD plays a vital role in understanding the 

stages of the disease and the development of postoperative complications which would help 

determine surgery time and neoadjuvant treatment plan (Yilmaz et al., 2014). 

 

International normalised ratio (INR) is a test used to measure the time it takes for blood to clot.  

Patients with elevated INR values have shorter thrombosis times (Epstein et al., 2012).  

Activation of coagulation, inflammation and angiogenesis affect the morbidity and mortality 

of patients with pancreatic cancer (Nakchbandi and Löhr, 2008). Anticoagulant therapy may 

represent a useful strategy to improve the prognosis of pancreatic cancer patients (Mandalà and 

Tondini, 2011). Due to the negative effect of prolonged INR on survival, coagulation assays 

such as INR tests could be used to provide foresight about the outcome.  
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Although pH and CO2 are not usually considered classical laboratory tests required in PDAC 

diagnosis they are considered for research study purposes. The pH of tumours is significantly 

lower than that of healthy tissues and this may be due to anaerobic glycolysis in tumours 

(Gatenby and Gillies, 2004). Additionally, CO2 levels are reduced in cancer cells because they 

secrete lactic acid instead of breaking down glucose to CO2
  as described in Warburg effects 

(Vander Heiden et al., 2009). 

  

Liver Function Tests: Also referred to as hepatic panels are used to check how well the liver 

is working by monitoring the levels of enzymes and proteins made or cleared by the liver. They 

might be raised if there is a blockage in the bile duct. Liver function tests also measure the 

bilirubin and albumin levels in the blood. 

• Hyperbilirunaemia: Bilirubin is a breakdown product of haemoproteins that is taken up 

from plasma into liver hepatocytes where it is conjugated to glucuronic acid and the 

conjugated form is excreted into bile (Creeden et al., 2021). Elevated bilirubin levels in 

the liver may damage the liver cells causing liver dysfunction or failure. Causes of 

hyperbilirubinemia in PDAC patients are due to obstruction of the extra-hepatic biliary 

tree by a head tumour, blockage of the intrahepatic bile duct due to tumour metastases 

(Vogel et al., 2015), and massive infiltration of the liver by tumour metastases resulting 

in non-cirrhotic liver failure (Levitt and Levitt, 2014). Elevated conjugated bilirubin in 

PDAC could be due to reflux bilirubin glucuronides into plasma due to intra or post-

hepatic obstruction (Vogel et al., 2015). Bilirubin levels are usually the first measured 

in patients presenting with jaundice such as PDAC patients. Patients with high bilirubin 

levels lose the prognostic significance of inflammatory immune biomarkers in PDAC  

(Aziz et al., 2019). Bilirubin can freely move into the brain and cause neurotoxicity 

which in turn affects survival in patients with PDAC leading to a poor prognosis (Feng 

et al., 2018).  

Other consequences of hyperbilirubinemia include coagulopathy which occurs due to 

derangement of homeostasis resulting in excessive bleeding or impaired clot formation 

usually monitored by INR test, acute kidney injuries caused by prolonged elevated 

bilirubin levels which results in renal tubules damage thereby affecting the nephrons 

and secondary biliary cirrhosis which is long-term damage to the liver caused by 

unresolved obstructive jaundice. 
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• Alkaline phosphatase (ALP): These are enzymes found in both the liver and bone which 

play an important role in breaking down proteins. Higher levels of ALP may indicate a 

blocked duct, liver damage or disease. Serum bilirubin and ALP levels are potential 

laboratory tests for distinguishing between the benign and malignant causes of jaundice 

(Pasanen et al., 1993).  

• Gamma-glutamyl transferase (GGT): Elevated levels of these enzymes might be 

indicative of bile duct damage or liver disease. GGT remains the most widely used 

marker of alcohol abuse, levels typically rise after heavy alcohol intake that has 

continued for several weeks (Carter et al., 2019). 

Clinically, cholestatic jaundice can be diagnosed when the ratio of total bilirubin to 

conjugated bilirubin is greater than 50% and there are elevated levels of other clinical 

liver parameters such as alkaline phosphatase (ALP) and gamma-glutamyl transferase 

(GGT) (Tripathi and Jialal, 2020). 

• Alanine transaminase (ALT): These are enzymes that convert proteins into energy for 

the liver cells. When the liver is damaged or infected, ALT is released into the 

bloodstream hence there are increased levels.  

• Aspartate transaminase (AST): They are present at low levels in the blood. Increased 

AST levels may indicate liver damage or disease. 

Both ALTs and ASTs are usually normal at the early stage of PDAC, prolonged and 

untreated obstructive jaundice might cause liver damage or injury which in turn leads 

to elevated transaminases levels. 

• Hypoalbuminemia: Albumin (Alb)  is one of the most abundant blood plasma proteins 

produced in the liver and maintains the oncotic pressure of the systemic circulation 

(Feng et al., 2018). Lower serum Albumin concentration could be because of the 

production of IL-6 which regulates albumin production by hepatocytes (Barber et al., 

1999). There is usually slight or no hypoalbuminemia in the early stages of PDAC, but 

as the disease progresses, Alb levels drop significantly and could serve as an indicator 

of the prognosis of the disease in combination with CRP levels (Zhang et al., 2020).  

• An acute-phase protein known as C-reactive protein (CRP) is produced by the liver as 

part of the systemic inflammatory response. The prognostic role of CRP has been 

shown to correlate inversely with survival (Szkandera et al., 2014).  

• Urea and Electrolytes (U and E):  Electrolyte disorders are usually associated with 

worse outcomes in cancer. U and E measure the alteration in urea and electrolytes such 
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as sodium, calcium, magnesium, and potassium levels (Berardi et al., 2019). In PDAC 

it is very essential to check for U and E before surgery or chemotherapy because these 

blood tests show how well the kidneys are working. Waste chemicals called urea and 

creatinine are produced by the body. Our kidneys remove them from our blood and get 

rid of them in our urine. 

2.4 Maladies associated with some of these symptoms  

(1) Cholestatic Jaundice: Cholestasis is the stagnation in bile flow usually caused by 

obstruction or functionally impaired hepatocytes. It can be classified into intrahepatic 

or extrahepatic cholestasis depending on the level of obstruction (Bhandari and Toouli, 

2006). In PDAC, extrahepatic cholestasis occurs due to the obstruction of the 

extrahepatic bile duct outside the liver. Major constituents of bile are bilirubin and bile 

acids. Retention of excess bilirubin in the hepatocytes manifests as jaundice which is 

a yellowish pigmentation of the skin and sclera (Chen et al., 2018). Clinically 

cholestatic jaundice is marked by elevated bilirubin and serum alkaline phosphatase 

levels (Tripathi and Jialal, 2020). PDAC patients develop cholestasis via malignant 

biliary obstruction which occurs when the flow of bile from the liver is reduced or 

blocked leading to elevated bilirubin levels (Ćwiklińska et al., 2020). Over 70% of 

pancreatic cancer patients have some level of cholestasis at the time of their diagnosis 

(Kruse, 2010) which has been linked to abnormal LDL originating from the reflux of 

bile lipoprotein into the plasma (Phatlhane and Zemlin, 2015). Cholestasis can be 

relieved by decompression using plastic or metal stents which could be carried out via 

Endoscopic Retrograde Cholangio Pancreatography (ERCP) (Boulay and Parepally, 

2014) and might result in complications (Donelli et al., 2007).  However, complications 

associated with biliary stents occur in about 10-30% of cases, which are accompanied 

by recurrent jaundice and in some cases might develop cholangitis (Donelli et al., 

2007). Thus, second-line methods such as Percutaneous Transhepatic Biliary Drainage 

(PTBD), Endoscopic Ultrasound-guided Biliary Drainage (EUS-BD) and surgical 

bypass may also be carried out (Boulay and Parepally, 2014).  

 

(2) Cholangitis: This is characterised by inflammation and infection of the bile duct system 

through elevated biliary obstruction and infection (Zimmer and Lammert, 2015). Some 

of the presenting symptoms of cholangitis are right upper abdomen pains, fever and 

jaundice. Cholangitis in PDAC patients is associated with stent occlusion and recurrent 
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biliary obstruction, hence should be considered in the treatment plan (Darnell et al., 

2021). Preoperative cholangitis has been statistically associated with increased 

postoperative morbidity and mortality levels in some cancers (Wang et al., 2018).  

In this study, the demographics and clinicopathological parameters were described and 

comparisons were made between the PDAC and control groups.  

 

2.5 Methods  

 

2.5.1 Patients recruitment and Clinical Data Collection 

The study was approved by the University of Witwatersrand Human Research Ethics 

Committee (Medical) (Study number—M190681). All participants gave written informed 

consent. Patient clinical data were collected using the REDCap v9.0 (Harvey, 2018). Sample 

and data collection were conducted between March 2019 and March 2020. The sampling site 

was the Hepatopancreatobiliary Unit at Chris Hani Baragwanath Academic Hospital, Soweto 

Johannesburg, South Africa and sample processing was done at the Department of Surgery, 

Faculty of Health Science, University of the Witwatersrand. 

 

Only patients with clinically and histologically proven PDAC were recruited for this study. 

The inclusion criteria considered patients from 18 years old and above, of African ancestry, 

and diagnosed with one of the three stages of PDAC. African ancestry in this cohort was 

established from the recruited patients who self-reported to belong to one of the ethnic groups 

of South Africa. Patients undergoing chemotherapy at the time of the study were excluded. 

Stratification into resectable (RPC), borderline resectable, locally advanced (LAPC), and 

metastatic (MPC) disease was conducted with a contrast-enhanced triple-phased CT-scan of 

the abdomen following the National Comprehensive Cancer Network (NCCN) guidelines 

(Tempero et al., 2019). For this study, both resectable and borderline resectable were 

categorized as RPC. In this group, the tumour either had not invaded any vessel or had invaded 

the portal vein to 90°, in which case neoadjuvant chemotherapy may have been necessary 

before surgery. The LAPC group included cases where the tumour had invaded the superior 

mesenteric artery and/or portal vein to more than 180°. Lastly, in the MPC, the tumour had 

spread to other organs such as the liver (Soweid, 2017). Chronic Pancreatitis (CP) patients and 

healthy volunteers (HC) enlisted from the University of Witwatersrand, also of African 

ancestry, were recruited as the control arm of the study. All the patients recruited in this study 
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were age-matched. To be eligible, all the healthy participants confirmed that they were in good 

health and were not taking any regular medication. Clinical parameters such as haematological, 

blood chemistry and liver function tests were obtained from the patients’ file and National 

Health Laboratory Service (NHLS) website. 

 

2.5.2 Statistical Analysis 

The Wilcoxon and Kruskal–Wallis rank-sum tests were used to compare differences in 

numerical covariates (e.g., age). Fisher’s exact test was used to assess differences between 

categorical variables (e.g., gender). The Wald test was used to calculate the statistical 

significance (p-value) p-values < 0.05 were considered significant. To account for multiple 

testing, a false discovery rate (FDR) of <10% was applied. 

 

2.6 Results 

Six CP and thirty-four patients with PDAC, including 22 with Resectable Pancreatic 

Adenocarcinoma (RPC), 8 with Locally Advanced Adenocarcinoma (LAPC) and 4 with 

Metastatic Adenocarcinoma (MPC), were recruited. Six healthy controls (HC) were age-

matched using Kruskal Wallis test (p-value = 0.134). The demographic features and 

comorbidities of the patients with PDAC and CP were reported in Table 2.1. The demographic 

features were matched across the four patient groups (i.e., CP, RPC, LAPC and MPC). About 

50% (n = 21) of the patients are smokers (≥1 packet a day) and 18 patients are alcohol 

consumers (>100 g of alcohol, which corresponds to six bottles of beer, per day).  Only 6 out 

of 44 patients are HIV positive. Although the clinical treatment data of these patients are not 

available, most of them have CD4 counts >350 cells/µl. The frequency of cholestatic jaundice 

was statistically significant, with a high prevalence in PDAC patients while being absent in all 

of the CP patients. Of note, five of the PDAC patients developed cholangitis, an inflammation 

of the bile duct system often caused by bacterial infection, and this was higher in patients with 

more advanced stages of PDAC. As an expected consequence of cholestatic jaundice, raised 

bilirubin values were observed in PDAC groups compared to the CP group, as reported 

in Table 2.2 and shown in Figure 2.1.  
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Table 2.1. Demographic and clinicopathological features of Pancreatic Ductal 

Adenocarcinoma patients compared to Chronic Pancreatitis. 

 

Feature 
HC 

(n = 6) 

CP 

(n = 6) 

RPC 

(n = 22) 

LAPC 

(n = 8) 

MPC 

(n = 4) 
p-value 

HIV status     0.831 

  Negative, n (%) 6 (100.0) 5 (83.3) 19 (86.4) 6 (75.0) 4 (100.0)  

  Positive, n (%) 0 (0.0) 1 (16.7) 3 (13.6) 2 (25.0) 0 (0.0)  

Gender      0.286 

  female, n (%) 3 (50.0) 0 (0.0) 8 (36.4) 2 (25.0) 2 (50.0)  

  male, n (%) 3 (50.0) 6 (100.0) 14 (63.6) 6 (75.0) 2 (50.0)  

Smoking      0.450 

  no, n (%) 6 (100.0) 1 (16.7) 12 (54.5) 4 (50.0) 2 (50.0)  

  yes, n (%) 0 (0.0) 5 (83.3) 10 (45.5) 4 (50.0) 2 (50.0)  

Alcohol      0.962 

  no, n (%) 4 (66.67) 3 (50.0) 13 (59.1) 4 (50.0) 2 (50.0)  

  yes, n (%) 2 (33.33) 3 (50.0) 9 (40.9) 4 (50.0) 2 (50.0)  

Age, median (IQR) 37 (24-54) 51 (46-57) 63 (50-67) 56 (48-62) 56 (46-70) 0.439 

Obstructive jaundice      0.013 

  no, n (%) 6 (100.0) 6 (100.0) 8 (36.4) 2 (25.0) 1 (25.0)  

  yes, n (%) 0 (0.0) 0 (0.0) 14 (63.6) 6 (75.0) 3 (75.0)  

Cholangitis     0.145 

  no, n (%) 6 (100.0) 6 (100.0) 20 (90.9) 7 (87.5) 2 (50.0)  

  yes, n (%) 0 (0.0) 0 (0.0) 2 (9.1) 1 (12.5) 2 (50.0)  

 T2DM      0.322 

  no, n (%) 6 (100.0) 3 (50.0) 16 (72.7) 7 (87.5) 4 (100.0)  

  yes, n (%) 0 (0.0) 3 (50.0) 6 (27.3) 1 (12.5) 0 (0.0)  

Hypertension     0.560 

  no, n (%) 6 (100.0) 6 (100.0) 17 (77.3) 6 (75.0) 4 (100.0)  

  yes, n (%) 0 (0.0) 0 (0.0) 5 (22.7) 2 (25.0) 0 (0.0)  

Healthy Controls (HC) are not included in statistical analysis IQR: interquartile range; T2DM: Type 2 Diabetes Mellitus; CP: 
chronic pancreatitis; RPC: Resectable Pancreatic Ductal Adenocarcinoma; LAPC: Locally Advanced Pancreatic Ductal 
Adenocarcinoma; MPC: Metastatic Pancreatic Ductal Adenocarcinoma. 
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Table 2.2: Liver Function Tests of the Chronic Pancreatitis and Pancreatic Ductal 

Adenocarcinoma groups. 

Feature 
* Physiological 

Range 

CP 

Median 

RPC 

Median 

LAPC 

Median 

MPC 

Median  
p-Value FDR 

Total Protein (g/L) 60–78 66.0 59.0 66.0 69.0 0.289 0.330 

Albumin (g/L) 35–52 36.5 30.0 27.0 32.5 0.361 0.361 

Total Bilirubin (µmol/L) 5–21 5.0 154.0 120.0 58.0 0.006 0.030 

Conjugated Bilirubin (µmol/L) 0–3 2.0 141.0 112.5 45.0 0.008 0.030 

Alanine transaminase (U/L) 10–40 18.0 88.0 29.5 38.0 0.051 0.082 

Aspartate transaminase (U/L) 15–40 28.5 104.0 55.0 75.0 0.019 0.052 

Alkaline phosphatase (U/L) 53–128 74.0 615.0 337.0 314.5 0.025 0.052 

Gamma-glutamyl transferase. 

(U/L) 
<68 61.5 751.0 301.0 483.0 0.151 0.201 

FDR: false discovery rate; CP: chronic pancreatitis; RPC: Resectable Pancreatic Ductal Adenocarcinoma; LAPC: Locally 
Advanced Pancreatic Ductal Adenocarcinoma; MPC: Metastatic Pancreatic Ductal Adenocarcinoma. *Physiological range 
calculated by Bio Analytical Research Corporation South Africa (https://www.barcsa.co.za/test-directory/test-reference-
ranges/), Accessed on 6th September 2021. 

 

Although not statistically significant, the PDAC groups also displayed the typical profile 

associated with cholestatic jaundice, including increased alkaline phosphatase and gamma-

glutamyl transferase activity and a lesser increase in the transaminase enzymes, when 

compared to the CP patients. Interestingly, T2DM tended to be more frequent amongst CP 

patients when compared to PDAC patients, although statistical significance was not achieved. 

From the routinely collected clinical data, no statistical significance was observed for routine 

haematological (Table 2.3), however an increase in levels was observed in white cell count, 

platelet count and INR while a decline was seen in haematocrit, haemoglobin, prothrombin 

time and red cell count when comparing the PDAC and CP groups. There was also no statistical 

significance observed for chemistry parameters (Table 2.4) between the PDAC and CP groups. 

The marker, CRP, was not included because the data was not collected, however, inflammatory 

status was assessed by comparing the reactive oxygen species (ROS) levels of the PDAC and 

CP groups in chapter 4. 

 

 

https://www.barcsa.co.za/test-directory/test-reference-ranges/
https://www.barcsa.co.za/test-directory/test-reference-ranges/
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Figure 2.1: Boxplot of Total Bilirubin across all the groups with p-values. Showing statistically significant 

higher values of Total Bilirubin in PDAC groups RPC, LAPC and MPC compared to CP using the Wilcoxon 

Rank Sum test. Higher values of bilirubin may be due to bile obstruction, which might cause damage to the liver. 

CP: Chronic pancreatitis; RPC: Resectable Pancreatic Ductal Adenocarcinoma; LAPC: Locally Advanced 

Pancreatic Ductal Adenocarcinoma; MPC: Metastatic Pancreatic Ductal Adenocarcinoma. 
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Table 2.3: Haematological parameters of the Pancreatic Ductal Adenocarcinoma and Chronic Pancreatitis patient groups. 

 
Feature CP 

median [IQR] 

RPC 

median [IQR] 

LAPC 

median [IQR] 

MPC 

median [IQR] 

p-value FDR 

Haematocrit 0.385 [0.282 0.455] 0.316 [0.281 0.367] 0.303 [0.244 0.325] 0.339 [0.304 0.373] 0.482 0.620 

White cell count (/L^9) 6.83 [6.153 8.182] 8.89 [6.91 12.4] 10.845 [7.927 11.037] 9.905 [4.225 17.31] 0.484 0.620 

Haemaglobin (g/DL) 12.7 [9.6 14.6] 10.25 [9.475 11.525] 9.4 [7.825 10.775] 10.95 [10 11.6] 0.507 0.620 

Platelet count (/L^9) 245 [222.75 339.25] 372.5 [313 502.75] 436.5 [324.25 497] 358 [317.75 405.25] 0.206 0.594 

Prothrombin time  12.1 [11.675 12.9] 13.2 [12.5 15.2] 14.35 [13.025 14.525] 14.2 [13.525 16.05] 0.151 0.594 

INR 0.935 [0.927 0.975] 1.08 [1 1.175] 1.165 [1.048 1.183] 1.165 [1.122 1.317] 0.038 0.414 

MCV (fL) 92.25 [88.525 93.275] 93 [88 98.3] 89.45 [87.675 91.675] 91.25 [86.75 95.15] 0.647 0.684 

MCH (pg) 30.05 [28.25 31.325] 30.2 [28.9 32.5] 29.95 [28.825 30.825] 28.5 [27.85 29.2] 0.260 0.594 

MCHC (g/dl) 32.3 [31.75 33.15] 33.4 [32.2 33.8] 33.1 [31.725 33.575] 31.05 [30.8 31.775] 0.312 0.594 

MPV (fL) 10.3 [9.2 10.5] 10.5 [9.6 10.9] 10.4 [9.675 11.2] 10.9 [10.575 11.225] 0.324 0.594 

Red cell count (/L^12) 4.09 [3.018 4.878] 3.49 [2.99 3.83] 3.325 [2.538 3.852] 3.77 [3.425 4.095] 0.684 0.684 
IQR: Interquartile range. FDR: False Discovery Ratio, CP: chronic pancreatitis; RPC: Resectable Pancreatic Ductal Adenocarcinoma; LAPC: Locally Advanced Pancreatic Ductal Adenocarcinoma; 

MPC: Metastatic Pancreatic Ductal Adenocarcinoma INR: International Normalised Ratio, MCV: Mean Corpuscular Volume, MCH: Mean Corpuscular Hemoglobin, MCHC: Mean Corpuscular 

Hemoglobin concentration, MPV; Mean Platelet Volume 

 

 

Table 2.4: Blood chemistry of the Pancreatic Ductal Adenocarcinoma and Chronic Pancreatitis patient groups. 

 

Features 

CP 

median [IQR] 

RPC 

median [IQR] 

LAPC 

median [IQR] 

MPC 

median [IQR] p-value FDR 

Sodium (mmol/L) 138 [135.5 139.75] 137 [135 140] 135.5 [129.5 137.5] 139.5 [138.5 141] 0.295 0.889 

Potassium (mmol/L) 4.05 [3.7 4.4] 3.7 [3.4 4.1] 3.55 [3.275 4.075] 3.7 [3.125 4.3] 0.659 0.889 

Chloride (mmol/L) 97.5 [97 101.75] 96 [93 97] 93.5 [89.75 96.5] 90.5 [88.75 93] 0.127 0.889 

Bicarbonate (mmol/L) 19.5 [18.25 20.75] 23 [17 25] 20 [19.75 21.5] 24.5 [18.5 30.25] 0.800 0.889 

Anion gap (mmol/L) 24.5 [20.75 26.75] 26 [19 30] 23 [22 26.25] 29.5 [25.75 33] 0.445 0.889 

Calcium (mmol/L) 2.26 [2.198 2.382] 2.2 [2.11 2.31] 2.105 [1.978 2.235] 2.135 [2.128 2.148] 0.403 0.889 

Magnesium (mmol/L) 0.865 [0.83 0.885] 0.79 [0.68 0.9] 0.77 [0.682 0.885] 0.78 [0.72 1.16] 0.800 0.889 

Inorganic Phosphate (mmol/L) 1.18 [1.13 1.32] 1.06 [0.96 1.2] 1.085 [0.995 1.278] 1.14 [1.098 1.367] 0.477 0.889 

Urea (mmol/L) 4 [3.45 5.45] 4 [2.2 5.5] 3.5 [2.075 7.125] 4.35 [3.05 6.325] 0.945 0.645 

Creatinine (µmol/L) 90 [64.25 130] 71 [58 95] 64.5 [48 79.75] 76.5 [72.75 80.25] 0.585 0.889 
IQR: Interquartile range, FDR: False Discovery Ratio, CP: chronic pancreatitis; RPC: Resectable Pancreatic Ductal Adenocarcinoma; LAPC: Locally Advanced Pancreatic Ductal Adenocarcinoma; 

MPC: Metastatic Pancreatic Ductal Adenocarci
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2.7 Discussion 

PDAC remains a devastating malignancy with a very poor survival rate. Early detection of this 

disease will play a vital role in treatment strategies. Integration of demographic, clinical 

information, imaging, surgical and systemic therapies could be useful in developing novel 

strategies thereby improving prognosis.  

 

Impact of Demographics  

Although the features such as age, sex, smoking, and alcohol consumption were not statistically 

distinguished across the groups, this study confirms that PDAC is more prevalent in males than 

females and this could be due to lifestyle habits such as excessive alcohol consumption and 

smoking (Huang et al., 2021).  

 

Hyperbilirubinemia in PDAC 

PDAC patients present with obstructive jaundice (Aziz et al., 2019) hence it was statistically 

altered across the groups in this cohort. Furthermore, MPC had the highest cholangitis, 

although not statistically significant and this could be due to the sample size. In this study, 

cholangitis could be due to stent treatment and recurrent biliary obstruction as most of the 

PDAC patients have undergone the treatment, and about 10% required additional stenting or 

other forms of treatment (Darnell et al., 2021). In this study, total and conjugated bilirubin 

levels were significantly distinguished across the groups as expected due to the obstruction of 

the bile flow by the tumour. Other liver function test parameters such as GGT and AST 

exceeded the normal physiological threshold although not statistically distinguished across the 

groups. Hence, this study confirms that PDAC is associated with increased levels of total and 

conjugated bilirubin as well as other liver parameters such as ALP and GGT, as observed in 

similar studies (Aziz et al., 2019; Maringhini et al., 1993). 

 

The Effects of other diseases in Pancreatic Ductal Adenocarcinoma 

In this study, T2DM, hypertension and HIV were not statistically distinguished across the 

groups, this could be because most PDAC patients have been undergoing treatment for the 

various maladies and sample size limitation. Although T2DM is a risk factor for PDAC, studies 

have shown that pancreatic cancer-associated diabetes is of recent onset (Pannala et al., 2009). 

CP and T2DM are risk factors for PDAC, however, in this study T2DM was more prevalent in 

CP. The prevalence of T2DM in CP might be caused by fibro-inflammatory destruction (Hart 
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et al., 2016). CP is an inflammatory disease that replaces the pancreatic organ with fibrotic 

tissue (Braganza et al., 2011). Beta-cell dysfunction and loss as well as insulin resistance are 

the effects of T2DM in patients with CP (Olesen et al., 2020).  

 

2.8 Conclusion 

This study confirms that PDAC presents as obstructive jaundice characterised by elevated 

bilirubin levels. Most of the demographics and clinicopathological features could not be 

distinguished across the groups and this could be due to sample size which might result in type 

2 errors, especially with subgroup analyses. Hence, the need for the establishment of other 

biomarkers that could be more specific in a validation study with a larger cohort is an endeavour 

that is already under consideration as part of postdoctoral work.  
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CHAPTER III: SERUM METABOLOMIC AND LIPOPROTEIN PROFILING OF 

PANCREATIC DUCTAL ADENOCARCINOMA PATIENTS OF AFRICAN 

ANCESTRY 

 

3.1 Introduction 

Pancreatic Ductal Adenocarcinoma (PDAC) is one of the most fatal cancers, primarily due to 

its late-stage presentation and resistance to therapy (Yao et al., 2020). Over the past two 

decades, the number of deaths caused by pancreatic cancer has doubled to over 441,000 cases 

globally (Klein, 2021). Although there is very little biological information on PDAC in the 

African population, they have been shown to have increased incidence and mortality, attributed 

to a combination of social (such as excessive smoking and alcohol intake) and genetic factors 

(Khawja et al., 2015; Silverman et al., 2003; Yadav and Lowenfels, 2013). 

 

As a hallmark of cancer, tumour cells reprogram their metabolism, such as promoting 

glycolysis to maintain cell survival and increase proliferation rate (Hanahan and Weinberg, 

2011; Tennant et al., 2010; Warburg et al., 1927) as described in Chapter 1. Metabolites are 

products of metabolism that navigate important biological functions such as energy conversion 

(Cacciatore et al., 2017; Labbé et al., 2019) and signalling (Elebo et al., 2021; Lu and 

Thompson, 2012). Blood metabolite concentrations can reflect the metabolic adaptation of 

tumour or highlight the host response to the tumour (Moore et al., 2019). For cancer cells to 

grow, multiply and metastasize they undergo abnormal metabolism to fulfil their high energy 

requirement (Schlichtholz et al., 2005). These metabolites are obtained from the blood or 

supplied by stromal cells. Abnormal metabolism could be seen in the overexpression of some 

metabolite transporters in cancer cells (El Ansari et al., 2018; Ma et al., 2019). 

 

3.1.1 Altered Metabolites Expression in Pancreatic Ductal Adenocarcinoma 

PDAC develops in a nutritional-deficient and hypoxic microenvironment characterized by poor 

angiogenesis and a large amount of dense connective tissue, hence they actively scavenge 

extracellular proteins (Kamphorst et al., 2015). Tumour cells reprogram their metabolism to 

survive in these hostile conditions and maintain their elevated proliferation rate, which is not 

exhibited by normal cells (Tennant et al., 2010) explained in Chapter 1. Due to these changes, 

specific metabolites may appear in the patient’s serum that can be used as biomarkers. Previous 
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studies have shown the value of metabolomics analyses to detect PDAC (Kobayashi et al., 

2013). 

Metabolomics is a multidisciplinary omics science which is an analytical profiling technique 

for identifying, measuring and comparing a large number of metabolites present in biological 

samples (Emily Grace Armitage et al., 2017) thus promoting the identification of biomarkers 

that could be potential targets for the development of new therapies in PDAC. These 

biomarkers could be metabolites, small molecules which are products or intermediates of 

metabolism and signalling molecules. Dysregulated metabolism results in alteration in the 

number of metabolites, understanding the patterns of changes in metabolites could give an 

insight into the functional changes that occur due to the disease (Bathe et al 2010). Several 

metabolites such as leucine, valine, isoleucine, tyrosine, lysine, creatinine, triglycerides, and 3-

hydroxybutyrate are dysregulated in PDAC (OuYang et al., 2011). In this sense, Nuclear 

Magnetic Resonance (NMR) spectroscopy was shown to be a powerful technique for the high-

throughput analysis of blood samples (Bertini et al., 2012; Cacciatore et al., 2021). NMR is a 

versatile and efficient tool used to identify and quantify a wide range of metabolites and 

lipoproteins in a biological sample usually within a micro-molar range (Dunn et al., 2005). It 

has been used to investigate the serum metabolome of patients with PDAC to distinguish 

between malignant and benign diseased states (Bathe et al., 2011; Michálková et al., 2018, 

2021; OuYang et al., 2011).  

 

Metabolomics studies using NMR could be untargeted and have been found useful in 

identifying disease-associated biomarkers (Lusczek et al., 2013) as well as distinguishing 

between pancreatic cancer and benign hepatobiliary disease (Bathe et al., 2011). The 

carbohydrate fragment of N-acetylglucosamine (GlycA) is a composite NMR-based signal 

corresponding to changes in glycoprotein circulation (Otvos et al., 2015). This signal arises 

from the N-acetyl methyl groups of N-acetylglucosamine and N-acetylgalactosamine residues 

located on the glycan branches of plasma proteins; α1-acid glycoprotein, α1-antitrypsin, α1-

antichymotrypsin, haptoglobin and transferrin (Eke G Gruppen et al., 2015). GlycA and N-

acetylneuraminic acid (GlycB) are associated with common inflammation markers such as 

tumour necrosis factor-alpha (TNF-α), C-reactive protein (CRP), interleukin-6 (Eke G. 

Gruppen et al., 2015; Otvos et al., 2015) among others hence could be used as an inflammatory 

marker in PDAC. 
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3.2 Lipoproteins and their roles in cancer 

Lipoproteins are cholesterol-rich particles that are complex endogenous aggregations of lipids 

and proteins synthesized in the liver. Their major role is the transportation of water-insoluble 

biological lipids such as triglycerides, phospholipids, and cholesterols (Feingold and Grunfeld, 

2000) to their respective destination. They are classified into chylomicrons, very low-density 

lipoprotein (VLDL), low-density lipoprotein (LDL), and high-density lipoprotein (HDL) based 

on their densities (Jonas and Phillips, 2008). Cancer cells are rapidly dividing and have high 

requirements for cholesterols such as LDL which are cholesterol-rich particles and have been 

found to play important role in the prostate, colon, and adrenal gland cancers (Guan et al., 

2019).  

Lipoproteins are constantly changing in their composition and physical structure as the 

peripheral tissues take up various components leaving behind remnants that are returned to the 

liver. Free cholesterols, cholesterol esters and phospholipids are the main constituents of 

lipoproteins (Kwiterovich, 1998). Not much is known about the effect of lipoprotein on 

pancreatic cancer, hence the need for such studies.  

1) Chylomicrons are ultra-low-density lipoproteins that consist of phospholipids, 

cholesterol, and apolipoprotein B48. Their main function is to transport triglycerides 

and fat-soluble vitamins from the intestines to other locations in the body such as the 

heart muscle, skeletal muscle and adipose tissues. The transfer of the triglycerides and 

cholesterol esters to the tissues depletes the protein aggregates leaving behind remnant 

chylomicrons which are taken up by the liver. 

2)  Low-density lipoprotein: These are lipoproteins involved in the distribution of 

cholesterol manufactured in the liver to the extrahepatic tissues and cells (Patel and 

Kashfi, 2022). Optimal levels of LDL-C are less than 100mg/dL while levels greater 

than 160 mg/dL are considered elevated (Stein et al., 2004). The uptake of cholesterol 

into the cells occurs via the binding of lipoproteins to the LDL receptors on the cell 

surface. LDL is then taken into the cells and broken down to free cholesterols and amino 

acids. Diseases associated with LDL are characterized by elevated cholesterol levels 

which are not efficiently disposed of from the blood. Elevated LDL-C levels have been 

associated with poor prognosis in breast, colorectal and prostate cancers (Liao et al., 

2015; Magura et al., 2008; Rodrigues dos Santos et al., 2014). 

3) Very low-density lipoprotein: The liver secretes VLDL which transports 

triglycerides to the other tissues and lipolyzed to IDL after entering the bloodstream. 
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They are finally converted to LDL by hepatic lipase in the liver for clearance and this 

process is known as the endogenous lipid pathway (Smelt, 2010). Very low-density 

lipoprotein contains apoE while LDL doesn’t. Elevated levels of VLDL-cholesterol 

were observed in the metabonomic alterations from pancreatic intraepithelial neoplasia 

(PanIN) to PDAC hence, could be used as a biomarker for early diagnosis of the disease 

(Lin et al., 2016). 

4) High-density lipoprotein: These are small spherical lipid-protein complexes 

with densities ranging from 1.06 to 1.21 g/ml. High-density lipoprotein transports 

excess cholesterol from the body tissues back to the liver where the cholesterol is 

broken down to bile acids and is then excreted. They are composed of an outer layer 

made up of free cholesterols, phospholipids and apolipoproteins (Apo) covering a 

hydrophobic core consisting of triglycerides and cholesterol esters. Apo A-I is 

synthesized in the liver and constitutes 60% of the protein content of HDL which is 

responsible for the antiatherogenic effect of HDL (Kwiterovich, 1998). Other 

apolipoproteins found in HDL particles include; Apo A I-IV, Apo C and Apo E. 

Decrease in HDL-C has been reported in metastatic liver cancer (Jiang et al., 2006). 

Chronic inflammation has been shown to reduce HDL-cholesterol levels (Feingold and 

Grunfeld, 2000). Cholesterol elimination from cancer cells by HDL results in PDAC 

growth and development inhibition, as well as apoptosis (Bauer et al., 2021).  

 

3.2.1 Abnormal Lipoprotein (Lipoprotein X) in clinical pathologies 

Lipoprotein X (LpX) is an abnormal lipoprotein rich in phospholipids and unesterified 

cholesterol associated with cholestasis found in lecithin-cholesterol acyl transferase (LCAT) 

deficiency characterized by a low concentration of HDL (Ćwiklińska et al., 2020). Lipoprotein 

profile can be altered in cholestasis when tumour growth mechanically increases the pressure 

in the surrounding tissues causing the blockage of the bile duct (Yan et al., 2009). Plasma 

concentration of LpX correlates to serum bilirubin levels (Stepien et al., 2013). LpX appears 

in patients with obstructive jaundice and could be used as a marker for cholestasis  (Amar et 

al., 2019) and compared with alkaline phosphatase (AP), γ-glutamyl transferase (GGT), and 

bilirubin levels (Sörös et al., 1998). Lipoprotein profile can be altered in cholestasis when 

tumour growth mechanically increases the pressure in the surrounding tissues causing the 

blockage of the bile duct (Yan et al., 2009).  
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Patients with severe obstructive cholestasis secondary to pancreatic cancer have been shown 

to have high LpX concentrations (Sivakumar et al., 2011). PDAC patients with obstructive 

cholestasis have elevated total and conjugated bilirubin levels as well as high LpX 

concentration (Sörös et al., 1998).  

 

Characterization of Lipoprotein X  

Lipoprotein X is a spherical particle 30-70 nm in diameter and is associated with LDL fraction 

which is isolated in a density gradient of 1.006-1.063 g/ml. Albumin contributes to about 40% 

of the protein content while Apo C makes up the rest. It is made up of 66% phospholipids, 22% 

cholesterol esters, 3% triglycerides and 6% proteins. The major bile acid component of LpX is 

lithocholic acid while lecithin is the major phospholipid and it is fractionated into LpX1, LpX2 

and LpX3. Lipoprotein X has a diameter ranging from 30nm to70nm with a density similar to 

LDL and a size similar to VLDL (Ahsan et al., 2014). 

 

Although very little is known about the role of LpX in PDAC, the detection of LpX may be 

vital because it could influence treatment methods. Routinely available biochemical laboratory 

tests do not usually indicate the presence of LpX, hence electrophoresis and biochemical 

analysis are implored. In this study, dysregulated metabolites and lipoproteins in different 

groups of PDAC; resectable (RPC), locally advanced (LAPC) and metastatic (MPC) patients 

were identified compared to control groups: chronic pancreatitis (CP) and healthy controls 

(HC). Furthermore, the identified altered metabolites and lipoproteins were evaluated to show 

potential links with several maladies such as cholestasis and inflammation and parameters such 

as tumour aggressiveness and patient survival. 

 

3.3 Materials and Methods 

3.3.1 Sample Collection and Processing 

Blood samples were collected during fasting by venepuncture in two separate clear vacutainer 

tubes (BD Biosciences, Franklin Lakes, NJ, USA) with coagulant EDTA (purple lid) and 

without anti-coagulant (red lid). The blood was processed to serum by centrifuging at 3000 

rpm, 4 °C for 10 min after allowing it to clot for 30–60 min at room temperature. Plasma was 

then isolated after gravity separation for 30-60 min at room temperature followed by 

centrifugation at 3000 rpm, 4ºC for 30 min. The sample was processed within 2 h of collection 

and aliquoted (200 µl) in single-use vials, which were stored at -80 °C until needed. NMR 
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analysis was carried out at the Centre for Human Metabolomics, North-West University, 

Potchefstroom 2531, South Africa. 

 

3.3.2 Serum Sample Preparation for NMR analysis 

Three hundred microliters of thawed serum samples were aliquoted into a microcentrifuge tube 

and followed by 300 µL of a solution containing 0.75 M potassium phosphate buffer (pH 7.4), 

5.81 mM of trimethylsilyl-2,2,3,3-tetradeuteropropionic acid (TSP; Sigma-Aldrich, St. Louis, 

MO, USA) and a trace amount of sodium azide dissolved in deuterium oxide. Samples were 

vortexed to ensure complete homogeneity and a final volume of 540 µL of each sample was 

transferred to a 5 mm NMR tube (Wilmad Lab Glass, Vineland, NJ, USA) and analysed.  

 

3.3.3 Lipid Extracts Preparation 

Lipids were extracted using the protocol described by Lamiquiz-Moneo et al. (Lamiquiz-

Moneo et al., 2019). Three hundred microliters of BUME (butanol: methanol—2:1) were added 

to 100 µL serum aliquots in glass GC vials followed by 300 µL DIPE (diisopropyl ether: ethyl 

acetate—3:1) and 300 µL H2O. Samples were vortexed for 1 min after the addition of BUME 

and H2O and incubated on a shaker for 10 min at room temperature after DIPE addition to 

allow for lipid extraction. The samples were then centrifuged at 4000 rpm for 5 min, after which 

the top layer was transferred to clean vials, dried under N2 at 37 °C and then resuspended in 

600 µL solution of CDCl3:CD3OD:D2O (chloroform-d:methanol-d:water-d; 16:7:1, v/v/v) 

containing 1.18 mM TSP. Five hundred and forty microlitres of this final solution were then 

transferred to a 5 mm NMR tube (Wilmad Lab Glass) for analysis. 

 

3.3.4 Nuclear Magnetic Resonance Spectroscopic Analysis 

One-dimensional (1D) proton (1H)-NMR spectra were acquired using different pulse sequences 

on a 500 MHz Bruker Avance III HD NMR spectrometer equipped with a triple-resonance 

inverse 1H probe head and x, y, and z gradient coils. A standard nuclear overhauser effect 

spectroscopy (NOESY) pulse sequence presat (noesygppr1d.comp) was used on both serum 

and lipid extract samples. On serum samples, NOESY was used to detect both signals of small 

metabolites and high-molecular-weight macromolecules such as lipoproteins. Additionally, a 

standard diffusion-edited (DIFF) pulse sequence (ledbpgppr2s1d) was used on serum samples 

to detect only high-molecular-weight macromolecules, such as lipoproteins. Pooled samples 
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were used as a quality control sample and were included in each batch for qualitative 

assessment of repeatability by overlaying the raw spectra. 

 

3.3.5 Nuclear Magnetic Resonance Profiling 

NMR spectroscopy was used to quantify a panel of 75 signals. The peaks of the identified 

metabolites were fitted by combining a local baseline and Voigt functions based on the 

multiplicity of the NMR signal (Marshall et al., 1997). The assignment of quantified signals is 

reported in Table S1. To validate the efficacy of the different deconvolution models, the root-

mean-square deviation was determined. The absolute concentration of each metabolite was 

calculated according to the previously reported equation (Serkova et al., 2005). The number of 

protons contributing to the unknown signals was imputed to 1. The concentration of 

carbohydrates was also estimated by considering the equilibrium between their cyclic forms. 

GlycA and GlycB signals were quantified by integrating the areas between 2.00 and 2.05 ppm 

and between 2.09 and 2.05 ppm, respectively, above a local baseline, aiming to remove the 

signal of lipoproteins. The Liposcale test (Biosfer TesLab, Reus, Spain) was then used to 

determine lipoprotein parameters, HDL, LDL, and VLDL particle number, size, and lipid 

concentration of each subtype (Mallol et al., 2015). Each DIFF spectrum in the range between 

0.1 and 9.5 ppm, excluding the regions corresponding to the water signals between 4.40 and 

5.00 ppm, was segmented into 0.001-ppm chemical shift bins, and the corresponding spectral 

areas under the curve, giving a total of 8800 variables. 

 

3.3.6 Lipoprint Low-Density Lipoprotein Assay 

Principle 

Lipoprint LDL is an electrophoresis system that is capable of separating lipoprotein fractions 

and subfractions (usually from VLDL to HDL) in a fasting serum or plasma with a Total 

Cholesterol ≥100 mg/dL. Lipoproteins are stained with a lipophilic dye and separated using a 

high-resolution linear polyacrylamide gel. The dye binds proportionally to the relative amount 

of cholesterol in each lipoprotein (Muñiz, 1977). These prestained lipoproteins undergo 

electrophoresis and as the lipoprotein particles migrate through the gel matrix, they are resolved 

into separate bands according to their sizes. HDL migrates the farthest followed by LDL and 

then VLDL. Chylomicrons usually remain in the loading gel or above the stacking gel.  The 

gel tubes are placed into a digital scanner to generate an image of the resolved lipoprotein 

bands. 
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Procedure 

Separation of VLDL, LDL and HDL particles based on size was performed on frozen plasma 

samples (-80ºC) by using polyacrylamide 3% gel electrophoresis Lipoprint® kit (Quantimetrix 

Inc., Redondo Beach, California) following the manufacturer's instructions of 

Lipoprint® system users manual (Delaye et al., 2017). The electrolyte buffer solution was 

prepared by dissolving one vial of the buffer salts in 1200 ml of distilled water. Gel tubes were 

removed from the jar and placed in the preparation rack with the unfilled end facing upwards. 

25 µl of the plasma samples was placed in each tube after which 200 µl of the lipoprint loading 

gel was added to each tube. A strip of parafilm was placed between the gel tubes and the 

preparation rack to avoid contamination. The loading gel was mixed carefully by inverting the 

preparation rack several times and photo polymerised for 30 mins. Gel tubes were removed 

carefully and were placed in an electrolyte buffer solution to undergo electrophoresis for 60 

mins. The Lipoprint LDL System Template was then used to identify the lipoprotein 

subfractions present on the gel. 

 

3.3.7 Statistics and Data Analysis 

Statistical analysis and graphical illustrations of the data were generated in R (version 3.6.1) 

and R studio (version 1.1.456) software, using scripts developed in-house. Wilcoxon and 

Kruskal–Wallis rank-sum test was used to compare differences in numerical covariates (e.g., 

age and metabolite concentration). Fisher’s exact test was used to assess differences between 

categorical variables (e.g., gender). Spearman’s rank test was used to calculate the correlation 

coefficient (rho) between variables. The Wald test was used to calculate the statistical 

significance (p-value) of the differences between the Kaplan–Meier survival curves. Prognostic 

factors for overall survival were analysed using the Cox proportional hazard regression. p-

values < 0.05 were considered significant. To account for multiple testing, a false discovery 

rate (FDR) of <10% was applied. FDR is the ratio of the number of false-positive classifications 

to the total number of positive classifications. The KODAMA algorithm (Cacciatore et al., 

2017) was used to identify patterns that demonstrate metabolic phenotypes across all samples 

(Bray et al., 2017). The partition around medoids (PAM) clustering (Rayward-smith, V.J., 

2006) was applied to the KODAMA scores using the silhouette algorithm 10 (Rousseeuw, 

1987) to verify the obtained results. The silhouette median value was utilized to assess the ideal 

number of clusters, ranging from 2 to 10. 
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Using partial least-squares (PLS) analysis, regression was performed on DIFF spectra 

metabolic profiles. Furthermore, a 10-fold cross-validation was performed to evaluate the 

predictive efficacy of the model (Bertini et al., 2012). Both the goodness of fit parameter (R2) 

and the predictive ability parameter (Q2) were also calculated using standard formulas 

(Eriksson et al., 2003). The Q2 value was calculated from the p-value to assess the performance 

of the PLS regression model (Szymańska et al., 2012). A p-value < 0.05 was regarded as 

significant. 

 

3.4 Results 

3.4.1 Metabolic and Lipoprotein Signatures in the Different Tumour Stages 

In this study, a serum sample analysis of the cohort was conducted using NMR spectroscopy. 

Three different sets of NMR experiments were conducted to collect a broad range of 

information (Figure 3.1). To delineate the metabolic signatures of PDAC, the Spearman’s rank 

correlation test was performed to link metabolic values to the different PDAC groups in the 

following rank order: HC=0, CP = 1, RPC = 2, LAPC = 3, and MPC = 4. A total of 75 signals 

were quantified from the NMR spectra of serum samples and lipid extracts, including 29 

metabolites, 19 lipid classes, inflammatory markers, GlycA and GlycB, and 1 signal that 

correlated with protein concentration. The analysis of metabolites concentrations in serum 

samples (Table 3.1) and lipid extracts (Table S2) revealed that lactate, the end-product of 

glycolysis under anaerobic conditions, was strongly correlated with the disease stage (rho = 

0.50; p-value < 0.001; FDR = 0.012). Although not significant, pyruvate, the precursor of 

lactate, showed a positive correlation with the tumour stage (rho = 0.28, p-value = 0.060, 

FDR=0.294). Lactate and glucose concentrations were not correlated (rho = 0.06; p-

value=0.688). Furthermore, PDAC patients with cholangitis did not have the highest levels of 

lactate across the group. Hence, no significant correlation was observed between the elevated 

lactate levels and cholangitis as shown in Figure S1. 
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Figure 3.1: Nuclear Magnetic Resonance experiments showing their relative metabolic measures extracts 

such as metabolites, amino acids, vitamins, proteins, lipoproteins, fatty acids and fatty acid extracts. 
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Table 3.1: Correlation of concentration of metabolites with the stages of 

Pancreatic Ductal Adenocarcinoma. 

Feature rho p-value FDR 

Formate 0.22 0.151 0.513 

Unknown signal at 8.12 ppm -0.01 0.941 0.995 
Unknown signal at 8.07 ppm 0.3 0.043 0.235 

Phenylalanine 0.32 0.030 0.235 

Tyrosine 0.01 0.960 0.995 
Unknown signal at 7.14 ppm 0.07 0.632 0.849 

Histidine -0.03 0.841 0.933 

Glucose 0.13 0.406 0.767 
Mannose 0.2 0.181 0.543 

Unknown signal at 5.15 ppm 0.18 0.232 0.564 

Unknown signal at 5.09 ppm 0.05 0.727 0.905 
Unknown signal at 5.01 ppm 0.12 0.439 0.793 

Ascorbate -0.47 0.001 0.021 

Threonine 0.16 0.282 0.600 

Lactate 0.5 <0.001 0.012 

Creatinine -0.18 0.248 0.574 

Creatine 0.08 0.582 0.811 
Glycine 0.52 <0.001 0.012 

Methanol -0.19 0.202 0.543 

Unknown signal at 2.55 ppm -0.09 0.542 0.811 
Citrate 0 0.997 0.997 

Glutamine -0.11 0.482 0.793 

Pyruvate 0.28 0.060 0.278 
Glutamate 0.24 0.115 0.450 

Acetoacetate 0.1 0.529 0.811 

Acetate 0.19 0.200 0.543 
Alanine -0.03 0.822 0.932 

Unknown signal at 1.45 ppm 0.32 0.032 0.235 

Unknown signal at 1.43 ppm 0.18 0.226 0.564 
3-Hydroxybutyrate 0.11 0.467 0.793 

Ethanol 0.04 0.804 0.932 

Unknown signal at 1.16 ppm 0.15 0.339 0.692 
Unknown signal at 1.14 ppm -0.31 0.035 0.235 

Unknown signal at 1.11 ppm 0.31 0.041 0.235 

Unknown signal at 1.06 ppm 0.04 0.800 0.932 
Valine -0.2 0.182 0.543 

Isoleucine 0.06 0.702 0.895 

Leucine -0.26 0.083 0.354 
2-Hydroxybutyrate 0.3 0.046 0.235 

Protein NH -0.42 0.005 0.058 

Unsaturated lipid -CH=CH- -0.08 0.589 0.811 
Lipid alpha-CH2 0.17 0.271 0.600 

Cholesterol 0.02 0.912 0.989 

Lipid =CH-CH2-CH= -0.13 0.402 0.767 
Glycorol phospholipid 0.07 0.658 0.861 

Phospholipid 0 0.976 0.995 

Lipid beta-CH2 -0.09 0.561 0.811 
Lipid CH2 0.05 0.755 0.916 

Lipid CH3 -0.1 0.500 0.796 
GlycB 0.23 0.129 0.471 

GlycA 0.11 0.453 0.793 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 

 

A strong positive correlation with tumour stage was noted with the glycine concentration (rho 

= 0.52; p-value < 0.001, FDR = 0.012). On the other hand, ascorbate (rho = −0.47; p-value = 

0.001, FDR = 0.021) seems to be depleted or present in a reduced concentration in patients 

with PDAC. A comparison of the concentrations of lactate, glycine, ascorbate, and pyruvate 

across the groups HC, CP, RPC, LAPC, and MPC is shown in Figure 3.2.  
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A selected number of ratios between metabolite concentrations was selected and associated 

with one or more enzymatic reactions (Table S3). The analysis of the metabolite ratios (Table 

S4) showed no association with disease stage. The lipoprotein parameters, including the size, 

number of particles and concentration of lipids (cholesterol and triglycerides) in the main 

classes of lipoproteins are very low-density lipoprotein (VLDL), intermediate-density 

lipoprotein (IDL), low-density lipoprotein (LDL) and high-density lipoprotein (HDL), were 

estimated using Liposcale test. Negative correlations of some parameters were reported, such 

as the number of HDL particles with disease stage (Table 3.2). Gamma-glutamyl transferase 

and the ratio between aspartate transaminase and alanine transaminase were not associated with 

the disease stage (result not included). 

 

 

 

 
 

 
Figure 3.2: Boxplots showing the comparison of the concentration of metabolites (A) Lactate, (B) Glycine, 

(C) Ascorbate and (D) Pyruvate for HC, CP, RPC, LAPC, and MPC. Lactate is shown to be significantly elevated 

across the groups, glycine was also elevated in MPC when compared with CP. Ascorbate was significantly 

downregulated in CP, RPC, LAPC, and MPC when compared to HC, while pyruvate was significantly upregulated 

in MPC when compared to HC, CP, HC, RPC, and LAPC. Black squares represent patients with Type 2 Diabetes 

Mellitus. HC: Healthy controls; CP: Chronic Pancreatitis; RPC: Resectable Pancreatic Adenocarcinoma; LAPC: 

Locally Advanced Pancreatic Adenocarcinoma; MPC: Metastatic Pancreatic Adenocarcinoma. 
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Table 3.2 Correlation of concentration of lipoproteins with the stages of 

Pancreatic Ductal Adenocarcinoma. 

 

Feature rho p-value FDR 

VLDL.C (nmol/L) -0.07 0.667 0.754 
IDL.C (nmol/L) 0.32 0.031 0.089 

LDL.C (nmol/L) 0.22 0.151 0.230 

HDL.C (nmol/L) -0.38 0.011 0.046 
VLDL.TG (nmol/L) -0.03 0.840 0.910 

IDL.TG (nmol/L) 0.28 0.060 0.139 

LDL.TG (nmol/L) 0.3 0.043 0.112 
HDL.TG (nmol/L) -0.08 0.607 0.717 

VLDL.P (nmol/L) 0.01 0.964 0.964 

Large.VLDL.P.(nmol/L) -0.13 0.404 0.500 
Medium.VLDL.P (nmol./L) -0.23 0.121 0.211 

Small.VLDL.P.(nmol/L) 0.02 0.916 0.953 

LDL.P (nmol/L) 0.26 0.080 0.161 
Large.LDL.P.(nmol/L) 0.21 0.174 0.251 

Medium.LDL.P.(nmol/L) 0.28 0.064 0.139 

Small.LDL.P (nmol/L) 0.15 0.333 0.450 
HDL.P (mol/L) -0.39 0.008 0.046 

Large.HDL.P (mol/L) -0.35 0.019 0.072 

Medium.HDL.P.(mol/L) -0.39 0.008 0.046 
Small.HDL.P.(mol/L) -0.39 0.009 0.046 

VLDL.Z (nm) -0.22 0.139 0.225 

LDL.Z (nm) 0.14 0.346 0.450 
HDL.Z (nm) 0.34 0.024 0.077 

Non.HDL.P.(nmol/L) 0.26 0.087 0.162 

Total.P.HDL.P (nmol/L) 0.39 0.008 0.046 

LDL.P.HDL.P (nmol/L) 0.39 0.008 0.046 
Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 

 

 

3.4.2 Perturbed Metabolites and Patient Survival 

 

After adjusting for age, the Wald test was used to identify the metabolites in serum samples as 

shown in Table 3.3, the lipid extracts (Table S5), the metabolite ratios (Table S6), and the 

lipoprotein parameters (Table S7) that correlated with the time of survival. Both 3-

hydroxybutyrate (p-value = 0.015; FDR = 0.370) and ethanol (p-value = 0.002; FDR = 0.126) 

were independently correlated with the survival time in patients with PDAC. Cox hazard 

analysis showed that a statistically significant higher hazard ratio (HR) exists between the 

patients with the 20% highest concentration of ethanol compared to the rest (HR = 4.22 

[95%CI: 1.44–12.32]; p-value = 0.009) and between the patients with 20% highest 

concentration of 3-hydroxybutyrate compared to the rest (HR = 2.88 [95%CI: 1.02–8.11]; p-

value = 0.045). Gamma-glutamyl transferase and the ratio between aspartate transaminase and 

alanine transaminase were not associated with the survival time (result not included). 
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Table 3.3: Analysis using Wald Test to evaluate the association of Metabolites level with 

survival time in Pancreatic Ductal Adenocarcinoma Patients. 

Features p-value FDR 

Formate 0.657 0.964 

Unknown signal at 8.12 ppm 0.169 0.792 

Unknown signal at 8.07 ppm 0.237 0.810 
Phenylalanine 0.615 0.964 

Tyrosine 0.895 0.964 

Unknown signal at 7.14 ppm 0.865 0.964 
Histidine 0.707 0.964 

Glucose 0.919 0.964 

Mannose 0.186 0.792 
Unknown signal at 5.15 ppm 0.549 0.964 

Unknown signal at 5.09 ppm 0.900 0.964 

Unknown signal at 5.01 ppm 0.312 0.842 
Ascorbate 0.379 0.919 

Threonine 0.347 0.886 

Lactate 0.852 0.964 
Creatinine 0.929 0.964 

Creatine 0.692 0.964 

Glycine 0.236 0.810 
Methanol 0.431 0.964 

Unknown signal at 2.55 ppm 0.527 0.964 
Citrate 0.083 0.760 

Glutamine 0.500 0.964 

Pyruvate 0.826 0.964 
Glutamate 0.591 0.964 

Acetoacetate 0.089 0.760 

Acetate 0.837 0.964 
Alanine 0.945 0.964 

Unknown signal at 1.45 ppm 0.036 0.606 

Unknown signal at 1.43 ppm 0.160 0.792 
3-Hydroxybutyrate 0.015 0.370 

Ethanol 0.002 0.126 

Unknown signal at 1.16 ppm 0.152 0.792 

Unknown signal at 1.14 ppm 0.643 0.964 

Unknown signal at 1.11 ppm 0.974 0.974 

Unknown signal at 1.06 ppm 0.634 0.964 
Valine 0.811 0.964 

Isoleucine 0.512 0.964 

Leucine 0.699 0.964 
2-Hydroxybutyrate 0.181 0.792 

Protein NH 0.791 0.964 

Unsaturated lipid -CH=CH- 0.451 0.964 
Lipid alpha-CH2 0.908 0.964 

Cholesterol 0.059 0.752 

Lipid =CH-CH2-CH= 0.270 0.810 
Glycorol phospholipid 0.570 0.964 

Phospholipid 0.159 0.792 

Lipid beta-CH2 0.560 0.964 
Lipid CH2 0.763 0.964 

Lipid CH3 0.314 0.842 

GlycB 0.269 0.810 
GlycA 0.257 0.810 

FDR: false discovery rate 
 

Patients with 20% highest concentrations of ethanol and 3-hydroxybutyrate were grouped. This 

combined group showed significantly poorer survival than the remaining patients (HR = 5.87 

[95%CI: 1.92–17.92]; p-value = 0.002). No correlation was observed between PDAC stages, 

lipid extracts, metabolite and lipoprotein levels, and survival time. Figure 3.3 shows Kaplan–

Meier plots of the survival time, segregated according to the value of ethanol, 3-

hydroxybutyrate, and a combination of them, as described earlier. 

https://www.mdpi.com/2218-1989/11/10/663/htm#fig_body_display_metabolites-11-00663-f003
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Figure 3.3: Impact of tumour stages and metabolites concentration on patient survival. Kaplan–Meier 

survival curves showing the effect of (A) Tumour stage, (B) Ethanol, (C) 3-hydroxybutyrate, and (D) combination 

of ethanol and 3-hydroxybutyrate with survival time. There was no significant link between tumour stages and 

patient survival. PDAC patients with low levels of both ethanol and 3-hydroxybutyrate survived longer. RPC: 

Resectable Pancreatic Adenocarcinoma; LAPC: Locally Advanced Pancreatic Adenocarcinoma; MPC: Metastatic 

Pancreatic Adenocarcinoma. 

 

 

3.4.3 Impact of Raised Bilirubin Levels on Metabolites and Lipoproteins in PDAC 

PAM clustering was performed on the KODAMA scores to identify any distinct lipoprotein 

phenotype (Figure 3.4A). Three distinct clusters were identified. All HC and CP patients were 

classified in the largest cluster (N). The lipoprotein parameters of the individuals classified in 

cluster N showed values similar to those of the general population. The patients classified in 

one of the other two clusters (A and B) showed an atypical lipoprotein profile. To verify if 

patients belonging to clusters A or B showed signs of cholestatic jaundice, as suggested by 

Lamiquiz-Moneo et al. (Lamiquiz-Moneo et al., 2019), the concentration of cholesterol ester 

and free cholesterol was evaluated in the lipid extracts (Figure 3.4B). The ratio between free 

cholesterol and cholesterol ester was used as a marker to identify the presence of an abnormal 

lipoprotein produced in patients with cholestatic jaundice (Ćwiklińska et al., 2020). Figure 

3.4C shows that patients belonging to clusters A and B have a higher ratio indicative of the  

https://www.mdpi.com/2218-1989/11/10/663/htm#fig_body_display_metabolites-11-00663-f004
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possible presence of abnormal lipoprotein. Using the ratio between free cholesterol and 

cholesterol ester, a threshold of 0.45 was identified to discriminate clusters A and B from 

cluster N. All patients belonging to clusters A and B had values above 0.45. All patients 

belonging to cluster N had values below 0.45, except for three patients. Supervised PLS 

analysis was then performed to identify variance in the metabolic profiles of DIFF spectra 

associated with the ratio between free cholesterol and cholesterol ester; the resulting model 

demonstrated clear and robust discrimination between patient’s ratio values below and above 

0.45 (R2 = 0.81, 95% CI 0.81–0.86; Q2 = 0.70, 95% CI 0.69–0.72; p-value < 0.001). The cross-

validated model was able to discriminate the two groups with an accuracy of 90%, a sensitivity 

of 93.75%, and a specificity of 87.50%. 

 

Both A and B clusters showed atypical lipoprotein expression and were then grouped as “AB”, 

to understand the effects of the altered ratio (free cholesterol/cholesterol ester) in lipoproteins, 

a comparison of the N versus AB clusters was performed for full blood count features (Table 

S8), blood chemistry features (Table S9) and liver function parameters (Table S10). As 

expected, most of the liver function parameters were significantly altered; total bilirubin (p-

value = 0.003, FDR = 0.012), conjugated bilirubin (p-value = 0.006, FDR = 0.016) and 

aspartate transaminase (p-value = 0.009, FDR = 0.018) increased in clusters AB. Furthermore, 

some metabolites (Table S11), such as total protein (p-value < 0.001, FDR < 0.001), glutamine 

(p-value < 0.001, FDR = 0.007) reduced in concentration, whereas lipid levels (p-value < 0.001, 

FDR = 0.001) were elevated in clusters AB. Lipid extracts (Table S12), metabolite ratios 

(Table S13) and lipoproteins (Table S14) were significantly altered. 

 

 

 

 

https://www.mdpi.com/2218-1989/11/10/663/htm#app1-metabolites-11-00663
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Figure 3.4: Measurement of Lipoprotein concentration in patient groups. (A) Lipoprotein particle 

concentrations were measured from the NMR spectra using the LipoScale test and were separated into 3 clusters. 

Cluster N, which is made up of all the controls and some PDAC patients, has a normal lipoprotein profile, while 

clusters A and B have atypical lipoprotein profiles with high bilirubin levels. (B) Spectra showing the abnormal 

lipoprotein profile associated with clusters A (yellow) and B (red) with a high concentration of free cholesterol, 

which could be indicative of an abnormal lipoprotein profile while cluster N (green) all have a normal lipoprotein 

profile; higher levels of esterified cholesterol, except for one outlier. (C) A boxplot of the ratio of free cholesterol 

to esterified cholesterol was calculated for the three clusters to comprehend the level of lipoprotein abnormality 

in the serum. Cluster N has the least ratio. PDAC: Pancreatic Ductal Adenocarcinoma. 

 

 

3.4.4 Role of Lipoproteins in Monitoring Cholestatic Jaundice Treatment in Pancreatic 

Ductal Adenocarcinoma  

 

The effects of increased bilirubin levels and its treatment with ERCP stent placement in PDAC 

were assessed using KODAMA (Figure 3.5 (A)). It showed that the treatment returns the lipid 

profile to normal except in the case of a patient that was treated one day before sample 

collection. Furthermore, we observed that some patients treated for cholestasis with either 

ERCP stent placement or percutaneous transhepatic biliary drainage (PTBD) still had 

unconjugated bilirubin levels greater than 100 (Figure 3.5 (B)). Using the ratio between free 

cholesterol and cholesterol ester, a threshold of 0.45 was identified to discriminate clusters A 

and B from cluster N. All patients belonging to clusters A and B had a value above 0.45 while 
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those in cluster N had values below 0.45, except 3 patients; 2 RPC patients classified in the 

cluster N that received cholestasis treatment 48 hours before blood collection showed a ratio 

value of 0.68 and 0.63, 1 MPC patient classified in the cluster N showed a value of 13.11.  

 

 

 

 

Figure 3.5: Impact of cholestatic jaundice on lipoproteins (A): Role of cholestatic jaundice on Lipoprotein 

profile. Most of the patients have been treated for cholestatic jaundice, but those that received their treatment 1day 

before sample collection had no difference in lipoprotein profile as they are still in transition while those that 

received their treatment 2 days before collection have almost normal lipoprotein profile. (B): Effect of Cholestatic 

jaundice treatment on Lipoprotein profile in PDAC patients. Most of the patients in the cluster (N) have been 

treated for cholestasis but have conjugated bilirubin<100 and few had cholangitis. Patients that fall in both groups 

A and B have also been treated with either PTBD or ERCP stent, but their conjugated bilirubin is greater than 100 

and they have an atypical lipoprotein profile. ERCP: Endoscopic Retrograde Cholangiopancreatography, PTBD: 

Percutaneous transhepatic biliary drainage. 

 

3.4.5 Detection of Lipoprotein X in Pancreatic Ductal Adenocarcinoma Patients 

Low-density lipoprotein means particle diameter and LDL score as a proportion of small dense 

LDL particles to the whole LDL area were calculated. The amount of cholesterol in each band 

was calculated by multiplying the relative area of each band by the total cholesterol of the 

sample. Low-density lipoprotein-cholesterol was calculated as the sum of the cholesterol 

concentrations of all the LDL subfractions plus the Mid-bands A, B and C as shown in Figure 

3.6(A). From the results, Total cholesterol and LDL-C increased in concentration while HDL-
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C remained within the normal range in the PDAC patients. CP patients had increased levels of 

both Total cholesterol and HDL-C and reduced HDL-C levels. An abnormal lipoprotein band 

which could be LpX was observed in the middle section and is narrower in size than VLDL 

while the LDL is of intermediate size and lower concentration for this patient (Phatlhane and 

Zemlin, 2015) (Figure 3.6(B)). This would be confirmed in the validation study.  

 

 

Figure 3.6: Detection of Lipoprotein X in a Locally Advanced Pancreatic Ductal Adenocarcinoma patients 

(LAPC 9). (A) An example of Quantimetrix Lipoprint Profile for LAPC 9 patient: The report was generated after 

running a Locally Advanced Pancreatic Ductal Adenocarcinoma sample, the result showed that there were 

elevated levels of Total Cholesterol and LDL-C with normal HDL-C levels. (B) Gel generated from the 

Quantimetrix Lipoprint: Lipoproteins were distinctively separated, and an abnormal lipoprotein band which might 

be LpX was observed in lane 9. LpX band was observed in the mid-region and is narrower than VLDL.   

 

3.4.6 Impact of Diabetes and Inflammation on Metabolites and Lipoproteins Levels 

To determine the impact of diabetes and inflammation on the metabolic signatures of PDAC 

patients and their link with the tumour stages, the serum metabolite concentrations between 

patients with and without T2DM were compared using Wilcoxon rank-sum test. With regards 

to patients with T2DM, no statistically significant difference between the CP and PDAC groups 

in the metabolite and lipoprotein concentrations was detected (results not included). 

Then, the inflammatory status of the patients using both the Glasgow Prognostic Score (GPS) 

and the NMR inflammatory biomarkers, GlycA and GlycB were compared (Figure 3.7A). GPS 

is a cumulative inflammation-based cancer prognostic marker based on elevated serum CRP 

and decreased albumin concentration (McMillan, 2013). The percentage of patients with GPS 
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= 2 is higher in PDAC than in CP. The NMR inflammatory marker GlycA and GlycB were 

lower in HC compared to the pathology groups (Figure 3.7B, C). Slightly higher values of 

GlycA and GlycB were observed in CP compared to PDAC. Over 14% of the PDAC patients 

had cholangitis and showed only slightly higher values of CRP (p-value = 0.064), which were 

not significant. However, we identified metabolites (Table S15) such as glucose, lactate, 

histidine, phosphorous, lipid extracts (Table S16), glucose/lactate, threonine/glycine ratios 

(Table S17) and lipoproteins (Table S18) that correlated with inflammatory markers: GlycA, 

GlycB, CRP, and Albumin. Glucose was shown to correlate directly with GlycB (Figure 3.8). 

 

Additionally, a comparison between T2DM and non-T2DM (Tables S19-S22), as well as 

between patients with high and low GPS (Tables S23-26) across the groups was carried out. 

No statistical significance was observed between T2DM and non-T2DM PDAC patients. 

Conversely, significant alterations in protein levels, most lipoprotein parameters, lipid extracts, 

and threonine/glycine ratios were observed between the high and low GPS PDAC patients.  

 

 

 

 

Figure 3.7: Inflammation status in patient groups (A) shows the inflammation levels of PDAC and CP groups 

using the Glasgow Prognostic Score (GPS), CP (6) has the least inflammation and PDAC (RPC:22; LAPC: 8; 

MPC: 4.) groups are all highly inflamed. GlycA (B) and GlycB (C) show the comparison of the inflammatory 

status of PDAC and control groups (HC and CP) using GlycA and GlycB biomarkers, respectively. There was no 

difference observed across the groups for both GlycA and GlycB levels except when compared with the HC. The 

black square boxes represent T2DM patients. T2DM: Type 2 Diabetes Mellitus; PDAC: Pancreatic Ductal 

Adenocarcinoma; HC: Healthy controls; CP: Chronic Pancreatitis; RPC: Resectable Pancreatic Adenocarcinoma; 

LAPC: Locally Advanced Pancreatic Adenocarcinoma; MPC: Metastatic Pancreatic Adenocarcinoma. 

https://www.mdpi.com/2218-1989/11/10/663/htm#app1-metabolites-11-00663
https://www.mdpi.com/2218-1989/11/10/663/htm#app1-metabolites-11-00663
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Figure 3.8: Correlation of Glucose and Inflammatory markers. GlycB has a positive correlation with glucose. 

Elevated glucose levels detected in the blood could be because of chronic inflammation decreasing insulin 

secretion and sensitivity. Black-square boxes represent PDAC patients with T2DM. There was no direct 

correlation between diabetes and the markers. The outlier could be a sample collected from a patient with high 

blood sugar levels after feeding. T2DM: Type 2 Diabetes, PDAC: Pancreatic Ductal Adenocarcinoma. 

 

 

 

3.5 Discussion 

PDAC has an almost equal number of new cases and deaths annually. Hence, there is a need 

for further investigation of underlying molecular underpinnings, especially in under-studied 

patient groups. Although patients of African descent have an elevated risk and poor survival 

rates of PDAC, there is little molecular and clinical information for this group. The 

combination of an analysis of metabolites and lipoproteins profiles with clinical parameters 

may improve management decisions and outcomes (Elebo et al., 2021). In this study, 

preliminary data showing metabolomic and lipoprotein perturbations in our patient group were 

observed at different stages of PDAC. 

 

Metabolites are altered with PDAC severity 

As the severity of PDAC increased from resectable to metastatic, there was an observed 

elevation of levels of lactate and glycine and reduced levels of ascorbate. Thus, these 

metabolite profiles could help to distinguish PDAC severity. In PDAC cells, there is an 
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increased uptake of glucose to produce lactate and ATP under aerobic conditions, a 

phenomenon known as the Warburg effect (Cao et al., 2020). Warburg effect promotes PDAC 

progression by providing a constant energy source for cellular growth and proliferation. 

Additionally, enhanced glycolysis leads to the generation of substrates such as pyruvate and, 

subsequently, lactate, which promotes tumour growth (McDonald et al., 2017) as discussed 

earlier in the Glycolysis section of Chapter 1. Furthermore, the correlation between 

glucose/lactate ratio with CRP, which was observed in this study, could suggest that glycolysis 

is elevated with inflammation. 

 

Glycine is formed from 3-phosphoglycerate an intermediate of the glycolysis pathway (Mentch 

and Locasale, 2016), thus upregulated glycolysis could result in elevated glycine levels. 

Glycine is also the main substrate in glutathione and collagen production (Amelio et al., 2014; 

Xu et al., 2019), which are essential in PDAC progression. The activation of serine/glycine 

biosynthesis promotes tumorigenesis by delivering a single carbon for 1-carbon metabolism of 

proteins, lipids, nucleic acids, and other biological macromolecules to support tumour growth 

(Pan et al., 2021). Furthermore, this study observed that the Threonine/Glycine ratio has a 

direct association with albumin, inferring an increase in glycine levels with inflammation. 

 

This study also showed a link between reduced levels of ascorbate (vitamin C) and the severity 

of PDAC. Oxidized ascorbate (dehydroascorbate) is transported into cells via glucose 

transporters, after which it is reduced to ascorbate using glutathione (Park et al., 2018). It acts 

as a pro-oxidant triggering reactive oxygen species activities, which inhibit a key glycolytic 

enzyme, Glyceraldehyde-3-Phosphate Dehydrogenase (GAPDH), in cancer cells (Yun et al., 

2015). Reduced levels of ascorbate may imply deregulation of the glycolysis rate, resulting in 

the Warburg effect, which, in turn, may favour PDAC progression. This hypothesis is 

supported by various studies that have identified the therapeutic roles of ascorbate in PDAC. 

A combination of ascorbate and gemcitabine achieved a more significant tumour growth 

inhibition in the mouse model than gemcitabine alone; additionally, pharmaceutic doses of 

vitamin C act as a pro-oxidant and reduce tumour growth in mice xenografts (Chen et al., 2008; 

Polireddy et al., 2017). The anti-tumour effect was further observed when ascorbate inhibited 

epithelial-to-mesenchymal transition and, consequently, metastasis in both in vitro and in vivo 

models (Polireddy et al., 2017). The administration of ascorbate was also demonstrated to 

improve survival in a stage IV PDAC patient with little toxicity observed (Drisko et al., 2018). 
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Altered metabolites are linked to patient survival 

Interestingly, this study showed that ethanol and 3-hydroxybutyrate (3-HB) might have a 

negative correlation with survival time and are independent of the disease stage. Several studies 

have contradictory results on the role of 3-hydroxybutyrate in pancreatic cancer (Mehta et al., 

2017; OuYang et al., 2011). PDAC cells adapt their metabolism to the environment they are 

exposed to by utilizing the diverse fuels that are available (Sousa and Kimmelman, 2014). 

Excessive amounts of ketone bodies are usually found in individuals with diabetic ketoacidosis 

(DKA) or alcoholic ketoacidosis (AKA) (Laffel, 1999). This study suggests that high 3-HB 

levels could be linked to alcohol consumption or T2DM and not necessarily to the pathology. 

In DKA, a lack of insulin contributes to ketogenesis in the liver. DKA is also linked to an 

altered ratio of 3-HB to acetoacetate (Laffel, 1999), although there was no association with 

staging and survival in our cohort. One study showed that heavy alcohol consumption was a 

contributing risk factor of PDAC, especially in black women (Silverman et al., 2003). Although 

ethanol can either be an endogenous or exogenous metabolite, most of the patients in our cohort 

are heavy alcohol consumers. Indeed, it is well-known that high concentrations of ethanol 

inhibit lipolysis, while a substantial production of ketone bodies such as 3-hydroxybutyrate 

occurs with its decrease (Halperin et al., 1983). In liver cells, AKA causes a change in redox 

potential induced by alcohol and reduces oxaloacetate levels (Halperin et al., 1983). Although 

the mechanism leading to early deaths in PDAC patients who are alcohol consumers is unclear, 

one theory is that the use of 3-hydroxybutyrate by oxidative mitochondrial metabolism can 

induce the proliferation and migration of cancer cells (Sivakumar et al., 2011). In addition, 

ascorbate depletion in PDAC patients due to heavy alcohol consumption could both increase 

the glycolysis rate, thereby promoting the severity of the disease and inhibiting glycogen 

synthesis in the tumour microenvironment (Lim et al., 2018). The analysis of the metabolic 

profile could be used to understand the potential role of alcohol consumption in predicting 

patient outcomes. 

 

Abnormal lipoprotein profiles may be linked to PDAC 

Total bilirubin, conjugated bilirubin, alkaline phosphatase (ALP) and gamma-glutamyl 

transferase (GGT) are some of the parameters used to assess liver function but they can also be 

linked to liver diseases or injury (Méndez-Sánchez et al., 2017). Furthermore, chronic 

inflammation induces a variety of alterations in lipid metabolism, which are accompanied by 

an altered ratio of free cholesterol to cholesterol ester and associated with an abnormal 

lipoprotein profile (Ćwiklińska et al., 2020). This study confirms the previously reported 
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association between an atypical lipoprotein profile with cholestatic jaundice (Lamiquiz-Moneo 

et al., 2019), suggesting that the detection of abnormal lipoprotein profile might be used to 

identify cholestatic jaundice in PDAC patients. This study hypothesizes that altered lipid 

metabolism observed in PDAC patients could be due to the effects of cholestatic jaundice in 

these patients as observed by (Di Gangi et al., 2016).  

 

In this study, the lipoprotein pattern of these patients was characterised by increased Total 

cholesterol, LDL-C, and a low HDL-C concentration.  This was demonstrated by (Fellin and 

Manzato, 2019). LpX detected in this cohort was found to be at the same density range as LDL 

but with a wider diameter and has also been linked to cholestatic jaundice as a result of biliary 

obstruction (Fellin and Manzato, 2019). Unlike LDL-C which can be taken up by the liver, 

LpX can only be cleared by the spleen when cholestasis jaundice has been treated (Phatlhane 

and Zemlin, 2015). The presence of LpX has been shown to increase the activity of HMG-CoA 

reductase in the liver which promotes hepatic cholesterol synthesis (Walli and Seidel, 1984). 

LDL-C correlates to Total cholesterol which is usually associated with some types of cancer 

(Delimaris et al., 2007). Lipid derangements such as LpX have been shown to mediate 

hypercholesterolemia (Brandt et al., 2015). Cholesterol toxicity decreases by converting free 

cholesterols to non-toxic esters of fatty acids (Hashemi et al., 2017). Hence, low HDL-C levels 

combined with the increased cholesterol content observed in the PDAC patients could suggest 

reduced efflux mechanisms and increased esterification which utilises the enzyme LCAT 

(Georgila et al., 2019). Furthermore, cholesterol uptake disruption in combination with 

chemotherapy might be promising in PDAC metabolic therapy (Guillaumond et al., 2015). 

LDL-mediated tumourigenesis could also lead to elevated intracellular ROS levels which 

subsequently lead to inflammation (Patel and Kashfi, 2022). 

 

Metabolic inflammatory markers could not distinguish patient groups 

Although inflammation has emerged as an important player in pancreatic cancer development 

and progression (Shadhu and Xi, 2019), NMR inflammatory markers, GlycA and GlycB, were 

not able to discriminate between CP and PDAC. Although few PDAC patients developed 

cholangitis, which is an inflammation of the biliary tract, they presented a generally high level 

of inflammation, as expected. GlycA and GlycB were not able to stratify the patients based on 

the tumour staging. However, a fingerprint of the inflammatory processes was observed in the 

metabolic profile. Interestingly, the positive correlation between GlycB and glucose 

concentration could enrich the long-standing debate on the link between inflammation and 
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diabetes. The higher level of glucose detected in the blood could be due to the effect of chronic 

inflammation on decreasing insulin secretion and sensitivity (Nordmann et al., 2017). 

 

3.6 Conclusions 

This study demonstrated that obstructive jaundice, T2DM, and inflammation can contribute to 

defining the metabolic phenotype in PDAC, thus evaluating their patterns could help to predict 

prognosis, whereby patients at high risk of late-stage disease may benefit from better 

management decisions. The depletion of vitamin C in PDAC patients with a high alcohol 

consumption rate reiterates its therapeutic role. Furthermore, evaluating the lipoprotein profiles 

in patients could help to more accurately identify those with obstructive jaundice that may 

require urgent treatment; however, this has to be verified. Despite some of the statistically 

significant data, the small number of recruited patients in each stage might be a limitation. This 

pilot study is part of an ongoing project, and a future study would aim to validate these findings 

in a larger patient cohort. 
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CHAPTER IV: THE EXPRESSION OF IMMUNE CELL MARKERS IN A COHORT 

OF PANCREATIC DUCTAL ADENOCARCINOMA PATIENTS OF AFRICAN 

ANCESTRY 

 

4.1 Introduction 

Despite the recent advances in anti-cancer therapies, PDAC remains very difficult to treat. 

Immuno-inflammatory response plays a vital role in tumour growth and progression because 

PDAC patients exhibit immune dysfunction. Although PDAC is surrounded by immune cells, 

they induce an immunosuppressive and tumour-promoting microenvironment that propagates 

tumour growth (Chang et al., 2016). Hence a better understanding of these cells could help in 

the development of therapies targeting immune response in PDAC. 

 

4.1.1 The Immune system and associated cells 

The immune system which is made up of the innate and the adaptive system protects the host 

from pathogens and tumours (Inman et al., 2014). The innate immune system is pro-

inflammatory, recruited to phagocytose invading pathogens by breaking them down to 

peptides. The peptides combine with major histocompatibility complex proteins II (MHC II) 

which then present it to CD4 T-cells which secret cytokines and chemokines to regulate the 

immune system. Granulocytes, mast cells, dendritic cells, macrophages and NK cells are some 

examples of innate immune cells. The adaptive immune system is regulatory and comprised 

mainly of B and T lymphocytes. They are usually activated when the innate immune system 

cannot eliminate the pathogens to provide long-lasting immunity. Below is Table 1 showing 

some immune cells and their functions. 

 

Table 4.1: Immune cells of both the innate and adaptive immune system and their functions. 

Immune cells Immune Function 

Dendritic cells Presentation of antigens 

Natural killer cells Releasing cytotoxic molecules  

Mast cells Enhancing the permeability of blood vessels and promoting 

immune cell recruitment 

Macrophages (M1 and M2) Promotes T lymphocyte activation and initiates an immune 

response, wound repair and immunosuppression. 

B lymphocytes Secretion of antibodies 

T lymphocytes (helper and cytotoxic) Coordinate immune response and kills infected cells in the 

body 
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4.1.2 Effector Immune Cells in Pancreatic Ductal Adenocarcinoma 

Adaptive immune cells carry out an immune function in response to a stimulus hence the name 

immune effector cells. Examples include NK cells, CD8+T-cells and CD4+T-cells which have 

been described in Section 1.3.1. At the early stages of PDAC, effector cells are present and 

activated. The cells of the adaptive immune system interact with the environment by displaying 

specificity, memory and heterogeneity in contrast to the innate immune cells. These functions 

are carried out by cells responsible for antigen recognition such as T lymphocytes which 

participate in cellular responses against intracellular pathogens. 

 

T-lymphocytes: They are identified as CD3 which is a generic T-cell receptor that identifies 

all T-cells and has been demonstrated to be associated with increasing grade of tumour 

differentiation in PDAC thereby conferring a more favourable prognosis (Tewari et al., 2013). 

The specificity of CD3 antigen for T cells and its appearance at all stages of T cell development 

makes it an ideal T cell marker for both detection of normal T cells and T cell neoplasms. T-

helper cells (CD4+  and CD8+ T cells) form large proportions of the CD3+T cells involved in 

cell-mediated immunity (Yang et al., 2017). Alteration of either the number or the function of 

CD4+ T cells and CD8+ T cells will affect the immune conditions. Hence maintaining the 

balance between CD4+ and CD8+ T cells is critical for tumour immunity. The CD4/CD8 ratio 

is correlated with prognosis in several cancers including PDAC (Hernberg et al., 1996; Tímár 

et al., 2005; Wang et al., 2017). 

 

• CD4: CD4 is a glycoprotein that serves as a co-receptor for T-cell receptor (TCR) and 

is found on the surface of immune cells such as T-helper cells, monocytes and dendritic 

cells. They modulate the functions of CD8+ T-cells and B-cells. Naïve CD4 cells can 

differentiate into 3 subsets; 1) Th1 cells which activate macrophages and CD8+T cells 

by secreting IL-2 and IFN-γ to support cell-mediated immune response. 2) Th 2 cells 

induce B-cell antibody class switching by secreting IL-4, IL-5, IL-6, IL-10 and IL-13 

in PDAC (Bellone et al., 1999; Formentini et al., 2009), they have protumorigenic 

effects. 3) Th17 are subsets of CD4+ T-cells that secrete IL-17A cytokine and have been 

shown to exhibit either pro or anti-tumour role in PDAC (Gnerlich et al., 2010; He et 

al., 2011). The switch from Th1 to Th2 correlates to poor survival in PDAC (Foucher 

et al., 2018). 
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• CD8: CD8 co-receptor is predominantly expressed on the surface of cytotoxic T-cells 

but can also be found on natural killer and dendritic cells. They attack tumour cells 

presenting tumour-associated antigen peptides with MHC class I on their surface 

(Wörmann et al., 2013). 

 

Natural Killer (NK) cells: They are cytotoxic lymphocytes that play important roles in innate 

and adaptive immune system response against tumour by secreting cytokines such as IL-13, 

TNF-α and GM-CSF that do not require prior antigen exposure to facilitate their anti-tumour 

effect (Paul and Lal, 2017). They represent about 5-25% of circulating lymphocytes and 

express CD16, CD56 and CD57 markers in humans (Abel et al., 2018). NK cells can lyse cells 

that have become infected by a virus or intracellular pathogen and produce cytokines induced 

by inflammation to mediate protective immunity. Their cytotoxicity occurs through three 

processes which are; target cell recognition and contact, immunological synapse formation and 

then cancer cell death (Abel et al., 2018). NK cells have been associated with poor outcomes 

in PDAC because of their decreased activity (H. S. Lee et al., 2021). They are polarized towards 

tumour-promoting phenotype in PDAC by some mediators such as tumour cell-derived 

extracellular vesicles in the TME via the alteration of their functions, thereby evading 

recognition and promoting their elimination (Huber et al., 2020). Although neutrophils are vital 

components of the body’s defence against diseases the uncontrolled release of its toxic 

substances may cause apoptosis as well as tissue scarring (Haslett et al., 1994). Hart and 

colleagues demonstrated that CD16 downregulated on cells undergoing apoptosis (Hart et al., 

2000). Some markers of NK cells used in this study are described below. 

 

• CD57: This marker is also known as the human natural killer cell (HNK-1) and is 

present in the late stages of differentiation of CD4+T and CD8+ T-cells (Brenchley et 

al., 2003). They have been shown to display cellular senescence, proliferation defects 

and elevated expression of ROS (Kared et al., 2016). Studies have shown that the 

expression of CD57 on CD4+T and CD8+ T-cells correlates with increased expression 

of cytolytic enzymes such as granzyme A and B as well as perforin which are mediators 

of anti-tumour immunity (Chattopadhyay et al., 2009). Conversely, Van den Hove and 

colleagues reported that over 40% of patients with untreated haematological 

malignancies displayed elevated expression of CD57 on CD4 and CD8 T-cells (Van 

den Hove et al., 1998). CD 57+ NK cells can up-regulate MHC class I and MHC class 
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II molecules on tumour cells through IFN-γ secretion to facilitate tumour-specific 

antigen recognition by T-lymphocytes (Höflich et al., 1998). Although CD57 is a very 

useful marker of NK cell maturation and identifying cytotoxic cells, it has been shown 

to have decreased replicative ability (Kared et al., 2016). 

• CD56: They are known as the neural cell adhesion molecule (NCAM) which are 

members of the immunoglobulin family. NCAM can be used for the detection and 

targeting of primary tumours and metastases (Aletsee-Ufrecht et al., 1990). They are 

phenotypic markers of NK cells but can be expressed by monocytes, dendritic cells, 

gamma delta T-cells and alpha-beta T-cells (Van Acker et al., 2017). CD56+CD16-  NK 

subset has been reported to develop from metastatic PDAC following treatment with 

CTLA-4 (Frankel et al., 2010). 

• CD16: They are human leukocytes found on the surface of NK cells, monocytes, 

neutrophils and macrophages. They participate in signal transduction and are identified 

as Fc receptors FcγRIII. CD16 is encoded by two genes termed FcyRIIIa and FcyRIIIb 

(Ravetch and Perussia, 1989).  FcyRIIIa encodes a transmembrane form of CD16 and 

is expressed by macrophages and NK cells, whereas FcyRIIIb encodes a Phosphatidyl 

Inositol-linked molecule exclusively expressed by granulocytes (neutrophils). NK cells 

display CD16+ CD57+ phenotype with reduced cytotoxic activity and low levels of 

IFN- γ expression but produce increased levels of IL-10 in PDAC which is an 

immunoregulatory cytokine (Marcon et al., 2020).  

 

4.1.3 Immune system in tumour progression 

The immune system either protects the host from or activates it toward tumour progression 

through a process known as immunoediting (Schreiber et al., 2011). Immunoediting involves 

three phases: elimination, equilibrium, and escape. When immune cells destroy unstable 

premalignant tumour cells at the early stage, elimination occurs (Lisiecka and Kostro, 2016). 

If the elimination is not completely successful, the altered tumour cells that survive elimination 

and the host immune system go into equilibrium but when these unstable tumour cells 

accumulate in excess such that the immune elimination response is not sufficient, the tumour 

cells acquire resistance and escape mechanisms (Lisiecka and Kostro, 2016). These tumour 

cells are immuno-inflammatory and produce cytokines that promote tumour growth (Chang et 

al., 2016).  Other inflammatory components include the mast cells, macrophages and 
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neutrophils. The immune response is insufficient to eliminate the cells that have been 

genetically altered by producing immunosuppressive signals. 

 

4.1.4 Immunosuppression in PDAC  

PDAC is a T-cell rich tumour. Although PDAC is surrounded by immune cells, immune 

response dysfunction occurs, inhibiting the immune effectors (Cassim and Pouyssegur, 2020). 

The innate and adaptive immune responses are released to destroy tumours but PDAC induces 

immunosuppression to prevent eradication by effector immune cells via the expression of PD-

L1 (Basso et al., 2013; Panni et al., 2014). Pancreatic cancer cells downregulate the expression 

of MHC class I molecules by interfering with the antigen cross-presentation to effector T-cells 

(Garrido et al., 2017). PDAC cells evade immune surveillance, evasion via non-functional Fas 

receptors and abnormal expression of functional Fas ligand (Gaianigo et al., 2017). 

Immunosuppressive factors such as IL-10 and TGF-β promotes the excess flow of suppressive 

immune cells, which contributes to a systemic Th2 immune phenotype in PDAC (Mao et al., 

2021). Patients suffering from diabetes for a long time are at great risk of PDAC because they 

have a dysfunctional immune system which leads to an immunosuppressive state (D’Marco et 

al., 2020).  

   

4.2 Oxidative Stress and role in Pancreatic Ductal Adenocarcinoma 

  

Oxidative stress can be defined as the imbalance between the production of oxidants (reactive 

oxygen species) and antioxidants (Bansal and Kaushik, 2019). Oxidative stress in biological 

systems may result from the overproduction of superoxide anion and hydroxyl radicals or nitric 

oxide (Jomova et al., 2012). They can alter major classes of biomolecules such as lipids, 

proteins, and nucleic acids by changing their structure and function (Nandi et al., 2019). This 

REDOX imbalance leads to the damage of the cell components such as lipids and proteins as 

well as the organs and ultimately the whole organism (Singh et al., 2019). Oxidative stress has 

been linked to several ailments such as neurodegenerative diseases ( Liu et al., 2017)  and 

cancer (Talib et al., 2020). Studies show that cancer cells are under increased oxidative stress 

compared to normal cells due to enhanced generation and accumulation of ROS-mediated 

reaction products in cancer cells. They can be detected in plasma and urine as well as 

overexpression of antioxidant enzymes in response to oxidative stress (Sosa et al., 2013). 

Oxidative stress occurs in cells when the generation of ROS overwhelms the cells’ antioxidant 
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defence (Hayes et al., 2020). Oxidative stress stimulates pro-inflammatory cytokines such as 

IL-2 and IL-6 which promotes angiogenesis and tumour vascularization via the expression of 

vascular endothelial growth factor (VEGF) in PDAC cells (Martinez-Useros et al., 2017; Tang 

et al., 2005). 

 

4.2.1 Reactive oxygen species (ROS) 

ROS are highly reactive molecules with a single unpaired electron in their outermost shell of 

electrons and are grouped into 2: free oxygen radicals such as hydroxyl radical, superoxide, 

and non-radical ROS like hydrogen peroxide (H2O2) and hydroperoxide (Sies, 2017). They are 

among the main causes of PDAC instability and pathogenesis (Chen et al., 2021), and have 

been detected in many cancers because of their high metabolic rates (Sosa et al., 2013). 

NADPH oxidase is the major source of ROS in pancreatic cancer (Martinez-Useros et al., 

2017). Although ROS have been shown to promote carcinogenesis they also have some 

biological functions such as stimulating cell proliferation and cell cycle progression (Harris 

and DeNicola, 2020). They also stimulate epidermal growth factor (EGF) and platelet-derived 

growth factor (PDGF), which in turn activate the enzyme tyrosine kinase resulting in the 

stimulation of downstream pathways such as phosphatidylinositol-3-kinase (P13K) AKT 

signalling (Lemmon and Schlessinger, 2010). ROS and pro-inflammatory cytokines are 

important factors involved in the pathogenesis of PDAC because ROS regulates the 

relationship between inflammation and pancreatic cancer by modulating the levels of 

inflammatory factors such as HIF-1alpha, chemokines, cytokines and growth factors 

(Aggarwal et al., 2019). 

 

ROS mediate vital functions such as phagocytosis, antigen presentation and recognition in 

immune cells (Kennel and Greten, 2021). They also exert immunosuppressive effects on NK 

and T-cells, however, DCs require elevated ROS levels during cross-presentation to cytotoxic 

CD8+T-cells (Oberkampf et al., 2018). ROS regulates the differentiation and effector functions 

of T-cell subsets. Elevated levels of ROS promote Th1 phenotype (Frossi et al., 2008) while 

decreased levels promote Th1 and Th17 phenotypes (Abimannan et al., 2016). Immune cells 

such as macrophages induce ROS production through the secretion of stimuli such as TNF- α. 

Upon inflammation, activated macrophages produce peroxinitrile radicals which promote 

tumour cell apoptosis (Castaneda et al., 2017). 
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Role of ROS in Metabolism 

Metabolic alterations increase ROS intracellular levels, which promote tumour formation 

(Yasuda et al., 2021). Glycolytic enzymes Glyceraldehyde-3-phosphate dehydrogenase 

(GADPH) and Pyruvate kinase M2 (PKM2) are inactivated by oxidative stress. GADPH is a 

major oxidative target of ROS and these enzymes undergo a modification of their cysteine 

residues to cysteic acid thereby inhibiting their activity (Hwang et al., 2009; Muronetz et al., 

2020). Intracellular ROS inhibits PKM2 and diverts glucose into PPP to generate reducing the 

potential for maintaining REDOX (Boese and Kang, 2021). In cancer cells, PKM2 plays a role 

in supporting cell survival by sustaining antioxidant responses under acute oxidative stress (Li 

et al., 2018,). AMP-activated protein kinase (AMPK) is activated by H2O2 (Kang et al., 2015). 

Other enzymes such as fumarate hydratase enhance ROS production via the activation of HIF1 

factors (Sullivan et al., 2013). Fumarate covalently binds to GSH to form succinated 

glutathione (GSF), an alternative substrate of glutathione reductase that consumes NADPH to 

enhance ROS accumulation (Sullivan et al., 2013). NADPH is required to generate GSH for 

ROS detoxification (Anastasiou et al., 2011; Sullivan et al., 2016). GSH which is a tripeptide 

of cysteine, glycine, and glutamate can scavenge and reduce ROS (Bin et al., 2017). It is 

generated from PPP to disable cytochrome c and then released into the cytoplasm following an 

elevated ROS level (Boese and Kang, 2021).  

 

Role of ROS in Pancreatic Ductal Adenocarcinoma 

Pancreatic cancer cells accumulate more ROS (Cheung et al., 2020) and are antiapoptotic as a 

result of the elevated ROS levels (Park et al., 2017; Vaquero et al., 2004). ROS plays dual and 

opposing roles in PDAC depending on its concentration. It facilitates cancer progression at 

mild to moderate levels (Martinez-Useros et al., 2017) while excessive ROS production 

promotes the release of cytochrome c into the cytoplasm which mediates programmed cell 

death (Matilla, 2021). This is the main mechanism of many chemotherapies as seen in the use 

of a combination of gemcitabine and cannabinoid has been used to induce autophagy in PDAC 

cells via ROS-mediated mechanism (Sharafi et al., 2019). At the early stage of PDAC, elevated 

ROS levels cause DNA damage which results in cancer progression because of the gene 

mutation thus therapies targeting decreased ROS would be effective in preventing the initiation 

of pancreatic cancer (Zhang et al., 2016).  
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Conventional treatments have not been very successful in improving the survival rate of PDAC 

hence the need for the development of other novel therapies. The expression of immune cells 

can affect immune response during tumour progression and treatment. In this study, immune 

cell populations were quantified in the different PDAC groups in the patient cohort using 

immunophenotyping and gene expression analysis. ROS levels were also quantified in the 

patient groups. 

  

4.3 Materials and Methods 

4.3.1 Sampling and Processing Overview 

Blood samples were collected and processed into serum as described in Chapter 3, Section 

3.3.1 above. An overview of the total number of patients recruited is shown in Figure 4.1 

below. 

 

 

 

 

 

Figure 4.1: Overview of Sample Size and Processing. After Ethics approval and informed consent blood 

samples collected were processed into serum and PBMCs for ROS and Real-Time Polymerase Chain Reaction 

Analyses respectively. Whole blood was lysed to fix the white blood cells for Immunophenotyping assays. HC; 

Healthy controls, CP: Chronic Pancreatitis, RPC: Resectable Pancreatic Ductal Adenocarcinoma, LAPC; Locally 

Advanced Pancreatic Ductal Adenocarcinoma, MPC; Metastatic Pancreatic Ductal Adenocarcinoma. 
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4.3.2 Reactive oxygen species (ROS) analysis using N, N- diethyl -para-phenylenediamine 

N, N- diethyl -para-phenylenediamine (DEPPD) sulphate is a compound that reacts with serum 

to form a long-lived cation. Under acidic conditions metal ions (Fe2+ and Fe3+) contained within 

the serum samples are released from their transport proteins and catalyse the decomposition of 

hydroperoxides (Hayashi et al., 2007). Hydroperoxides decompose into alkoxy and peroxyl 

radicals, which convert N alkylated p-phenylenediamines into a coloured radical cation. This 

can be measured spectrophotometrically with absorbance being proportional to the number of 

hydroperoxyl compounds and thus the oxidative status of the sample can be determined. 

 

One hundred and forty microlitres of 0.1M Sodium acetate buffer pH 4.8 was added to each 

allocated well of a 96-well plate. Five microlitres of serum samples (PDAC and controls) and 

standards (different concentrations of hydrogen peroxide solutions: 50, 25, 6.25, 3.13, 1.56, 

0.78 and 0.39 µM) were added in duplicates. DEPPD and Iron sulphate were dissolved in 0.1M 

Sodium acetate buffer pH 4.8, respectively. 100 µl of the reagent mixture prepared at a ratio of 

1:25 was then added to each well. The solution was incubated at 37 °C for 1 min. Colour 

development was recorded at 505 nm at 25 °C, every 15 secs for 30 repeats using FL 600 

Microplate reader Multiscan Sky Microplate Spectrophotometer (Thermo Fisher Scientific, 

Massachusetts USA).  

The R studio V1.3 software was used for statistical analysis. A standard curve of the standards 

was plotted to determine the concentration of the samples. Test for significant differences 

(p<0.05) between the PDAC samples and controls (healthy and chronic pancreatitis) was 

carried out using an unpaired non-parametric t-test such as the Wilcox test. 

 

4.3.3. Immunophenotyping using flow cytometry 

Principle 

Flow cytometry is a technique that is used to analyse single cells by measuring the physical 

and chemical characteristics of their population (McKinnon, 2018). This technique helps to 

identify the lineage or hierarchy of cells using antibodies that detect markers or antigens on the 

cells hence the prefix immune. While some antigens are found only on one cell type others are 

found on different cell types. This laboratory method is used to identify the presence or absence 

of white blood cells (WBCs) based on the types of markers or antigens present on the cell’s 

surface, nucleus, and cytoplasm. This technique requires the use of frozen lysed whole blood 

samples for flow cytometry immunophenotyping (Braudeau et al., 2021). 
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Sample processing 

For immunophenotyping assays, a subset of twenty-seven samples (10 RPC, 6 LAPC, 4 MPC, 

2 CP, and 5 HC) were used, due to limited resources, as shown in Figure 4.1. White blood 

cells were fixed by adding 1 ml of diluted BD FACS Lyse (BD Biosciences, New Jersey, 

United States) solution to 100µl of the whole blood sample from the purple capped vacutainer 

tube within 2 h of collection and allowed to stand at room temperature for 12-15 mins after 

which it was stored at -80ºC until analysis. 

Plasma was then isolated by gravity separation from forty-six blood samples collected in the 

purple vacutainer tubes for 30-60 mins at room temperature followed by centrifugation at 3000 

rpm, 4ºC for 30 mins, processed within 2 h of collection, and aliquoted (200 µl) in single-use 

vials, stored at -80 °C until needed.  

Peripheral blood mononuclear cells (PBMCs) which are major cells in the human body 

immunity containing lymphocytes, monocytes and macrophages were separated using Ficoll-

Paque™ (GE Healthcare, Illinois, United States) separation method. Blood samples were 

diluted 1:1 with plain Rosewell Park Memorial Institute (RPMI) media (Sigma-Aldrich Merck, 

Missouri, USA). The blood was carefully layered on Ficoll paque (GE Healthcare, Illinois, 

USA) which was added in the dark in a 2:1 ratio and then centrifuged at 3000 rpm for 30 mins 

RT (Decel=0). The white cloudy layer containing the PBMC was pipetted out into a 50ml 

falcon tube. The cells were washed by adding 30ml plain RPMI media to the cells and 

centrifuged at 2200 rpm for 10 mins (Decel=9). The supernatant was decanted and 5ml 

Ammonium Chloride Potassium or ACK (150 mM NH4Cl, 10 mM KHCO3, 0.1 mM EDTA pH 

7.2) was added and allowed to stand for 5mins to get rid of red blood cells (RBC). RBCs and 

platelets were washed off by adding 15ml RPMI media and centrifuged at 1200 rpm for 10 

mins (Decel=9). The cells were counted, and the concentration was between 1×105– 106 

cells/mL. The cells were then resuspended in a freezing media [10% Dimethyl Sulphoxide 

(Sigma Aldrich, Missouri, USA), 90% Gibco Feval Bovine Serum FBS (Thermo Fischer 

Massachusetts, USA)]. The cell samples were aliquoted and stored at -80 °C until required for 

transcriptomic assays. Samples were only thawed once to preserve integrity. 

 

Preparation of Antibodies and Titration experiment by flow cytometry 

 

Antibodies required for immunophenotyping were titred to determine the optimal 

concentration of antibody that is required to give good separation between positive and 

negative populations and to determine the position of the negative population on the axis. 

Antibodies were optimized by titration to optimally stain lymphocytes populations and their 
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subpopulations using CD3 BD Horizon Brilliant™ Ultraviolet (BUV), CD4 Alexa flour and 

CD8 Brilliant Violet™ 605, CD56 PE Phycoerythrin Cyanine 7 (PECy7), CD57 BB515 while 

the granulocyte population was stained with CD16 PECy5. All antibodies were obtained from 

BD Biosciences, (New Jersey, United States). 

 

Titration assay: Cryovials containing fixed white cells from whole blood were retrieved from 

a - 80°C freezer and thawed in a water bath at 37 °C for 2 mins. Five hundred microlitres of 

thawed samples (mixture of cells and FACS lyse) were transferred into BD polystyrene tubes 

(BD Biosciences, New Jersey, USA) and centrifuged at 1500 rpm for 5mins, supernatant was 

then decanted. Thawed cells were resuspended in 2ml of 1× PBS, washed once by centrifuging 

at 1500 rpm for 5 mins and supernatant was then decanted. A master mix of stain buffer and 

FC blocker was prepared by adding 1 µl of FC blocker to 50 µl of staining buffer and then 

vortexed briefly. Fifty microlitres of the master mix were added to the cells and resuspended. 

Doubling dilutions of the antibodies which are CD3/BUV496, CD4/AF700, CD8/BV605, 

CD16/PE-CY5, CD56/PE-CY7 and CD57/BB515 were prepared in the dark with a control tube 

without any antibody. Double the manufacturer’s recommended volume of fluorescence-

labelled antibody was added to tube 1 and 2-fold serial dilutions were done for a total of 8 tubes 

or concentrations. For example., if the recommended amount is 5 μl, 10 μl was added to 90 μl 

of 1×PBS. The content of tube 1 was mixed by pipetting and 50 μl was transferred subsequently 

across all tubes. Fifty microlitres of the antibody solution were then transferred to the washed 

fixed white blood cells in all tubes, mixed thoroughly, and incubated in the dark, at room 

temperature for 30 mins. Cells were washed by adding 1 ml of 1x PBS, resuspended, and 

centrifuged at 1500 rpm for 5 mins, with supernatant discarded. The stained cells were then 

resuspended in 300 µl staining buffer (1×PBS, 5%FBS, and 0.1%NaN3), and 100,000 events 

were acquired on a flow cytometer (BD Biosciences, New Jersey, United States). Table 4.2 

below shows the antibodies and their optimised antibody volume. 
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Table 4.2: A table showing the optimized titrated volumes of Antibodies. 

Antibody/Fluorochrome Optimized volume (µl) 

CD3 /BUV-496  1.00 

CD4 /AF-700 1.25 

CD8 /BV-605 1.0 

CD16 /PE-Cy5 1.25 

CD56 /PE-Cy7 1.5 

CD57 /BB515 1.0 

BUV: BD Horizon Brilliant™ Ultraviolet; BV: Brilliant Violet™; PE-CY: Phycoerythrin Cyanine; BB515: BD Horizon Brilliant™ Blue; CD: Cluster of differentiation., 

 

 

 

 

Multicolour Flow Cytometry for Immunophenotyping Analysis 

Multicolour flow cytometry immunophenotyping analysis was then used to determine immune 

cell populations and frequency. A 6-colour panel as seen in Table S27 was established to 

characterize heterogeneous cell populations in the PDAC stages and compared with the 

controls (CP and HC). 

Fully stained samples and unstained samples were prepared from the thawed cells. Stained 

samples were prepared by adding antibodies in the dark at previously titrated volume and then 

incubated for 30 mins at room temperature. The cells were then washed with diluted Dulbecco's 

Phosphate Buffered Saline or PBS (Sigma Aldrich, Missouri, United States) at 1500 rpm for 5 

min. Approximately 100,000 cells were acquired on BD LSRFortessa™ II flow cytometer (BD 

Biosciences, New Jersey, United States) for each sample at a threshold of 25,000 after the 

necessary quality controls using FACSDiva™ software version 5 (BD, Biosciences, New 

Jersey, United States). Basic quality control (QC) using BD cytometer setup and tracking 

(CST) beads, photo-multiplier tubes (PMT) voltage optimization, 8 Peak beads, compensation, 

and fluorescence minus one (FMO) were some of the controls used to ensure that valid and 

consistent data on the cytometer were as follows:   

1. Cytometer Setup and Tracking: This is a control carried out using BD CS and T beads 

lot number; 11087 (BD Biosciences, New Jersey, USA) to provide a standardised 

method to perform quality control of the optics, electronics and fluidics of the 

instrument. They are also used for adjusting the detector voltage. 

2. ExPhoto-Multiplier Tubes (PMT) voltages optimization using unstained and single 

stained cells was used to optimize applied voltage to exclude electronic noise and 

ensure that the stained cells were within the dynamic range of the instrument. This 

further ensures that the best quality data in each channel of the flow cytometer is 

obtained. 
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3. Basic Quality Control (Q.C) 8 Peak Beads (BD Biosciences, New Jersey, United 

States): These are designed for routine calibration of flow cytometers but can also be 

used for monitoring and correcting variations in longitudinal studies. These beads are 

used to determine the linearity and sensitivity of the system. The linearity of the 

instrument will determine if the logarithmic amps and PMTs are functioning properly 

while the sensitivity of the instrument detects any dye or light contamination. Hence 

the main function of the Q.C 8 peak beads was to ensure that the Mean Fluorescence 

Intensity (MFI) ranges are consistent and reproducible.  

Method: One drop of Q.C 8peak bead (Lot number: 9121914) was added to 500µl of 1xPBS 

or sheath fluid. The beads were run at low on the flow cytometer. The most suitable peak was 

chosen, and the MFI range was calculated. 

4. Compensation for spill-over was done using CompBeads (Anti-Mouse Ig, κ/Negative 

Control Compensation Particles Set; BD Biosciences, New Jersey, United States) to 

minimize spectral overlap between different fluorophores. The three rules of 

compensation are:  

• Controls need to be as bright or brighter than any sample, the compensation will 

be applied. 

• Background fluorescence should be the same for the positive and negative 

controls. 

• Compensation controls must match the exact experimental fluorochrome. 

Method: A drop of negative and positive beads (Anti-Mouse Ig, κ/Negative Control 

Compensation Particles Set; BD Biosciences, New Jersey, United States) respectively was 

added to 50 µl of 1x PBS. The recommended pre-titrated volumes of antibodies were added to 

tubes in the dark and incubated for 30 mins. Beads were washed with 2 ml 1xPBS and 

centrifuged at 1500rpm for 5mins. The supernatant was decanted, and the pellet was 

resuspended in 300 µl of staining buffer. A total of 10,000 events were recorded on the flow 

cytometer. 

5. Fluorescence Minus One (FMO):  FMO controls are used to determine the cut-off point 

between background fluorescence and positive populations in multi-colour 

immunofluorescent experiments. They are very useful and therefore highly 

recommended where a positive cell population is presented as a smear instead of being 

distinctly separate from the negative population. The lack of distinction between 

positive and negative populations is heightened by the "spreading" of the negative 
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populations due to the contributions of fluorescence overlap compensation from 

multiple fluorochromes as described in Table S28. 

Data and Statistical analysis:  Data was analysed using FlowJo LLC version 10 (BD, 

Biosciences, New Jersey, United States) using Flow cytometry standard (FCS) files linked to 

the compensation controls from FACSDiva™ software. Cells were gated as singlets to exclude 

doublets using forward scatter height (FSC-H) and forward side scatter area (FSC-A) 

parameters. To discriminate white blood cells into lymphocytes, monocytes and granulocytes, 

forward side scatter (FSC) versus side scatter (SSC) was used. All populations were 

represented as percentages of parent populations. Cell differentiation included lymphocytes 

(CD3) and their subpopulations (CD3+CD4+, CD3+CD8+ CD3+CD16+, CD3+CD56+, 

CD3+CD57+) and granulocyte populations (CD16+). 

4.3.4 Gene expression analysis of immune-related markers 

Total RNA Extraction  

Total RNA was extracted from PBMCs isolated from the PDAC and control samples, using 

the TriReagent® (Sigma Aldrich, Missouri, United States). PBMC samples were thawed on ice 

for 5 mins and then centrifuged at 1500rpm for 5 mins. Two hundred and fifty microlitres of 

the TriReagent were added into the pellet, resuspended, and allowed to stand at room 

temperature for 5 min. Sixty microlitres of chloroform were added to samples and shaken 

vigorously until they turned milkish. Samples were then allowed to stand at room temperature 

for 10 min and then centrifuged at 12000xg for 15 min at 4ºC. The aqueous phase was 

transferred into a fresh tube, 150 µl of propanol was then added and allowed to stand for 5 mins 

at room temperature to separate the mixture into three phases and then centrifuged at 12000xg 

for 10 mins. After decanting the supernatant, the RNA pellet was washed with 250 µl of 75% 

ethanol, vortexed, and centrifuged at 7500xg for 8mins. Pellet was then air-dried for 5 mins 

after decanting the supernatant. The pellets were placed on a heat block at 55º-60ºC for 5min 

until the ethanol had evaporated. Thirty microlitres of RNA-free water was then added to the 

pellet and the mixture was resuspended and placed back on the heat block for about 5 mins 

followed by placement on ice. The quality of RNA was measured using a NanoDrop ND-1000 

Spectrophotometer (Thermo Fischer Scientific, Massachusetts, United States), and A260/280 

ratio > 1.8 was observed across all samples. 
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Complementary DNA (cDNA) Synthesis  

cDNA synthesis was performed from 250 ng/µl of total RNA using the Photoscript® II First 

Strand cDNA synthesis Kit E6560S (New England BioLabs® Inc.), according to the 

manufacturers’ instructions. Two microlitres of d(T)23VN (50 µM) were added to 10 µl of 

Photoscript II Reaction Mix (2x), after which 2 µl of Photoscript II Enzyme Mix (10x) was 

then added to the mixture. Two microlitres of RNA template were added followed by Nuclease 

free water to make up 20 µl and was then incubated at 42 ºC for 1hr, denatured at 85 ºC, and 

then allowed to cool down at 4 ºC.  

 

Quantitative Real-time Polymerase Chain Reaction (RT-PCR) 

Forty-six samples (RPC= 22, LAPC = 8, MPC = 4, CP=6 and HC=6) were included in this 

assay. The TaqMan® Fast Advanced Master Mix (Thermo Fischer, Massachusetts, United 

States) was used to perform singlet Real Time-PCR as per the manufacturers’ instructions. 

Eight microlitres of Total PCR reaction mix volume were prepared by adding 5 µl Taqman 

gene expression master mix, 0.5 µl Taqman assay (target genes), and 2.5 µl nuclease-free 

water. The PCR reaction ran for 40 cycles including hold at 50ºC for 2 mins, polymerase 

activation at 95ºC for 10mins, denatured at 95ºC for 15 secs, and annealed at 60 ºC for 60 secs. 

The reference gene Microsomal Ribosomal Protein L19 (MRPL19) and target genes CD8A, 

CD4, CD3, CD16/FCGRB, CD56/NCAM1 and CD57/B3GAT were obtained from Thermo 

Fischer Scientific, Massachusetts, United States. MRPL19 is a housekeeping gene used as a 

control because its expression doesn’t change in pancreatic cancer (Mohelnikova-Duchonova 

et al., 2012). The MIQE guidelines were strictly adhered to (Bustin et al., 2009). The Quant 

Studio™ 1 Real-Time System (Thermo Fischer Scientific, Massachusetts, United States) was 

used to run the RT-PCR reactions.  

 

Data Analysis 

The 2-ΔΔCT method was used to calculate relative changes in gene expression using the 

Microsoft Excel® software. The RT-PCR data were analysed using GraphPad Prism™ software 

version 8 (GraphPad Software Inc, California, United States). A Shapiro-Wilk test was used to 

test for normality. Statistical analysis and graphical illustrations of the data were generated in 

R (version 3.6.1) and R studio (version 1.1.456) software using KODAMA. The data was non-

parametric hence Wilcoxon and Kruskal–Walli’s rank-sum test was used to compare 

differences between the controls (CP and HC) and PDAC groups (RPC, LAPC and MPC). 
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Spearman’s rank test was then used to calculate the correlation coefficient (rho) between ROS, 

immunophenotyping and real-time PCR assays.  

 

4.4 Results 

4.4.1: Impact of elevated ROS levels in Pancreatic Ductal Adenocarcinoma 

A spectrophotometric assay of ROS showed that there was no significant difference observed 

when the PDAC groups were compared with CP groups but when compared with HC there 

was significance. ROS levels was elevated in RPC (p-value= 0.003) and LAPC (p-value= 

0.008) compared to HC group (Figure 4.2). 

 
 

 

Figure 4.2: Spectrophotometric ROS Assay of PDAC and Control Groups. A Standard curve of hydrogen 

peroxide standards. B: Boxplot showing the comparison in ROS levels between the PDAC groups (RPC, LAPC, 

and MPC) and control groups (HC and CP). A significant change was observed when the PDAC groups RPC and 

LAPC were compared with HC groups. HC; Healthy controls, CP: Chronic Pancreatitis, RPC: Resectable 

Pancreatic Ductal Adenocarcinoma, LAPC; Locally Advanced Pancreatic Ductal Adenocarcinoma, MPC; 

Metastatic Pancreatic Ductal Adenocarcinoma  

 

 

4.4.2: Altered immune cell marker populations in the different tumour stages.  

The immune cell markers CD3, CD4, CD8, CD16, CD56 and CD57 were assessed in the 

lymphocytes and granulocytes cell populations. Cells were gated using forward versus side 

angle light scatter to identify lymphocytes, monocytes, and granulocytes with side scatter 

versus the various stained markers to confirm these populations. Lymphocyte gating was used 

to evaluate CD3 marker as well as their subsets CD3+CD4+, CD3+CD8+, CD3+CD16+, 

CD3+CD56+ and CD3+CD57+ (Figure 4.3). Granulocyte gating was used to evaluate CD16+. 
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The percentage of gated lymphocytes in leukocytes ranged from 3-24% in PDAC groups and 

6-40% for the controls as described in Table 4.3. CD16+ neutrophils were the most 

overexpressed in MPC, which might be undergoing apoptosis as evident from the formation of 

two populations in granulocytes and this is based on anecdotal evidence (Figure 4.4). The HC 

group had the highest percentage of lymphocytes and CD3+CD4+ T-cells. Conversely, the 

LAPC group showed the highest frequency of CD3+ and CD3+CD8+ T-cells indicating that 

these immune cell markers were statistically altered when compared with the control group HC 

(Figure 4.5). The results also indicated that patients with PDAC show a broad range of CD3-

CD56+ NK cells compared to the controls; HC and CP, however, few NK cells were found in 

such patients. This might not be due to the loss of markers CD56+, CD16+, and CD57+ NKs but 

due to an increase in PDAC severity. Thus, the number of NK and NKT cells in the PDAC 

patients was found to be significantly smaller than that of the control groups (Figure 4.6). 

 

 

 

 



79 

 

 

Figure 4.3: Flowjo Layout profile of the immune cell markers populations and subsets in LAPC9. The total 

cell events collected was 100,000. Cells were gated into Singlets (FSC-A versus FSC-H) and leukocytes (FSC-A 

versus SSC-A). Leukocytes were further gated into Not CD16+ neutrophils and CD16+ neutrophils (CD16 versus 

SSC-A). Lymphocytes were observed by gating Not CD16+ neutrophils (FSC-A versus SSC-A) which were 

further gated to CD3- and CD3+ (CD3 versus SSC-A). CD3+ was then gated to: NKTs- CD3+ CD56+, CD3+ CD56+, 

CD57+ and T-cells subsets; CD3+CD4+ and CD3+CD8+. CD3- was gated to NKs- CD56+CD16+. BUV: BD 

Horizon Brilliant™ Ultraviolet; BV: Brilliant Violet™; PE-CY: Phycoerythrin Cyanine; BB515: BD Horizon 

Brilliant™ Blue; CD: Cluster of differentiation., LAPC: Locally Advanced Pancreatic Ductal Adenocarcinoma. 
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Figure 4.4: Flowjo Layout profile of CD16 neutrophils cell marker populations in the different groups 

(HC4, CP1, RPC9, LAPC6 and MPC4). The total cell events collected was 100,000. Cells were gated using CD16 

versus SSC-Aand two separate populations were observed. The two populations gated as CD16+ neutrophils 

became more distinct with the severity of the disease which implies it was more prevalent in LAPC and MPC 

groups when compared with the control groups. PE-CY: Phycoerythrin Cyanine; CD: Cluster of differentiation; 

HC: Healthy Controls; CP: Chronic Pancreatitis; RPC: Resectable Pancreatic Ductal Adenocarcinoma; LAPC: 

Locally Advanced Pancreatic Ductal Adenocarcinoma; MPC: Metastatic Pancreatic Ductal Adenocarcinoma. 
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Table 4.3: Percentage population of Immune cell makers in PDAC 

  
CD16+ 

Neutrophils 
Lymphocytes CD3+ NKTs CD57+ 

NKTs 
CD3+ 
CD56- 

CD4+ CD8+ CD56+CD16+ 
NKs 

CD57+ 
NKs 

MFI CD57+ 

NKTs 
MFI CD57+ 

NKs 
CD4:CD8 

LAPC01 63.8 22.4 74.0 9.96 34.4 66.6 52.6 44.8 25.0 30.6 1014 631 1.174107 

LAPC02 75.1 17.3 75.1 17.6 57.3 61.9 9.9 87.9 35.0 83.9 1740 2077 0.112628 

LAPC03 67.5 20.1 74.2 15.8 52.5 62.4 12.0 85.6 34.9 75.7 1561 1894 0.140187 

LAPC04 66.9 23.8 77.3 14.0 29.7 64.5 50.4 46.7 38.7 24.7 1186 681 1.079229 

LAPC05 69.9 19.8 70.9 16.0 32.9 57.7 51.3 46.3 42.2 33.8 1064 713 1.107991 

LAPC06 65.9 24.0 75.4 16.5 29.9 63.0 50.6 46.7 35.6 29.0 1077 707 1.083512 

MPC01 89.8 3.02 39.7 10.0 57.4 35.7 63.2 33.6 28.3 47.8 1703 1802 1.880952 

MPC02 89.6 3.31 38.9 9.64 58.7 35.2 67.6 30.4 24.7 46.9 1402 2194 2.223684 

MPC03 88.4 3.79 42.0 11.4 51.8 37.0 63.4 34.5 22.0 50.5 1885 2624 1.837681 

MPC04 77.0 8.86 39.5 32.1 82.8 26.8 43.0 53.0 38.3 55.3 3702 1881 0.811321 

RPC01 85.7 3.09 49.9 29.6 37.5 35.1 21.1 77.4 76.3 49.3 861 616 0.27261 

RPC02 58.6 12.0 34.2 37.7 65.0 20.2 33.0 47.1 29.0 42.8 1456 1146 0.700637 

RPC03 83.5 5.38 58.9 16.2 36.3 49.4 24.5 73.7 21.6 43.5 936 691 0.332429 

RPC04 72.6 9.86 48.1 14.3 48.7 41.3 32.3 53.9 31.6 46.3 1449 1087 0.599258 

RPC05 72.2 9.51 49.3 14.7 52.5 42.0 34.4 53.8 32.5 40.5 1412 1021 0.639405 

RPC06 70.2 10.8 52.8 11.0 51.3 47.0 33.2 54.2 36.4 49.7 1295 921 0.612546 

RPC07 81.3 4.68 40.0 27.2 69.5 29.1 48.3 41.7 32.8 50.1 3451 620 1.158273 

RPC08 80.9 5.01 42.2 27.9 64.4 30.4 45.4 43.6 24.0 50.8 2362 649 1.041284 

RPC09 81.6 6.79 29.5 12.2 38.2 25.9 50.1 48.3 57.6 42.3 1536 2909 1.037267 

RPC10 60.8 13.2 52.4 21.7 69.2 41.0 58.4 37.0 29.3 32.2 1872 1281 1.578378 

CP01 83.6 6.19 44.7 98.2 46.9 0.8 5.0 50.75 96.5 77.9 7973 880 0.098522 

CP02 52.5 16.6 59.0 93.5 65.9 3.8 26.1 30.75 85.9 84.3 17396 958 0.84878 

HC01 68.4 25.9 68.0 90.7 17.4 5.2 66.6 24.4 17.3 31.6 15188 8925 2.729508 

HC02 56.7 33.6 66.6 90.9 14.7 4.59 50.1 43.4 26.3 32.8 18008 6717 1.154378 

HC03 48.0 38.5 45.3 91.6 4.41 2.65 54.2 37.8 26.8 41.6 5485 3801 1.433862 

HC04 52.4 40.5 70.2 93.2 27.8 4.44 62.7 28.5 34.6 41.1 25772 2867 2.2 

HC05 53.4 39.2 68.8 90.5 25.6 6.23 58.6 27.0 42.3 26.0 10838 4461 2.17037 
LAPC: Locally Advanced Pancreatic Ductal Adenocarcinoma, MPC: Metastatic Pancreatic Ductal Adenocarcinoma, RPC: Resectable Pancreatic Ductal Adenocarcinoma, CP: Chronic Pancreatitis, HC: Healthy controls, NKTs: Natural killer T lymphocytes-cells, NKs: 

Natural killer cells, MFI; Median Fluorescence Intensity 
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Figure 4.5: Boxplots showing the comparison of the percentages of the immune cell markers. (A) CD16 

Neutrophils (B) Lymphocytes, (C) CD3+ T cells (D1) CD4+ T- cells and (D2) CD8+ T- cells for HC, CP, RPC, 

LAPC, and MPC. CD16+ Neutrophils and Lymphocytes showed significance when PDAC groups were compared 

with the HC and not CP. The percentage of CD3+ was greatest in LAPC which was significant when compared 

with other PDAC and Control groups. CD3+ and CD8+ T- cells were significantly altered when RPC, LAPC, and 

MPC were compared with the HC. RPC: Resectable Pancreatic Adenocarcinoma; LAPC: Locally Advanced 

Pancreatic Adenocarcinoma; MPC: Metastatic Pancreatic Adenocarcinoma., HC: Healthy Controls. 

 

 

 
 
Figure 4.6: Boxplots showing the comparison of NKTs and NKs subsets. (A) NKTs (B) CD3+CD56- NKTs 

(C) CD57+ NKTs and (D) CD57+: NKs for HC, CP, RPC, LAPC, and MPC. NKTs showed significance when 

PDAC groups were compared to HC except for RPC and CP. CD3+CD56- NKTs and CD57+ NKTs were 

significantly altered across the groups (MPC and LAPC, LAPC and RPC, RPC and CP) and when compared with 

HC. The PDAC groups only showed a statistical difference when compared with HC for CD57+ NKs markers. 

Both NKTs and NKs decreased across the groups, hence downregulated levels of both CD56+ and CD57+ suggest 

poor prognosis in PDAC. RPC: Resectable Pancreatic Adenocarcinoma; LAPC: Locally Advanced Pancreatic 

Adenocarcinoma; MPC: Metastatic Pancreatic Adenocarcinoma., HC: Healthy Controls. NKs: Natural killer cells, 

NKTs: Natural Killer T lymphocytes cells. 
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Principal Component Analysis (PCA) of the data set was carried out using the R (version 3.6.1) 

and R studio (version 1.1.456) software. The MPC, CP and HC groups were shown to be 

separate clusters while RPC and LAPC were not distinctively separated except for three outliers 

RPC1, LAPC2, and LAPC3 as observed in Figure 4.7. To understand why the properties of 

these outliers were different from the rest of the group, a comparison of the outliers versus the 

rest of the groups was carried out for all the immune cell markers as shown in Table S29. 

Natural killer cells and NKT cells were significantly increased in the outliers compared to the 

rest of the groups.  

 

 

 

 

Figure 4.7: Principal Component Analysis (PCA) of immunophenotyping datasets. PCA was used to explain 

the variance-covariance structure of the variable data set through linear combinations of Immunophenotyping and 

Clinical parameters data sets to determine the pattern of separation. All the HC and CP were in separate clusters. 

LAPC, MPC and RPC were not distinctly separated with exception of the outliers LAPC02, LAPC03 and RPC01 

RPC: Resectable Pancreatic Adenocarcinoma; LAPC: Locally Advanced Pancreatic Adenocarcinoma; MPC: 

Metastatic Pancreatic Adenocarcinoma., HC: Healthy Controls. 

 

4.4.3 Impact of CD4/CD8 Ratio on Patient Survival 

Kaplan–Meier survival curves were created using the R library "survival." The Wald test was 

used to calculate the p-values between survival curves. Prognostic factors for overall survival 

(OS) were analysed using the Cox proportional hazard regression. Statistically, CD4/CD8 ratio 
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was negatively correlated with OS and about four PDAC patients with CD4/CD8 less than 1 

survived longer (HR = 3.572 p-value = 0.049) (Figure 4.8). There were no prognostic factors 

associated with a high CD4/CD8 ratio in this patient cohort, this might be due to the limited 

sample size. However, the role of CD4/CD8 ratio is controversial, several studies have shown 

that a high CD4/CD8 ratio had a worse prognosis in colorectal, breast and ovarian cancer 

(Diederichsen et al., 2003; García-Martínez et al., 2014; GIUNTOLI et al., 2009). No 

correlation was observed between other immune markers and survival time.  

 

 

 

Figure 4.8: Impact of CD4/CD8 on Patients’ survival.  Kaplan–Meier survival curves showing the effect on 

CD4/CD8 ratio at threshold=1. Statistically, PDAC patients CD4/CD8<1 survived longer. This implies that 

elevated levels of CD8+ T cells suggest a favourable prognosis. RPC: Resectable Pancreatic Adenocarcinoma; 

LAPC: Locally Advanced Pancreatic Adenocarcinoma; MPC: Metastatic Pancreatic Adenocarcinoma. 

 

4.4.4 Gene expression of immune markers  

Gene expression analysis showed no statistical difference observed when PDAC groups were 

compared with the control groups (Figure 4.9). The CP group had the highest fold change for 

both CD56 (2.68± 1.36) and CD57 (49.22± 63.47). For the PDAC groups, RPC had the highest 

foldchange for CD3(30.47± 75.01) and CD4 (11.75± 44.31). The LAPC group had the highest 

foldchange for CD8 (3.86± 7.35) and CD16 (51.69±108.9).   
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Figure 4.9: Graphical representation of the immune marker by gene expression. CD8, CD16, and CD56 genes 

were upregulated in LAPC. HC, RPC, and CP have the highest levels of CD4, CD3, and CD57 genes respectively. 

Although there was no statistical correlation or differences observed when comparing the PDAC groups with the 

control groups, Although not significant, we observed that patients with resectable PDAC had the highest 

foldchange for both CD4 (11.75 ± 44.31) and CD3 (30.47 ± 75.01) while patients with locally advanced PDAC 

had the highest fold change for CD8 (3.86 ± 7.35) and CD16 (51.69 ± 108.9) genes compared to metastatic PDAC 

patients.RPC: Resectable Pancreatic Adenocarcinoma; LAPC: Locally Advanced Pancreatic Adenocarcinoma; 

MPC: Metastatic Pancreatic Adenocarcinoma., HC: Healthy Controls 

 

4.4.5 Correlation of the ROS, Immunophenotyping and PCR Values 

A comparison of the immunophenotyping and PCR results showed that although there was no 

significant correlation, both methods showed strong similarities in the expression of CD8+ 

immune markers (Figure S2) in different patient groups (RPC, LAPC, MPC, and HC). 

Additionally, NK cells, CD56 and CD57 were most upregulated in CP for both assays.  The 

correlation of ROS and immune markers showed a strong positive correlation of CD8+ T-cells 

and ROS levels. CD4+ T-cells and CD4/CD8 ratio decreased with increased ROS levels (Table 

4.4).  
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Table 4.4: Correlation of ROS with immune cell markers (immunophenotyping) in 

Pancreatic Ductal Adenocarcinoma. 

 

Feature rho p-value FDR 

CD16+ Neutrophils 0.19 0.373 0.441 

Lymphocytes -0.22 0.281 0.406 

CD3+ 0.11 0.610 0.610 

NKTs -0.15 0.475 0.514 

CD57+ NKTs 0.39 0.056 0.128 

CD3+ CD56- 0.36 0.075 0.140 

CD4+ -0.54 0.006 0.028 

CD8+ 0.53 0.006 0.028 

CD56+CD16+ NKs 0.21 0.319 0.415 

CD57+ NKs 0.33 0.106 0.172 

MFI CD57+ NKTs -0.43 0.034 0.111 

MFI CD57+ NKs -0.38 0.591 0.128 

CD4:CD8 -0.58 0.003 0.028 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate NKT: Natural Killer T lymphocytes cells, NKs: 

Natural killer cells 
 

 

4.5 Discussion 

PDAC tumour cells exhibit immunosuppressive characteristics (Foucher et al., 2018). 

Infiltrating immune cells may influence PDAC progression in diverse ways. Hence, the 

immune status could be essential in predicting the outcome and management of the disease.  

ROS can either be detrimental or beneficial for immune cell function and response (Kotsafti et 

al., 2020). In this study, the role of ROS and immune cell marker phenotype and genotype in 

PDAC progression were evaluated.  

 

A low amount of ROS levels may be needed in PDAC progression 

In this study, there was an observed elevation of ROS levels as PDAC progressed from RPC 

to LAPC. A mild concentration of ROS promotes cancer progression, while malignant cells 

induce antioxidant programs such as activation and stabilization of nuclear factor erythroid-

derived 2 (Nrf2) to avoid programmed cell death. In response to elevated ROS levels, Kelch-

like ECH-associated protein1 (Keap1), which is bound to Nrf2 becomes inactivated (Durand 

and Storz, 2017). Nrf2 then translocates to the nucleus and activates genes that mediate 

antioxidant programs (Durand and Storz, 2017). Hence in PDAC cells, ROS need to be kept at 

a threshold level that promotes proliferation but prevents senescence and cell death, this could 
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suggest a decrease in ROS levels at the MPC stage. ROS promote apoptosis and cancer cell 

survival depending on its’ concentration and cancer cell type (Aggarwal et al., 2019). 

 

CD16+ neutrophils are upregulated with tumour severity  

CD16+ neutrophils (FcγRIIIb) were observed to be increased with the severity of the disease. 

Neutrophils can exert both pro and anti-tumoural functions which could depend on the type of 

tumour and microenvironment (Galdiero et al., 2018). Additionally, they exhibit functional 

plasticity depending on the expression of cell surface markers, cytokines and ROS (Yang et 

al., 2017). Although not statistically significant, ROS had a positive correlation with CD16+ 

immune marker. Studies have shown that ROS production is vital in several neutrophil effector 

functions (Mackey et al., 2019). Neutrophils contribute to the destruction of cancer cells 

particularly upon treatment with cancer therapeutic antibodies, however, the existence of 

immature neutrophils in circulation mediates immunosuppression and subsequent metastasis 

(Mackey et al., 2019). Neutrophil apoptosis is associated with reduced responsiveness and 

inhibition of receptors activating effector function (Hart et al., 2000) and loses its ability to 

secrete granule enzymes on deliberate external stimulation (Haslett et al., 1994). CD16+ 

neutrophils uniquely function as an inhibitor of antibody-dependent destruction of cancer cells, 

thereby identifying it as a potential target for enhancing the therapeutic efficacy of cancer 

therapeutic antibodies (Treffers et al., 2019). 

 

CD8+T-cells expression may inform PDAC prognosis 

In this study, CD8+ T-cells were most upregulated in LAPC while CD4+T-cells were 

downregulated with tumour severity. CD4+T cells alone were not statistically significant 

prognostic indicators except when combined with other immune markers similar to  CD8+ T 

cells as observed by Fukunaga and colleagues (Fukunaga et al., 2004). Additionally, no 

statistical alteration was recorded between CD4+T-cells and tumour severity for HIV-positive 

PDAC patients in this cohort. Pancreatic cancer cells escape immunity by secreting cytokines 

such as IL-10 and TGF-β and immunosuppression as a result of these cytokines affects the 

immune function by inhibiting the infiltration of CD4+ and CD8+ T cells in the cancer cells 

(Fukunaga et al., 2004). This study confirms that CD4/CD8 ratio < 1 in the serum of PDAC 

patients suggests a favourable prognosis. Studies have shown that the CD4+/CD8+ ratio 

correlates with the prognosis of pancreatic cancer (Liu et al., 2017; Yang et al., 2017). 
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ROS may impact immune response in Pancreatic Ductal Adenocarcinoma 

This study observed a significant negative and positive correlation between ROS and CD4+, 

and CD8+T immune cell markers, respectively. Elevated ROS levels inhibit T-cell function 

while low amounts stimulate T-cell activation or proliferation (Franchina et al., 2018; Sheng 

et al., 2010). Additionally, ROS is very vital in effector T-cell activation by promoting nuclear 

factor of activated T-cells (NFAT) dependent IL-2 expression in CD4+ and CD8+ T-cells (Sena 

et al., 2013). ROS have been shown to modulate CD4+ T cell at G0/G1 phase of the cell cycle 

as a result of AMPK phosphorylation and mTOR inhibition (Previte et al., 2017). Conversely, 

stimulation of CD8+ T-cells can induce ROS generation modulated by NADH-Oxidase 2 

(NOX2) to produce IFN-γ for anti-tumour immunity (Bai et al., 2015).  

 

Natural Killer cells may be linked to inflammation  

This study observed that CP has the largest frequency of NK and NKT cells. NK cell activation 

is accompanied by the secretion of inflammatory cytokines thereby driving inflammation 

which restricts adaptive immune responses (Zitti and Bryceson, 2018). Additionally, T2DM 

which is also linked to inflammation (Donath and Shoelson, 2011) was shown to have more 

prevalence in CP patients, therefore might contribute to increased NK and NKT cells.   CD57+ 

and CD56+ NKTs levels increased in CP patients when compared with HC. NK cells fail to 

survive or proliferate in a hypoxic microenvironment which contributes to the immune escape 

of NK cells in PDAC patients (Lim et al., 2019). NK cells excluded from PDAC tumours 

display downregulation of both CD16+ and CD57+ (Marcon et al., 2020). In the blood of PDAC 

patients, the downregulation of Natural killer Group 2D (NKG2D) reduces cytotoxicity, by 

lowering the levels of IFN-γ with elevated levels of IL-10, an immunoregulatory cytokine 

(Marcon et al., 2020). Decreased  NKG2D levels stimulate impaired killing of the tumour cells 

by NK and NKT cells (Lim et al., 2019).   

 

Elevated levels of NK cell markers, CD56+ and CD57+, correlate with favourable outcomes (S. 

Zhang et al., 2020). CD56+ drives the maturation of NK cells and is weak in cytotoxicity but 

strong in the production of anti-tumour cytokines such as IFN-γ and TNF-α (Zhang et al., 

2020), however, CD16+ CD56+ is a more matured and cytotoxic NK subset. CD57+ is regarded 

as a marker of terminal differentiation which is less proliferative but more cytotoxic to tumour 

cells and could acquire IFN-γ when crosslinked with CD16+ (Kared et al., 2018, 2016). 

 



89 

 4.6 Conclusion 

In this chapter, it was demonstrated that immune cells such as CD8+ T and NK cells, could be 

essential in predicting prognosis in the PDAC cohort. This study showed that increased 

CD4/CD8 ratio correlated with poor survival. Therefore immune cells could be useful when 

predicting prognosis in PDAC. Evaluating the role of these immune cells as well as their 

interaction with ROS might be significant in developing novel therapeutic strategies. The small 

number of recruited patients in each stage is a limitation. However, several of these preliminary 

results are informative and worth exploring as well as validating in future studies with a larger 

cohort. 
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CHAPTER V: CORRELATION OF THE CLINICAL DATA, METABOLITES, ROS, 

AND IMMUNE CELL MARKER LEVELS TO HYPOTHESIZE POSSIBLE 

RELATIONSHIPS 

 

5.1: Introduction 

Over the decade, advances in diagnostic and treatment strategies for PDAC have made relevant 

but limited incremental progress in patient outcomes (Chang et al., 2016). Importantly, 

approaches aimed at specific immune targets or cells have been met with limited success 

chiefly due to immunoregulatory pathways within the PDAC microenvironment (Ho et al., 

2020).  New strategies for screening high-risk to detect pancreatic tumours at earlier stages are 

urgently required to make a clinically significant impact. A combination of biochemical and 

pathological parameters improves the prediction of survival in pancreatic cancer (Hank et al., 

2022). Thus, the integration of both clinical and laboratory-based parameters may not only aid 

in identifying markers for the disease but further help to understand disease progression. In this 

chapter, correlation analyses of data already obtained in this study (including demographics, 

clinicopathological, metabolomics, lipoproteins, and immune markers) were conducted.  

 

5.2 Methods 

The patient data and results generated from the previous chapters were used to determine 

relationships and associations between the measured parameters. The methods used to obtain 

this data have been described in the Chapters 3 and 4. 

  

5.2.1 Statistics and Data Analysis 

Statistical analysis of the data was generated in R (version 3.6.1) and R studio (version 1.1.456) 

software using scripts developed in-house. Spearman’s rank test was used to calculate the 

correlation coefficient (rho) between variables. To account for multiple testing, a false 

discovery rate (FDR) of <10% was applied. The KODAMA algorithm (Cacciatore et al., 2017) 

was used to identify patterns that demonstrate correlation across all the datasets. 
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5.3 Results 

5.3.1 Correlation of clinical parameters with the Immune cell markers and ROS  

The liver function parameter Gamma Glutaryl Transferase (GGT) showed a positive 

correlation with immune cell marker CD4+ and CD4/CD8 ratio (Tables 5.1 and 5.2). 

Conversely, total bilirubin, conjugated bilirubin, aspartate transaminase, alkaline phosphatase 

and gamma glutaryl transferase were negatively correlated with elevated CD8+ T cells (Table 

5.3). Additionally, Aspartate Transaminase and Gamma Glutaryl Transferase were statistically 

positively correlated with CD57+ NKTs (Table 5.4). There was no statistically significant 

correlation observed for either routine haematological or chemistry parameters with the 

immune cell markers. Furthermore, there was no statistical significance observed between ROS 

and  clinical parameters as well as with maladies such as diabetes, cholangitis and HIV. 

 

 

Table 5.1: Correlation of CD4+ T cells with Liver Function Tests of PDAC groups. 

 

Feature rho p-value FDR 

Total Protein (g/L) 0.13 0.619 0.631 

Albumin (g/L) 0.11 0.631 0.631 

Total Bilirubin (µmol/L) 0.43 0.049 0.098 

Conjugated Bilirubin (µmol/L) 0.45 0.041 0.098 

Alanine transaminase (U/L) 0.35 0.116 0.155 

Aspartate transaminase (U/L) 0.41 0.066 0.105 

Alkaline phosphatase (U/L) 0.44 0.047 0.098 

Gamma glutamyl transferase (U/L)            0.62         0.003            0.024 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 

 

Table 5.2: Correlation of CD4/CD8 ratio with Liver Function Tests of PDAC groups. 

 

Feature rho p-value FDR 

Total Protein (g/L) 0.21 0.408 0.466 

Albumin (g/L) 0.11 0.635 0.635 

Total Bilirubin (µmol/L) 0.44 0.049 0.090 

Conjugated Bilirubin (µmol/L) 0.45 0.039 0.090 

Alanine transaminase (U/L) 0.36 0.105 0.140 

Aspartate transaminase (U/L) 0.42 0.056 0.090 

Alkaline phosphatase (U/L) 0.47 0.033 0.090 

Gamma glutamyl transferase (U/L) 0.64 0.002 0.019 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 
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Table 5.3: Correlation of Liver Function Tests with CD8+ T cells of Pancreatic Ductal 

Adenocarcinoma groups. 

 

Feature rho p-value FDR 

Total Protein (g/L) -0.16 0.531 0.607 

Albumin (g/L) -0.02 0.932 0.932 

Total Bilirubin (µmol/L) -0.51 0.019 0.039 

Conjugated Bilirubin (µmol/L) -0.52 0.015 0.039 

Alanine transaminase (U/L) -0.38 0.088 0.118 

Aspartate transaminase (U/L) -0.48 0.029 0.046 

Alkaline phosphatase (U/L) -0.51 0.018 0.039 

Gamma glutamyl transferase. (U/L) -0.64 0.002 0.014 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 
 

 

 

 

Table 5.4: Correlation of Liver Function Test and Immune cell marker CD57+ NKTs in 

Pancreatic Ductal Adenocarcinoma groups. 

 

Feature rho p-value FDR 

Total Protein (g/L) 0.04 0.883 0.883 

Albumin (g/L) -0.13 0.582 0.665 

Total Bilirubin (µmol/L) 0.43 0.054 0.086 

Conjugated Bilirubin (µmol/L) 0.43 0.049 0.086 

Alanine transaminase (U/L) 0.36 0.112 0.149 

Aspartate transaminase (U/L) 0.43 0.051 0.086 

Alkaline phosphatase (U/L) 0.57 0.007 0.028 

Gamma glutamyl transferase. (U/L) 0.57 0.006 0.028 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 
 

5.3.2 Correlation of Metabolites with immune cell markers 

Although not statistically significant, ascorbate showed a strong negative correlation with both 

CD57+ NKTs and CD3+ CD56- NK cells (Table S30 and Table S31). No statistical 

significance was observed for lactate, glycine and other metabolites with the immune cell 

markers (result not shown). 
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5.3.3 Correlation of lipoproteins with immune cell markers 

Most lipoproteins parameters such as HCL-C, HDL-p, LDL-C, LDL-p, IDL-C, VLDL-C 

among others (Table 5.5) and lipid extracts (Table S32) were observed to be significantly 

altered with immune cell marker CD57+ NKTs. Most HDL-C and particles were observed to 

show a negative correlation whereas LDL-C has the opposite. Furthermore, free cholesterols, 

phospholipids, triglycerides, linoleate among others were positively correlated with CD57+ 

NKTs. 

 

Table 5.5: Correlation of Lipoproteins and Immune cell marker CD57+ NKTs in PDAC 

 
Features rho p-value FDR 

VLDL cholesterol (nmol/L) 0.36 0.071 0.093 

IDL. cholesterol (nmol/L) 0.56 0.003 0.010 

LDL cholesterol (nmol/L) 0.31 0.129 0.152 

HDL cholesterol (nmol/L) -0.68 <0.001 0.001 

VLDL triglyceride (nmol/L) 0.34 0.094 0.116 

IDL triglyceride (nmol/L) 0.55 0.004 0.012 

LDL triglyceride (nmol/L) 0.52 0.007 0.018 

HDL triglyceride (nmol/L) 0.05 0.811 0.811 

VLDL particle (nmol/L) 0.38 0.056 0.082 

Large VLDL particle(nmol/L) 0.29 0.157 0.177 

Medium VLDL particle (nmol/L) 0.2 0.328 0.355 

Small VLDL particle(nmol/L) 0.38 0.057 0.082 

LDL particle (nmol/L) 0.42 0.032 0.060 

Large LDL particle (nmol/L) 0.41 0.039 0.068 

Medium LDL particle (nmol/L) 0.47 0.015 0.031 

Small LDL particle (nmol/L) 0.17 0.395 0.411 

HDL particle (mol/L) -0.72 <0.001 <0.001 

Large HDL particle (mol/L) -0.36 0.067 0.092 

Medium HDL particle (mol/L) -0.62 <0.001 0.002 

Small HDL particle (mol/L) -0.66 <0.001 0.001 

VLDL size (nm) -0.39 0.051 0.082 

LDL size (nm) 0.49 0.011 0.025 

HDL size (nm) 0.63 <0.001 0.002 

Non-HDL particle (nmol/L) 0.44 0.025 0.052 

Total particle / HDL particle (nmol/L) 0.67 <0.001 0.001 

LDL particle / HDL particle (nmol/L) 0.68 <0.001 0.001 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 
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5.4 Discussion  

PDAC remains cancer with a very poor prognosis and as the incidence is increasing, deaths 

from this cancer will continue to increase. PDAC is characterized by an aggressive nature. 

Through the statistical analysis, this study found some correlations between certain clinical and 

laboratory parameters analysed as described in previous chapters. These correlations may 

provide an avenue to explore several potential mechanistic pathways in PDAC progression.   

 

Immune cell markers may be linked to liver malfunction  

In this study, there was a negative correlation between CD8+ T cells and some of the liver 

function parameters while CD4+ T cells and CD4/CD8 ratio were directly linked to GGT. GGT 

is a marker for excessive alcohol and most of the patients in this study are heavy alcohol 

consumers. PDAC patients in this study have elevated bilirubin levels, reflecting an obstruction 

in the bile duct by the tumour. Immune balance and tolerance are essential in liver function 

activities (Kubes and Jenne, 2018). Obstructive jaundice suppresses T cell function via the 

production of insufficient bile within the biliary tract, thereby reducing the level of 

lymphocytes of the intestinal mucosa lamina propria including CD8+ T cells (Chang et al., 

2018) hence the inverse correlation with the total and conjugated bilirubin as well as GGT. 

Furthermore, GGT and ALP have been linked to cholestatic jaundice hence showing that a high 

proportion of CD8+ T cells in the serum could be associated with long-term survival (Naito et 

al., 1998; Schumacher et al., 2001). Although very little is known about the impact of CD4+ T-

cells on the liver function activities of PDAC patients, this study suggests that there might be 

a potential link. 

 

ALP and GGT, which are indicators of a blocked duct, were observed to have a positive 

correlation with CD57+ NKTs. Although not much is known about the role of CD57+ NKTs in 

PDAC, it may have pro-tumour effects. For example, decreased levels of ascorbate correlated 

with elevated CD57+ NKTs. Ascorbate has been shown to promote anti-tumour activities 

(Polireddy et al., 2017) hence suggesting that  CD57+ NKTs may have an opposite effect as it 

was shown to be elevated with tumour severity. 

 

Impact of immune cells on altered lipoproteins  

This study demonstrated that lipoproteins were significantly altered with CD57+ NKTs; LDL 

had a strong positive correlation with CD57+ NKTs while HDL had a negative one. PDAC 
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patients display reduced HDL levels to prevent cholesterol depletion for tumour growth (Bauer 

et al., 2021). Additionally, most cholesterol derivatives such as linoleate, 

glycerophospholipids, and sphingomyelin among others were shown to have a positive 

correlation with elevated CD57+ NKTs levels. High values of phospholipids and triglycerides 

have been associated with malignant pancreatic tissue growth (Notarstefano et al., 2020). 

Hypercholesterolemia is significantly linked to pancreatic cancer growth; LDL promotes 

proliferation, invasion, and metastasis via the activation of the STAT3 pathway which triggers 

inflammation (Jung et al., 2021). Hence, since the immune cell marker CD57+ NKTs correlates 

positively with LDL and hypercholesterolemia which are known to play diverse roles in  PDAC 

progression, it might further hint at its function as a pro-tumour immune marker.  

 

5.5 Conclusion 

This study confirmed that CD8+T-cells may play a favourable prognostic role in tumour 

progression due to their relationship to certain clinical parameters and inflammatory markers. 

Future studies would need to further verify the mechanistic importance of these cells in 

processes such as inflammation. Also, the observed abnormal lipoprotein profile might be 

linked with CD57+ NKTs, which could play a pro-tumour role in PDAC. However, validation 

of these results in a larger cohort is required in which studies such as those investigating the 

inhibition of CD57+NKTs, and stimulation of CD8+T-cells in PDAC are performed.  
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CHAPTER VI: OVERALL CONCLUSION AND PROSPECTS 

 

 

6.1 Introduction 

The incidence of PDAC continues to increase with very little improvement in the survival rate. 

This may be attributed to a combination of late diagnosis, its aggressive nature, and 

unresponsiveness to treatment. Studies have shown that black patients have the poorest 

prognosis. To our knowledge, this study is the first to evaluate clinical parameters, metabolites 

and lipoprotein levels, immune cell and inflammatory markers in a cohort of patients of African 

ancestry. These evaluated parameters have allowed for the identification of potential markers, 

a better understanding of the disease in this patient cohort, and plausible molecular mechanisms 

associated with the disease.  

 

6.2 Overall Conclusion and future work 

These preliminary findings and the geographical setting are unique for this type of study, which 

is generally lacking in the field. Despite the sample size challenges, we believe that these 

preliminary findings, although descriptive and exploratory, may provide relevant inputs for the 

design of a metabolomics pancreatic cancer project that can integrate the different pathways 

for better disease diagnosis, management, and treatment. Importantly, findings from this study 

highlight those alterations in serum metabolic profiles can result from the effects of cholestasis, 

alcohol intake, and inflammation. The integration of metabolomics, lipoproteins, and immune 

cell networks to better understand the biology of PDAC was also a highlight.  

 

The demographic and clinicopathological characteristics of the patients played a vital role in 

the identification of altered metabolites and lipoproteins in different groups of PDAC. 

Glycolytic metabolites lactate and glycine could be potential prognostic biomarkers for the 

early diagnosis of PDAC and may be vital in improving the survival rate. Ethanol and 3-

hydroxybutyrate may be important parameters to consider in pancreatic cancer management 

and treatment, especially in this cohort. Additionally, the declining levels of ascorbate as the 

tumour severity increases help to confirm its potential therapeutic potential. Therefore, it may 

be beneficial to combine its targeting with other metabolic pathways such as glycolysis.  
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Elevated bilirubin levels are associated with abnormal lipoprotein profiles in PDAC. This 

atypical lipoprotein correlates with increased total cholesterol levels and the detection of LpX. 

An extensive study on the quantification and role of LpX in PDAC could be pertinent in 

understanding the course of metastasis and identification of better management options. Also, 

targeting cholesterol inhibition and blockade from cancer cells could be crucial in developing 

anti-tumour effects. 

 

Inflammation plays an important role in PDAC growth and progression as shown by the 

elevated levels of ROS in the patient cohort. ROS levels were also linked to the expression of 

some immune markers such as CD8+ and CD4+ T-cells, suggesting its role in immune response.  

Therefore, ROS inhibition could be efficient in impeding pancreatic cancer cell proliferation 

and possibly in modulating immune response. Furthermore, this study showed that effector 

immune cells could be essential in predicting the outcome and management of PDAC. 

Decreased levels of CD8+ T-cells correlated with poor survival. Expansion and activation of 

CD8+ T-cells could reduce toxicity and improve the anti-tumour effect in PDAC. 

 

Finally, the correlation of clinical data, metabolites, lipoproteins, ROS, and immune cell 

marker levels hinted at potential links between these various parameters. For example, 

CD57+NKTs were observed to be correlated to abnormal lipoprotein profiles in PDAC patients. 

Future mechanistic studies demonstrating this link may prove useful in further elucidating 

mechanisms associated with PDAC progression and help identify novel targets. 

 

6.3 Study Limitations 

While some exciting findings were observed, which allowed for a better understanding of the 

biology of PDAC in the patient cohort, this was not without limitations. The major limitation 

in this study was the sample size which needs to be expanded on in future research. There were 

setbacks regarding patient recruitment and sample collection. In our setting, most patients 

present late when they are frail and unable to consent or tend to refuse consent. Also, most 

patients go undiagnosed and so do not present at all thus reducing the number of potential 

patients. Additionally, COVID-19 has had a devastating impact that the healthcare system 

became overstretched. Another challenge was the availability of clinical information often 

experienced in most hospitals in South Africa. Thus, this has significantly affected patient 

recruitment, sample collection, and processing. Due to this limitation, the role of other maladies 
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such as T2DM, HIV, and cholangitis could not be adequately assessed in this study. The 

availability of financial resources due to limited funding also played a pivotal role in patient 

recruitment and some analyses conducted such as immunophenotyping. However, sample 

collection is ongoing to validate these findings in an increased sample size. 
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SUPPLEMENTARY TABLES 

 

 

Table S1: List of the quantified signal and their relative assignment and multiplicity. 

 

 

Metabolite 

Assignment 

(multiplicity) matrix   Metabolite 

Assignment 

(multiplicity) matrix 

Formate 8.45 (s) serum  cholesterol-derivated 1 0.64 (s) lipid extracts 
Unknown signal at 8.12 ppm 8.12 (d) serum  cholesterol-derivated 2 0.65 (s) lipid extracts 

Unknown signal at 8.07 ppm 8.07 (d) serum  cholesterol-derivated 3 0.66 (s) lipid extracts 

Phenylalanine 7.42 (m) serum  cholesterol-derivated 4 0.66 (s) lipid extracts 
Tyrosine 7.19 (m) serum  cholesterol-derivated 5 0.67 (s) lipid extracts 

Unknown signal at 7.14 ppm 7.14 (m) serum  free cholesterol 0.68 (s) lipid extracts 

Histidine 7.05 (d) serum  esterified cholesterol 0.68 (s) lipid extracts 
Glucose 5.23 (d) serum  cholesterol-derivated 6 0.69 (s) lipid extracts 

Mannose 5.18 (d) serum  cholesterol-derivated 7 0.70 (s) lipid extracts 

Unknown signal at 5.15 ppm 5.15 (d) serum  cholesterol-derivated 8 0.70 (s) lipid extracts 
Unknown signal at 5.09 ppm 5.09 (d) serum  cholesterol-derivated 9 0.71 (s) lipid extracts 

Unknown signal at 5.01 ppm 5.01 (d) serum  saturated and omega-9 fatty acid  0.87 (t) lipid extracts 

Ascorbate 4.50 (d) serum  omega-7 fatty acid 0.87 (t) lipid extracts 
Threonine 4.24 (m) serum  omega-6 fatty acid 0.88 (t) lipid extracts 

Lactate 4.11 (q) serum  Unknown signal at 0.91 ppm 0.98 (d) lipid extracts 

Creatinine 4.05 (s) serum  omega-3 fatty acid 0.99 (t) lipid extracts 
Creatine 3.92 (s) serum  monounsaturated fatty acid 2.01 (q) lipid extracts 

Glycine 3.55 (s) serum  polyunsaturated fatty acid 1 (except linoleic) 2.80 (t) lipid extracts 

Methanol 3.35 (s) serum  polyunsaturated fatty acid 2 (except linoleic) 2.84 (d) lipid extracts 
Unknown signal at 2.55 ppm 2.55 (s) serum  linoleic acid 2.76 (t) lipid extracts 

Citrate 2.53 (d) serum  phosphatidylcholine 3.20 (s) lipid extracts 

Glutamine 2.45 (m) serum  sphingomyelin 3.19 (s) lipid extracts 
Pyruvate 2.36 (s) serum  triglyceride 5.26 (m) lipid extracts 

Glutamate 2.53 (m) serum  glycerophospholipid 4.45 (q) lipid extracts 

Acetoacetate 2.22 (s) serum     
Acetate 1.91 (s) serum     
Alanine 1.47 (d) serum     
Unknown signal at 1.45 ppm 1.45 (d) serum     
Unknown signal at 1.43 ppm 1.43 (d) serum     
3-Hydroxybutyrate 1.19 (d) serum     
Ethanol 1.17 (t) serum     
Unknown signal at 1.16 ppm 1.16 (d) serum     
Unknown signal at 1.14 ppm 1.14 (d) serum     
Unknown signal at 1.11 ppm 1.11 (d) serum     
Unknown signal at 1.06 ppm 1.06 (d) serum     
Valine 1.04 (d) serum     
Isoleucine 1.00 (d) serum     
Leucine 0.95 (dd) serum     
2-Hydroxybutyrate 0.89 (t) serum     
Protein NH 10.00-6.00 serum     
Unsaturated lipid -CH=CH- 5.50-5.10 serum     
Lipid alpha-CH2 2.25-2.15 serum     
Cholesterol 0.70-0.60 serum     
Lipid =CH-CH2-CH= 2.85-2.65 serum     
Glycerol phospholipid 4.08-4.03 serum     
Phospholipid 3.68-3.62 serum     
Lipid beta-CH2 1.65-1.40 serum     
Lipid CH2 1.40-1.10 serum     
Lipid CH3 1.10-1.08 serum     
GlycB 2.07 (m) serum     
GlycA 2.03 (m) serum         

 

 

 

 

Table S2: Correlation of concentration of lipid extracts with the stages of Pancreatic Ductal 

Adenocarcinoma. 
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Features rho p-value FDR 

cholesterol-derivated 1 0.32 0.047 0.154 

cholesterol-derivated 2 0.37 0.018 0.089 
cholesterol-derivated 3 0.24 0.133 0.195 

cholesterol-derivated 4 0.37 0.019 0.089 

cholesterol-derivated 5 -0.29 0.065 0.154 
free cholesterol 0.28 0.084 0.159 

esterified cholesterol 0.09 0.587 0.587 

cholesterol-derivated 6 0.38 0.016 0.089 
cholesterol-derivated 7 -0.16 0.313 0.327 

cholesterol-derivated 8 0.38 0.014 0.089 

cholesterol-derivated 9 -0.33 0.037 0.148 
saturated and omega-9 fatty acid  0.3 0.062 0.154 

omega-7 fatty acid 0.37 0.017 0.089 

omega-6 fatty acid 0.24 0.138 0.195 
Unknown signal at 0.91 ppm -0.29 0.071 0.154 

omega-3 fatty acid 0.27 0.086 0.159 

monounsaturated fatty acid 0.26 0.110 0.180 

polyunsaturated fatty acid 1 (except linoleate) 0.18 0.269 0.293 

polyunsaturated fatty acid 2 (except linoleate) 0.23 0.149 0.199 

Linoleate 0.21 0.194 0.233 
Phosphatidylcholine 0.2 0.206 0.235 

Sphingomyelin 0.3 0.065 0.154 

Triglyceride 0.21 0.189 0.233 
Glycerophospholipid 0.25 0.112 0.180 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 

 

 

 

 

Table S3: Selected metabolites ratios and their catalysing enzymes 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table S4: Correlation of metabolites ratios with the stages of Pancreatic Ductal 

Adenocarcinoma 

 

Ratio Catalysing enzymes 

Glucose/Lactate Phosphofructokinase 

Pyruvate/Lactate Lactate dehydrogenase 

Threonine/Glycine 

Threonine dehydrogenase 

2-amino-3-ketobutyrate 
coenzyme A ligase 

Glutamine/Glutamate Glutamine synthetase 

3-hydroxybutyrate/acetoacetate 
3-hydroxybutyrate 

dehydrogenase 

Glutamate/Alanine Alanine aminotransferase 
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Feature rho p-value FDR 

Glucose/Lactate -0.19 0.212 0.424 
Pyruvate/Lactate -0.14 0.360 0.599 

Threonine/Glycine -0.09 0.540 0.674 

Glutamine/Glutamate -0.26 0.089 0.222 
3-Hydroxybutyrate/Acetoacetate -0.05 0.767 0.767 

Glutamate/Alanine 0.27 0.073 0.222 
Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 

 

 

Table S5: Analysis using Wald Test to evaluate the association of Lipid Extracts levels with 

survival time in Pancreatic Ductal Adenocarcinoma patients. 

Feature p-value FDR 

cholesterol-derivated 1 0.646 0.948 

cholesterol-derivated 2 0.664 0.948 

cholesterol-derivated 3 0.745 0.948 

cholesterol-derivated 4 0.783 0.948 

cholesterol-derivated 5 0.854 0.948 
free cholesterol 0.722 0.948 

esterified cholesterol 0.425 0.948 

cholesterol-derivated 6 0.245 0.948 
cholesterol-derivated 7 0.583 0.948 

cholesterol-derivated 8 0.785 0.948 

cholesterol-derivated 9 0.575 0.948 
saturated and omega-9 fatty acid  0.710 0.948 

omega-7 fatty acid 0.995 0.995 

omega-6 fatty acid 0.486 0.948 
Unknown signal at  0.508 0.948 

omega-3 fatty acid 0.699 0.948 

monounsaturated fatty acid 0.882 0.948 
polyunsaturated fatty acid 1 (except linoleic) 0.588 0.948 

polyunsaturated fatty acid 2 (except linoleic) 0.619 0.948 

linoleic acid 0.908 0.948 
phosphatidylcholine 0.697 0.948 

sphingomyelin 0.603 0.948 
triglyceride 0.682 0.948 

glycerophospholipid 0.817 0.948 
FDR: false discovery rate 

 

 

 

 

Table S6: Analysis using Wald Test to evaluate the association of Metabolite Ratio levels 

with survival time in Pancreatic Ductal Adenocarcinoma patients. 

Features p-value FDR 

Glucose/Lactate 0.741 0.873 
Pyruvate/Lactate 0.873 0.873 

Threonine/Glycine 0.721 0.873 

Glutamine/Glutamate 0.473 0.788 
3-Hydroxybutyrate/Acetoacetate 0.241 0.783 

Glutamate/Alanine 0.313 0.783 
FDR: false discovery rate 

 

 

 

 

 

 

Table S7: Analysis using Wald Test to evaluate the association of Lipoprotein levels with 

survival time in Pancreatic Ductal Adenocarcinoma patients. 

Features p-value FDR 

VLDL cholesterol (nmol/L) 0.705 0.971 
IDL. cholesterol (nmol/L) 0.699 0.971 
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LDL cholesterol (nmol/L) 0.174 0.971 

HDL cholesterol (nmol/L) 0.666 0.971 

VLDL triglyceride (nmol/L) 0.824 0.971 

IDL triglyceride (nmol/L) 0.718 0.971 
LDL triglyceride (nmol/L) 0.623 0.971 

HDL triglyceride (nmol/L) 0.467 0.971 

VLDL particle (nmol/L) 0.996 0.996 
Large VLDL particle(nmol/L) 0.771 0.971 

Medium VLDL particle (nmol/L) 0.581 0.971 

Small VLDL particle(nmol/L) 0.935 0.973 
LDL particle (nmol/L) 0.250 0.971 

Large LDL particle (nmol/L) 0.324 0.971 

Medium LDL particle (nmol/L) 0.379 0.971 
Small LDL particle (nmol/L) 0.136 0.971 

HDL particle (mol/L) 0.815 0.971 

Large HDL particle (mol/L) 0.738 0.971 
Medium HDL particle (mol/L) 0.884 0.971 

Small HDL particle (mol/L) 0.627 0.971 

VLDL size (nm) 0.776 0.971 
LDL size (nm) 0.871 0.971 

HDL size (nm) 0.404 0.971 

Non-HDL particle (nmol/L) 0.271 0.971 
Total particle / HDL particle (nmol/L) 0.866 0.971 

LDL particle / HDL particle (nmol/L) 0.896 0.971 
FDR: false discovery rate 

 

 

Table S8: Comparison of the Full Blood Count of N versus AB Clusters 

 
Features N, median [IQR] AB, median [IQR] log change p-value FDR 

Haematocrit 0.354 [0.312 0.392] 0.28 [0.261 0.306] -0.32 0.003 0.015 

White cell count (/L^9) 7.315 [5.772 10.12] 10.8 [8.27 15.04] 0.73 0.011 0.040 

Haemaglobin (g/DL) 11.2 [10.2 12.95] 9.15 [8.725 9.85] -0.29 0.002 0.015 
Platelet count (/L^9) 352.5 [250.75 450.5] 410 [351.5 460.75] 0.25 0.137 0.250 

Prothrombin time (Sec) 13.3 [12.4 14.8] 14.2 [12.8 14.475] 0.05 0.719 0.798 

INR 1.08 [0.99 1.19] 1.115 [1.032 1.168] 0.06 0.639 0.798 
MCV (fL) 92.3 [87.8 96.5] 89.35 [87.625 95.65] 0 0.826 0.826 

MCH (pg) 30.2 [28.1 31.4] 29.8 [28.825 32.1] 0.03 0.725 0.798 

MCHC (g/dl) 32.7 [31.3 33.4] 33.5 [32.2 34.15] 0.03 0.131 0.250 
MPV (fL) 10.5 [9.475 10.8] 10.75 [9.825 11.2] 0.05 0.172 0.271 

Red cell count (/L^12) 3.77 [3.42 4.54] 2.985 [2.75 3.473] -0.12 0.020 0.055 
IQR: Interquartile range; FDR: false discovery rate 

 

Table S9: Comparison of the Blood chemistry of N versus AB components. 

 
 

Feature N, median [IQR] AB, median [IQR] log change p-value FDR 

Sodium (mmol/L) 138 [135 140] 136.5 [130.5 138.5] -0.04 0.063 0.260 
Potassium (mmol/L) 3.8 [3.4 4.5] 3.65 [3.35 3.875] -0.08 0.403 0.448 

Chloride (mmol/L) 97 [93 99] 93 [91.25 96] -0.04 0.078 0.260 

Bicarbonate (mmol/L) 21 [19 24] 18.5 [17 24] -0.14 0.186 0.321 
Anion gap (mmol/L) 23 [20 27] 27.5 [21.25 30.75] 0.07 0.395 0.448 

Calcium(mmol/L) 2.2 [2.13 2.32] 2.14 [1.997 2.223] -0.14 0.107 0.267 

Magnesium (mmol/L) 0.84 [0.79 0.92] 0.72 [0.673 0.753] -0.29 0.019 0.190 
Inorganic Phosphate (mmol/L) 1.13 [1.03 1.26] 1.02 [0.938 1.198] -0.16 0.192 0.321 

Urea (mmol/L) 4.3 [2.9 5.6] 3.25 [2 8.175] 0.17 0.747 0.747 

Creatinine (µmol/L) 75 [63 97] 62.5 [52.75 88.75] -0.22 0.266 0.380 
IQR: Interquartile range; FDR: false discovery rate 

 

 

 

Table S10: Comparison of the Liver function tests of N versus AB components. 

 
Feature N, median [IQR] AB, median [IQR] log change p-val FDR 

Total Protein (g/L) 68 [59 76] 58 [53 64] -0.23 0.018 0.029 

Albumin (g/L) 36 [28 40] 27.5 [26.25 29.75] -0.34 0.002 0.012 
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Total Bilirubin (µmol/L) 43 [8 100] 174.5 [143.25 266] 1.32 0.003 0.012 

Conjugated Bilirubin (µmol/L) 31 [3 97] 146 [126.75 241.5] 1.34 0.006 0.016 

Alanine transaminase (U/L) 28 [18 71] 81.5 [23.25 113.25] 0.2 0.371 0.425 

Aspartate transaminase (U/L) 42 [24 92] 115.5 [83 148.5] 0.82 0.009 0.018 
Alkaline phosphatase (U/L) 288 [103 683] 696 [330.25 1378.25] 0.62 0.044 0.059 

Gamma glutamyl transferase (U/L) 307 [77 1021] 394 [208 926.25] -0.04 0.650 0.650 
IQR: Interquartile range; FDR: false discovery rate 

 

 

Table S11: Comparison of the metabolite concentration of N versus AB clusters. 

 
Features N (mM), median [IQR] AB (mM), median [IQR] log change p-value FDR 

Formate 0.016 [0.011 0.019] 0.019 [0.016 0.022] 0.24 0.067 0.225 
Unknown signal at 8.12 ppm 0 [0 0.007] 0 [0 0.023] 1.18 0.304 0.550 

Unknown signal at 8.07 ppm 0 [0 0.005] 0 [0 0.01] 1 0.193 0.411 

Phenylalanine 0.104 [0.069 0.128] 0.113 [0.102 0.143] 0.14 0.080 0.225 
Tyrosine 0.046 [0.036 0.052] 0.04 [0.035 0.054] -0.44 0.585 0.787 

Unknown signal at 7.14 ppm 0.026 [0 0.079] 0.034 [0 0.052] -0.78 0.820 0.889 

Histidine 0.064 [0.055 0.082] 0.074 [0.064 0.078] -0.01 0.313 0.550 
Glucose 3.532 [3.029 4.205] 3.549 [2.546 4.962] 0.13 0.952 0.980 

Mannose 0.037 [0.028 0.051] 0.078 [0.037 0.115] 1.06 0.005 0.029 

Unknown signal at 5.15 ppm 0 [0 0] 0 [0 0] 0.23 0.607 0.787 
Unknown signal at 5.09 ppm 0 [0 0.043] 0 [0 0.032] -0.67 0.696 0.845 

Unknown signal at 5.01 ppm 0 [0 0] 0 [0 0] 0.99 0.151 0.340 

Ascorbate 0.01 [0 0.019] 0 [0 0.014] -0.6 0.397 0.621 
Threonine 0.079 [0.06 0.091] 0 [0 0.043] -1.47 0.002 0.013 

Lactate 2.253 [2.013 3.114] 2.927 [2.62 3.179] -0.01 0.153 0.340 

Creatinine 0.057 [0.044 0.073] 0.053 [0.031 0.076] -0.11 0.520 0.781 
Creatine 0.012 [0.006 0.035] 0.002 [0 0.028] -0.56 0.089 0.227 

Glycine 0.318 [0.242 0.354] 0.311 [0.273 0.353] -0.12 0.952 0.980 

Methanol 0.027 [0.018 0.036] 0.021 [0.013 0.023] -0.55 0.054 0.219 
Unknown signal at 2.55 ppm 0 [0 0.013] 0 [0 0.013] -3.27 0.589 0.787 

Citrate 0.081 [0 0.103] 0.09 [0 0.123] -0.11 0.100 0.100 

Glutamine 0.4 [0.294 0.424] 0.268 [0.197 0.294] -0.57 <0.001 0.007 
Pyruvate 0.058 [0.048 0.072] 0.061 [0.047 0.091] 0.08 0.762 0.883 

Glutamate 0.19 [0.129 0.272] 0.202 [0.155 0.285] 0.09 0.402 0.621 

Acetoacetate 0.019 [0.016 0.041] 0.025 [0.017 0.089] 0.09 0.301 0.550 

Acetate 0.024 [0.02 0.033] 0.032 [0.026 0.039] 0.09 0.120 0.292 

Alanine 0.395 [0.293 0.481] 0.341 [0.273 0.35] -0.56 0.051 0.219 

Unknown signal at 1.45 ppm 0.031 [0.024 0.039] 0.02 [0 0.049] -0.18 0961 0.980 
Unknown signal at 1.43 ppm 0 [0 0] 0 [0 0.405] 1.85 0.005 0.029 

3-Hydroxybutyrate 0.046 [0.028 0.1] 0.05 [0.037 0.451] 0.73 0.580 0.787 

Ethanol 0.022 [0 0.083] 0 [0 0.084] -0.81 0.389 0.621 
Unknown signal at 1.16 ppm 0.112 [0 0.297] 0.168 [0.026 0.337] 0.08 0.610 0.787 

Unknown signal at 1.14 ppm 0.019 [0 0.043] 0.016 [0 0.029] -0.81 0.729 0.865 

Unknown signal at 1.11 ppm 0.053 [0.044 0.061] 0.061 [0.041 0.073] 0.01 0.633 0.787 
Unknown signal at 1.06 ppm 0.029 [0.021 0.038] 0.044 [0.026 0.067] 0.24 0.057 0.219 

Valine 0.163 [0.127 0.183] 0.139 [0.105 0.161] -0.35 0.084 0.225 

Isoleucine 0.041 [0.033 0.053] 0.046 [0.042 0.054] 0.06 0.391 0.621 
Leucine 0.068 [0.055 0.075] 0.05 [0.042 0.067] -0.59 0.021 0.108 

2-Hydroxybutyrate 0 [0 0.021] 0.009 [0 0.048] 1.07 0.312 0.550 

Protein NH 144.358 [121.287 154.93] 105.798 [104.188 112.176] -0.36 <0.001 <0.001 
Unsaturated lipid -CH=CH- 11.141 [8.332 14.097] 14.379 [9.344 19.988] 0.36 0.080 0.225 

Lipid alpha-CH2 1.863 [1.252 2.379] 6.257 [4.119 8.056] 1.7 <0.001 <0.001 

Cholesterol 0.825 [0.644 1.064] 0.516 [0.27 0.934] -0.37 0.060 0.219 
Lipid =CH-CH2-CH= 4.954 [3.999 6.138] 5.02 [3.569 7.556] 0.17 0.818 0.889 

Glycerol phospholipid 0.487 [0.243 0.77] 1.663 [1.412 2.797] 1.94 <0.001 <0.001 

Phospholipid 3.699 [3.478 4.142] 3.128 [2.95 3.39] -0.24 <0.001 0.005 
Lipid beta-CH2 7.403 [5.083 8.55] 10.095 [6.281 12.356] 0.35 0.084 0.225 

Lipid CH2 62.251 [55.441 75.596] 111.18 [73.472 140.862] 0.71 <0.001 0.001 

Lipid CH3 26.385 [21.436 29.909] 27.943 [23.387 34.927] 0.14 0.279 0.550 
GlycB 0.406 [0.322 0.471] 0.407 [0.366 0.436] -0.04 0.799 0.889 

GlycA 1.996 [1.535 2.186] 1.833 [1.701 2.005] -0.03 0.619 0.787 
IQR: Interquartile range; FDR: false discovery rate 

Table S12: Comparison of the lipid extracts concentration of N versus AB clusters. 

Feature N, median [IQR] AB, median [IQR] log change p-value FDR 

cholesterol-derivated 1 0.661 [0.571 0.791] 1.46 [1.158 1.675] 0.88 <0.001 <0.001 

cholesterol-derivated 2 0.613 [0.537 0.75] 1.484 [1.15 1.745] 0.97 <0.001 <0.001 

cholesterol-derivated 3 0.805 [0.694 0.893] 1.273 [1.118 1.327] 0.48 <0.001 <0.001 

cholesterol-derivated 4 0.639 [0.569 0.778] 1.424 [1.185 1.641] 0.85 <0.001 <0.001 

cholesterol-derivated 5 1.299 [0.909 1.667] 0.271 [0.241 0.385] -2.14 <0.001 <0.001 
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free cholesterol 0.193 [0.055 0.271] 2.095 [0.96 3.516] 2.52 <0.001 <0.001 

esterified cholesterol 0.93 [0.572 1.271] 1.073 [0.343 1.437] -0.03 0.977 0.977 

cholesterol-derivated 6 0.608 [0.526 0.828] 1.54 [0.835 2.05] 0.99 0.002 0.002 

cholesterol-derivated 7 1.069 [0.907 1.394] 0.713 [0.604 0.784] -0.67 <0.001 <0.001 

cholesterol-derivated 8 0.607 [0.547 0.822] 1.468 [1.162 1.69] 0.9 <0.001 <0.001 

cholesterol-derivated 9 1.127 [0.747 1.75] 0.333 [0.31 0.401] -1.87 <0.001 <0.001 

saturated and omega-9 fatty acid  0.667 [0.538 0.833] 1.443 [1.223 1.999] 1.07 <0.001 <0.001 

omega-7 fatty acid 0.909 [0.78 1.043] 1.126 [0.982 1.221] 0.36 0.002 0.002 

omega-6 fatty acid 0.583 [0.367 1.078] 1.448 [1.256 1.851] 1.07 <0.001 <0.001 

Unknown signal at 0.91 ppm 0 [0 0] 0 [0 0] - 0.230 0.240 

omega-3 fatty acid 0.626 [0.397 0.798] 1.748 [1.159 1.915] 1.14 <0.001 <0.001 

monounsaturated fatty acid 0.38 [0.193 0.656] 1.898 [1.386 2.441] 2.06 <0.001 <0.001 

Polyunsaturated fatty acid 1 0.552 [0.342 0.832] 1.63 [1.211 2.031] 1.46 <0.001 <0.001 

Polyunsaturated fatty acid 2  0.536 [0.334 0.812] 1.736 [1.327 2.057] 1.47 <0.001 <0.001 

linoleic acid 0.476 [0.228 0.756] 1.582 [1.234 2.454] 1.53 <0.001 <0.001 

phosphatidylcholine 0.533 [0.419 0.669] 1.624 [1.108 2.288] 1.52 <0.001 <0.001 

sphingomyelin 0.594 [0.499 0.833] 1.205 [0.928 1.719] 0.97 <0.001 <0.001 

triglyceride 0.59 [0.474 0.838] 1.643 [1.413 2.011] 1.41 <0.001 <0.001 

glycerophospholipid 0.494 [0.393 0.614] 1.704 [1.26 2.384] 1.65 <0.001 <0.001 
IQR: Interquartile range; FDR: false discovery rate 

 

 

 

 

 

Table S13: Comparison of the metabolite concentration ratios of N versus AB clusters. 

 

Feature N, median [IQR] AB, median [IQR] log change p-value FDR 

Glucose/Pyruvate 1.483 [1.254 1.769] 1.201 [0.975 1.774] 0.10 0.459 0.689 

Pyruvate/Lactate 0.023 [0.019 0.031] 0.027 [0.017 0.029] -0.05 0.799 0.912 

Threonine/Glycine 0.248 [0.207 0.31] 0 [0 0.152] -1.51 0.004 0.019 
Glutamine/Glutamate 1.966 [1.23 3.538] 1.378 [0.704 2.113] -0.80 0.029 0.048 

3-Hydroxybutyrate/Acetoacetate 2.566 [1.258 3.729] 2.415 [0.865 4.247] 0.11 0.912 0.912 

Glutamate/Alanine 0.52 [0.358 0.606] 0.634 [0.516 0.976] 0.59 0.013 0.031 
IQR: Interquartile range; FDR: false discovery rate 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table S14: Comparison of the metabolite concentration ratios of N versus AB clusters 

Feature N, median [IQR] AB, median [IQR] log change p-value FDR 

VLDL cholesterol (nmol/L) 17.81 [11.205 24.26] 24.08 [16.92 34.872] 0.58 0.025 0.030 

IDL. cholesterol (nmol/L) 17.31 [10.345 21.475] 73.96 [52.33 82.738] 1.91 <0.001 <0.001 

LDL cholesterol (nmol/L) 108.36 [87.245 130.24] 146.94 [119.998 165.042] 0.38 0.008 0.010 
HDL cholesterol (nmol/L) 36.31 [28.005 50.43] 1 [1 1] -4.99 <0.001 <0.001 

VLDL triglyceride (nmol/L) 73.84 [47.195 92.89] 108.86 [82.815 141.52] 0.77 <0.001 0.001 

IDL triglyceride (nmol/L) 15.4 [11.215 18.165] 50.75 [35.712 57.97] 1.55 <0.001 <0.001 
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LDL triglyceride (nmol/L) 18.96 [11.86 30.375] 72.13 [48.785 85.205] 1.59 <0.001 <0.001 

HDL triglyceride (nmol/L) 17.76 [15.12 22.85] 24.345 [13.485 30.7] 0.25 0.459 0.459 

VLDL particle (nmol/L) 50.87 [33.49 65.585] 79.76 [56.802 104.332] 0.75 <0.001 0.001 

Large VLDL particle(nmol/L) 1.38 [0.875 1.61] 1.445 [1.375 1.7] 0.39 0.095 0.103 
Medium VLDL particle (nmol/L) 5.53 [4.03 7.4] 5.465 [5.07 7.022] 0.31 0.440 0.458 

Small VLDL particle(nmol/L) 43.15 [29.4 56.13] 74.645 [50.73 96.23] 0.8 <0.001 <0.001 

LDL particle (nmol/L) 1113.73 [848.825 1331.92] 1745.03 [1458.052 2184.075] 0.66 <0.001 <0.001 
Large LDL particle (nmol/L) 180.92 [131.475 215.42] 268.655 [194.603 301.295] 0.45 0.002 <0.001 

Medium LDL particle (nmol/L) 349.05 [194.215 521.08] 868.56 [666.858 1136.122] 1.12 <0.001 <0.001 

Small LDL particle (nmol/L) 577.17 [480.125 661.975] 634.715 [559.785 805.162] 0.29 0.084 0.095 
HDL particle (mol/L) 18.54 [14.905 25.96] 4.855 [2.812 5.335] -2.13 <0.001 <0.001 

Large HDL particle (mol/L) 0.28 [0.245 0.305] 0.175 [0.105 0.223] -0.78 <0.001 <0.001 

Medium HDL particle (mol/L) 10.55 [9.295 11.395] 5.735 [3.708 6.16] -1 <0.001 <0.001 
Small HDL particle (mol/L) 8.87 [3.175 15.98] 0 [0 0] -5.7 <0.001 <0.001 

VLDL size (nm) 42.2 [42.175 42.22] 42.16 [42.13 42.18] 0 0.001 0.002 

LDL size (nm) 21.27 [21.135 21.46] 21.595 [21.505 21.655] 0.02 <0.001 <0.001 
HDL size (nm) 8.5 [8.34 8.9] 9.55 [9.47 9.645] 0.15 <0.001 <0.001 

Non-HDL particle (nmol/L) 1130.02 [847.865 1358.64] 1838.72 [1510.072 2274.648] 0.68 <0.001 <0.001 

Total particle / HDL particle (nmol/L) 48.14 [35.675 98.015] 437.875 [354.01 539.432] 2.64 <0.001 <0.001 
LDL particle / HDL particle (nmol/L) 43.99 [34.045 95.405] 414.975 [333.365 517.24] 2.63 <0.001 <0.001 

IQR: Interquartile range; FDR: false discovery rate 
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Table S15: Correlation of metabolites with GlycA, GlycB, CRP, and Albumin intensity value. 

 

 GlycA  GlycB  CRP  Albumin 

Feature rho p-value FDR  rho p-value FDR  rho p-value FDR  rho p-value FDR 

Formate 0.2 0.186 0.389  0.27 0.072 0.334  0.08 0.656 0.910  -0.27 0.101 0.477 

Unknown signal at 8.12 ppm -0.27 0.068 0.233  -0.23 0.122 0.367  -0.08 0.636 0.910  -0.14 0.387 0.658 

Unknown signal at 8.07 ppm -0.26 0.079 0.233  -0.16 0.304 0.583  0.03 0.847 0.910  -0.19 0.237 0.526 

Phenylalanine 0.2 0.190 0.389  0.29 0.055 0.280  0.29 0.079 0.808  -0.21 0.197 0.523 

Tyrosine -0.33 0.027 0.175  -0.26 0.079 0.335  0.06 0.727 0.910  0.06 0.702 0.904 

Unknown signal at 7.14 ppm 0.34 0.021 0.157  0.26 0.090 0.346  0.08 0.622 0.910  -0.26 0.115 0.477 

Histidine -0.56 <0.001 0.001  -0.49 <0.001 0.008  -0.16 0.358 0.829  0.07 0.662 0.904 

Glucose 0.27 0.727 0.233  0.36 0.015 0.095  -0.22 0.184 0.829  0.05 0.740 0.904 

Mannose 0.34 0.021 0.157  0.36 0.115 0.095  0.04 0.832 0.910  -0.21 0.192 0.523 

Unknown signal at 5.15 ppm -0.25 0.096 0.233  -0.14 0.358 0.593  -0.06 0.738 0.910  -0.18 0.269 0.553 

Unknown signal at 5.09 ppm 0.26 0.086 0.233  0.18 0.233 0.583  -0.01 0.950 0.969  -0.29 0.076 0.477 

Unknown signal at 5.01 ppm -0.28 0.061 0.233  -0.16 0.286 0.583  0.07 0.692 0.910  -0.24 0.140 0.477 

Ascorbate -0.25 0.095 0.233  -0.25 0.099 0.346  -0.05 0.749 0.910  -0.04 0.806 0.909 

Threonine 0.04 0.807 0.895  0.02 0.878 0.904  -0.16 0.344 0.829  0.3 0.064 0.477 

Lactate 0.32 0.031 0.176  0.38 0.009 0.082  0.4 0.014 0.559  -0.2 0.218 0.523 

Creatinine -0.1 0.506 0.842  -0.06 0.693 0.803  -0.06 0.711 0.910  -0.04 0.820 0.909 

Creatine -0.06 0.675 0.842  -0.03 0.862 0.904  0.2 0.228 0.829  0 0.993 0.993 

Glycine 0.07 0.643 0.842  0.13 0.397 0.610  0.16 0.356 0.829  -0.22 0.180 0.523 

Methanol -0.03 0.848 0.920  -0.18 0.237 0.583  0.04 0.830 0.910  0.35 0.028 0.283 

Unknown signal at 2.55 ppm 0.08 0.619 0.842  -0.05 0.768 0.851  -0.16 0.341 0.829  0.22 0.169 0.523 

Citrate -0.18 0.237 0.465  -0.06 0.710 0.805  -0.08 0.642 0.910  -0.09 0.599 0.872 

Glutamine -0.06 0.694 0.842  -0.16 0.300 0.583  -0.25 0.137 0.829  0.05 0.773 0.909 

Pyruvate 0.15 0.340 0.598  0.24 0.109 0.346  0.19 0.270 0.829  -0.24 0.135 0.477 

Glutamate 0.02 0.879 0.934  0.07 0.645 0.783  0.09 0.595 0.910  -0.06 0.733 0.904 

Acetoacetate -0.3 0.049 0.233  -0.16 0.283 0.583  -0.03 0.857 0.910  -0.12 0.455 0.737 

Acetate -0.17 0.277 0.523  -0.08 0.596 0.760  -0.03 0.857 0.910  -0.16 0.318 0.588 

Alanine -0.1 0.531 0.842  -0.12 0.413 0.610  -0.07 0.695 0.910  0.25 0.124 0.477 

Unknown signal at 1.45 ppm 0.6 <0.001 <0.001  0.65 <0.001 <0.001  0.36 0.028 0.559  -0.07 0.657 0.904 

Unknown signal at 1.43 ppm -0.29 0.055 0.233  -0.24 0.108 0.346  0.04 0.814 0.910  -0.28 0.087 0.477 

3-Hydroxybutyrate -0.06 0.677 0.842  0 0.977 0.977  0.12 0.475 0.910  -0.06 0.708 0.904 

Ethanol -0.05 0.726 0.842  -0.06 0.673 0.798  0 0.998 0.998  -0.11 0.493 0.761 

Unknown signal at 1.16 ppm 0.06 0.713 0.842  0.12 0.430 0.610  -0.16 0.347 0.829  -0.16 0.320 0.588 

Unknown signal at 1.14 ppm 0.22 0.149 0.330  0.15 0.338 0.593  0.17 0.321 0.829  0.12 0.462 0.737 

Unknown signal at 1.11 ppm 0 0.999 0.999  0.11 0.490 0.657  -0.07 0.697 0.910  0 0.993 0.993 

Unknown signal at 1.06 ppm -0.26 0.090 0.233  -0.17 0.257 0.583  0.12 0.480 0.910  -0.16 0.323 0.588 

Valine -0.08 0.611 0.842  -0.12 0.443 0.611  -0.07 0.682 0.910  0.2 0.226 0.523 

Isoleucine 0.25 0.103 0.238  0.15 0.325 0.591  -0.02 0.920 0.957  -0.11 0.510 0.766 

Leucine 0.09 0.536 0.842  0.09 0.572 0.748  0.09 0.585 0.910  0.26 0.116 0.477 

2-Hydroxybutyrate -0.28 0.065 0.233  -0.14 0.361 0.593  0.12 0.465 0.910  -0.03 0.880 0.954 

Protein NH 0.08 0.610 0.842  -0.03 0.831 0.902  -0.17 0.317 0.829  0.7 <0.001 <0.001 

Unsaturated lipid -CH=CH- -0.09 0.567 0.842  -0.16 0.286 0.583  0.23 0.174 0.829  0.04 0.786 0.909 

Lipid alpha-CH2 -0.09 0.567 0.842  -0.13 0.397 0.610  0.33 0.043 0.559  -0.43 0.006 0.157 

Cholesterol 0.01 0.926 0.964  -0.02 0.886 0.904  -0.04 0.825 0.910  0.27 0.099 0.477 

Lipid =CH-CH2-CH= 0 0.986 0.999  -0.08 0.621 0.773  0.2 0.230 0.829  0.18 0.271 0.553 

Glycorol phospholipid -0.16 0.306 0.557  -0.21 0.172 0.488  0.25 0.143 0.829  -0.37 0.019 0.243 

Phospholipid 0.42 0.004 0.041  0.41 0.005 0.055  0.06 0.703 0.910  0.4 0.012 0.198 

Lipid beta-CH2 -0.27 0.073 0.233  -0.32 0.031 0.178  0.13 0.458 0.910  -0.02 0.917 0.974 

Lipid CH2 -0.07 0.647 0.842  -0.15 0.309 0.583  0.33 0.043 0.559  -0.2 0.213 0.523 

Lipid CH3 -0.04 0.801 0.895  -0.12 0.424 0.610  0.19 0.262 0.829  0.16 0.340 0.598 

GlycB 0.9 <0.001 <0.001  1 0 0  0.22 0.195 0.829  0.01 0.969 0.993 

GlycA 1 0 0  0.9 <0.001 <0.001  0.26 0.115 0.829  0.05 0.744 0.904 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery ratio 
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Table S16: Correlation of lipid extracts with GlycA, GlycB, CRP, and Albumin intensity value. 

 

 

 GlycA  GlycB  CRP  Albumin 

Feature rho p-value FDR  rho p-value FDR  rho p-value FDR  rho p-value FDR 

cholesterol-derivated 1 -0.17 0.296 0.666  -0.11 0.502 0.788  0.35 0.045 0.123  -0.54 <0.001 0.006 

cholesterol-derivated 2 -0.16 0.328 0.666  -0.1 0.525 0.788  0.37 0.035 0.123  -0.53 0.001 0.006 

cholesterol-derivated 3 -0.22 0.172 0.666  -0.17 0.282 0.788  0.41 0.019 0.123  -0.5 0.002 0.007 

cholesterol-derivated 4 -0.17 0.299 0.666  -0.12 0.458 0.788  0.37 0.035 0.123  -0.54 <0.001 0.006 

cholesterol-derivated 5 0.11 0.511 0.756  0.05 0.775 0.829  -0.35 0.044 0.123  0.51 0.002 0.006 

free cholesterol -0.18 0.273 0.666  -0.13 0.440 0.788  0.3 0.094 0.174  -0.39 0.020 0.044 

esterified cholesterol -0.04 0.815 0.857  -0.13 0.414 0.788  -0.09 0.632 0.632  0.34 0.044 0.082 

cholesterol-derivated 6 -0.14 0.397 0.666  -0.04 0.798 0.829  0.26 0.146 2.00  -0.56 <0.001 0.060 

cholesterol-derivated 7 -0.06 0.701 0.857  -0.04 0.829 0.829  -0.35 0.046 0.123  0.27 0.117 0.165 

cholesterol-derivated 8 -0.16 0.338 0.666  -0.11 0.490 0.788  0.37 0.035 0.123  -0.51 0.002 0.006 

cholesterol-derivated 9 0.1 0.535 0.756  0.1 0.545 0.788  -0.39 0.027 0.123  0.51 0.002 0.006 

saturated and omega-9 fatty acid  -0.23 0.156 0.666  -0.14 0.372 0.788  0.32 0.071 0.172  -0.44 0.009 0.022 

omega-7 fatty acid -0.03 0.857 0.857  -0.05 0.736 0.829  0.18 0.321 0.335  -0.47 0.004 0.011 

omega-6 fatty acid -0.07 0.648 0.857  -0.1 0.558 0.788  0.23 0.196 0.235  -0.19 0.285 0.285 

Unknown signal at 0.91 ppm -0.03 0.837 0.857  -0.11 0.488 0.788  0.19 0.288 0.314  -0.24 0.163 0.218 

omega-3 fatty acid -0.16 0.323 0.666  -0.09 0.602 0.803  0.2 0.273 0.312  -0.29 0.095 0.142 

monounsaturated fatty acid -0.13 0.417 0.666  -0.1 0.539 0.788  0.3 0.093 0.174  -0.36 0.033 0.065 

Polyunsaturated fatty acid 1 -0.14 0.376 0.666  -0.13 0.425 0.788  0.28 0.110 0.188  -0.19 0.284 0.285 

Polyunsaturated fatty acid 2  -0.19 0.245 0.666  -0.16 0.326 0.788  0.26 0.150 2.00  -0.21 0.233 0.266 

linoleic acid -0.17 0.282 0.666  -0.14 0.390 0.788  0.26 0.147 2.00  -0.22 0.200 0.240 

phosphatidylcholine -0.19 0.237 0.666  -0.16 0.316 0.788  0.27 0.130 2.00  -0.32 0.063 0.100 

sphingomyelin -0.05 0.753 0.857  -0.04 0.814 0.829  0.3 0.091 0.174  -0.19 0.274 0.285 

triglyceride -0.04 0.825 0.857  -0.06 0.724 0.829  0.35 0.043 0.123  -0.23 0.176 0.222 

glycerophospholipid -0.15 0.347 0.666  -0.11 0.481 0.788  0.23 0.196 0.235  -0.33 0.050 0.086 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery ratio 
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Table S17: Correlation of metabolite concentration ratios with GlycA, GlycB, CRP, and Albumin intensity value. 

 

 GlycA  GlycB  CRP  Albumin 

Feature rho p-value FDR  rho p-value FDR  rho p-value FDR  rho p-value FDR 

Glucose/Lactate -0.03 0.867 0.960  0.01 0.970 0.970  -0.44 0.006 0.004  0.19 0.256 0.683 

Pyruvate/Lactate -0.08 0.622 0.778  -0.07 0.631 0.631  -0.09 0.585 0.585  -0.08 0.644 0.683 
Threonine/Glycine -0.01 0.960 0.960  -0.08 0.584 0.631  -0.36 0.029 0.143  0.48 0.002 0.011 

Glutamine/Glutamate -0.09 0.568 0.778  -0.13 0.381 0.631  -0.18 0.286 0.408  0.07 0.683 0.683 

3Hydroxybutyrate/Acetoacetate 0.12 0.431 0.778  0.12 0.450 0.631  0.24 0.160 0.399  -0.07 0.661 0.683 

Glutamate/Alanine 0.11 0.473 0.778  0.12 0.417 0.631  0.17 0.326 0.408  -0.13 0.444 0.683 
 Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery ratio  

 

 

 

 

 

Table S18: Correlation of lipoproteins with GlycA, GlycB, CRP, and Albumin intensity value. 

 GlycA  GlycB  CRP  Albumin 

Lipoproteins rho p-value FDR  rho p-value FDR  rho p-value FDR  rho p-value FDR 

VLDL cholesterol (nmol/L) 0.18 0.224 0.937  -0.01 0.956 0.965  0.26 0.125 0.181  -0.08 0.684 0.684 

IDL. cholesterol (nmol/L) 0.06 0.698 0.957  0.1 0.530 0.927  0.42 0.105 0.049  -0.57 <0.001 <0.001 

LDL cholesterol (nmol/L) -0.16 0.305 0.937  -0.08 0.582 0.927  0.2 0.233 0.275  -0.16 0.316 0.342 

HDL cholesterol (nmol/L) -0.17 0.278 0.937  -0.21 0.175 0.927  -0.44 0.007 0.049  0.66 <0.001 <0.001 

VLDL triglyceride (nmol/L) 0.03 0.854 0.957  -0.12 0.431 0.927  0.28 0.938 0.163  -0.21 0.202 0.250 

IDL triglyceride (nmol/L) 0.07 0.635 0.957  0.1 0.529 0.927  0.4 0.132 0.049  -0.57 <0.001 <0.001 

LDL triglyceride (nmol/L) 0.01 0.996 0.966  0.06 0.713 0.927  0.38 0.189 0.062  -0.54 <0.001 <0.001 

HDL triglyceride (nmol/L) 0.02 0.920 0.957  -0.01 0.956 0.965  0.11 0.522 0.565  -0.22 0.185 0.240 

VLDL particle (nmol/L) 0.07 0.653 0.957  -0.07 0.630 0.927  0.3 0.762 0.142  -0.23 0.158 0.229 

Large VLDL particle(nmol/L) -0.02 0.872 0.957  -0.17 0.256 0.927  0.09 0.582 0.582  -0.18 0.285 0.322 

Medium VLDL particle (nmol/L) 0.17 0.251 0.937  -0.08 0.618 0.927  0.17 0.319 0.361  0.12 0.452 0.470 

Small VLDL particle(nmol/L) 0.06 0.711 0.957  -0.09 0.568 0.927  0.31 0.637 0.127  -0.25 0.129 0.197 

LDL particle (nmol/L) -0.16 0.279 0.937  -0.09 0.575 0.927  0.24 0.149 0.185  -0.29 0.760 0.124 

Large LDL particle (nmol/L) -0.03 0.856 0.957  -0.04 0.776 0.961  0.33 0.473 0.112  -0.18 0.268 0.317 

Medium LDL particle (nmol/L) -0.09 0.553 0.957  -0.02 0.901 0.965  0.27 0.104 0.169  -0.31 0.541 0.108 

Small LDL particle (nmol/L) -0.35 0.020 0.524  -0.26 0.904 0.927  0.1 0.568 0.582  -0.22 0.791 0.240 

HDL particle (mol/L) -0.16 0.283 0.937  -0.19 0.209 0.927  -0.42 0.944 0.049  0.67 <0.001 <0.001 

Large HDL particle (mol/L) 0.09 0.547 0.957  -0.04 0.813 0.961  -0.26 0.121 0.181  0.49 <0.001 <0.001 

Medium HDL particle (mol/L) -0.05 0.760 0.957  -0.11 0.456 0.927  -0.31 0.625 0.127  0.37 <0.001 <0.001 

Small HDL particle (mol/L) -0.13 0.411 0.957  -0.17 0.267 0.927  -0.42 0.984 0.049  0.72 <0.001 <0.001 

VLDL size (nm) 0.06 0.680 0.957  0.01 0.948 0.965  -0.25 0.133 0.181  0.4 <0.001 <0.001 

LDL size (nm) 0.27 0.068 0.887  0.21 0.161 0.927  0.36 0.290 0.076  -0.29 0.713 0.124 

HDL size (nm) 0.09 0.559 0.957  0.13 0.398 0.927  0.36 0.286 0.076  -0.69 <0.001 <0.001 

Non-HDL particle (nmol/L) -0.15 0.324 0.957  -0.08 0.587 0.927  0.25 0.143 0.185  -0.3 0.634 0.118 

Total particle / HDL particle (nmol/L) 0.02 0.896 0.957  0.06 0.678 0.927  0.42 0.877 0.049  -0.59 <0.001 <0.001 

LDL particle / HDL particle (nmol/L) 0.02 0.908 0.957  0.07 0.659 0.927  0.41 0.113 0.049  -0.58 <0.001 <0.001 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 

 

Table S19: Comparison of Metabolites of Type 2 Diabetes Mellitus and Non-Type 2 Diabetes Mellitus PDAC patients 
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Feature no, median [IQR] yes, median [IQR] logchange p-value FDR 

Formate 0.018 [0.014 0.024] 0.016 [0.014 0.019] -0.11 0.612 0.954 

Phenylalanine 0.112 [0.083 0.136] 0.106 [0.098 0.139] -0.1 0.914 0.100 
Tyrosine 0.041 [0.034 0.049] 0.038 [0.034 0.052] -0.3 0.100 0.100 

Unknown signal at 7.14 ppm 0.03 [0 0.067] 0.051 [0.015 0.081] 0.55 0.315 0.954 

Histidine 0.065 [0.057 0.076] 0.07 [0.057 0.079] -0.04 0.508 0.954 
Glucose 3.563 [3.108 4.492] 3.76 [3.557 4.107] 0.1 0.528 0.954 

Mannose 0.042 [0.034 0.063] 0.046 [0.033 0.072] 0.03 0.890 0.100 

Ascorbate 0.006 [0 0.015] 0 [0 0.006] -1.16 0.171 0.821 

Threonine 0.066 [0 0.09] 0.067 [0.01 0.088] -0.08 0.987 0.100 

Lactate 2.682 [2.109 3.205] 3.028 [2.484 3.152] -0.06 0.569 0.954 

Creatinine 0.056 [0.041 0.076] 0.056 [0.032 0.087] -0.1 0.890 0.100 
Creatine 0.01 [0.005 0.029] 0.003 [0 0.009] -1.71 0.092 0.718 

Glycine 0.328 [0.265 0.374] 0.287 [0.237 0.315] -0.35 0.089 0.718 

Methanol 0.022 [0.013 0.028] 0.023 [0.021 0.036] 0.36 0.177 0.821 
Unknown signal at 2.55 ppm 0 [0 0.013] 0.005 [0 0.566] 1.07 0.289 0.954 

Citrate 0.09 [0.012 0.121] 0 [0 0.073] -0.98 0.062 0.718 

Glutamine 0.328 [0.269 0.417] 0.283 [0.235 0.385] -0.24 0.396 0.954 
Pyruvate 0.068 [0.047 0.08] 0.06 [0.052 0.068] -0.19 0.963 0.100 

Glutamate 0.201 [0.134 0.282] 0.213 [0.149 0.326] 0.07 0.656 0.954 

Acetoacetate 0.029 [0.017 0.079] 0.016 [0.012 0.017] -2.04 0.010 0.523 
Acetate 0.029 [0.021 0.035] 0.025 [0.019 0.028] -0.24 0.432 0.954 

Alanine 0.347 [0.263 0.433] 0.352 [0.336 0.423] -0.21 0.469 0.954 

3-Hydroxybutyrate 0.052 [0.036 0.171] 0.042 [0 0.059] -2.42 0.113 0.718 
Ethanol 0.017 [0 0.248] 0 [0 0.02] -2.8 0.161 0.821 

Valine 0.143 [0.115 0.164] 0.162 [0.138 0.172] -0.1 0.488 0.954 
Isoleucine 0.045 [0.035 0.055] 0.044 [0.037 0.051] -0.03 0.950 0.100 

Leucine 0.055 [0.045 0.071] 0.069 [0.052 0.07] 0.01 0.417 0.954 

2-Hydroxybutyrate 0 [0 0.035] 0 [0 0.013] -2.88 0.274 0.954 
Protein NH 121.287 [110.147 144.185] 125.738 [106.732 149.702] 0.05 0.890 0.100 

Unsaturated lipid -CH=CH- 11.452 [8.937 15.12] 11.008 [8.385 14.142] -0.12 0.656 0.954 

Lipid alpha-CH2 3.167 [1.68 4.833] 2.012 [1.468 3.611] -0.07 0.432 0.954 
Cholesterol 0.842 [0.603 1.088] 0.536 [0.472 0.659] -0.52 0.058 0.718 

Lipid =CH-CH2-CH= 4.844 [4.03 6.554] 4.509 [3.611 5.98] -0.18 0.414 0.954 

Glycorol phospholipid 1.026 [0.355 1.619] 0.556 [0.458 1.143] 0.12 0.701 0.966 
Phospholipid 3.619 [3.222 3.929] 3.485 [2.949 3.781] -0.04 0.528 0.954 

Lipid beta-CH2 7.472 [5.963 10.125] 7.136 [5.252 8.997] -0.11 0.590 0.954 

Lipid CH2 74.209 [60.357 108.095] 66.151 [57.175 71.996] -0.08 0.548 0.954 
Lipid CH3 26.309 [21.235 32.924] 25.705 [21.138 29.265] -0.1 0.634 0.954 

GlycB 0.416 [0.376 0.459] 0.431 [0.333 0.473] -0.08 0.818 0.100 

GlycA 1.986 [1.791 2.073] 2.026 [1.611 2.234] -0.02 0.963 0.100 
IQR: Interquartile range; FDR: false discovery rate, Type2 Diabetes Mellitus (T2DM) 

 

 



143 

Table S20: Comparison of Lipoproteins of Type 2 Diabetes Mellitus and Non-Type 2 Diabetes Mellitus PDAC patients 

 
 

Feature no, median [IQR] yes, median [IQR] logchange p-value FDR 

VLDL.C 20.92 [13.65 28.593] 20.675 [12.652 24.52] -0.01 0.866 0.866 

IDL.C 33.185 [18.238 53.638] 17.14 [10.75 43.74] -0.38 0.198 0.515 

LDL.C 130.235 [101.652 165.042] 104.56 [71.305 122.718] -0.36 0.089 0.401 
HDL.C 25.745 [1 34.135] 30.715 [6.98 41.048] 0.56 0.436 0.667 

VLDL.TG 84.935 [56.172 109.148] 79.33 [59.372 95.342] 0.11 0.656 0.735 

IDL.TG 24.595 [15.893 36.3] 16.65 [11.02 31.165] -0.26 0.246 0.533 

LDL.TG 34.775 [21.292 49.635] 18.9 [16.882 43.678] -0.36 0.198 0.515 

HDL.TG 18.4 [14.343 24.385] 20.805 [16.738 24.758] 0.05 0.590 0.735 

VLDL.P..nmol.L. 58.56 [41.36 82.66] 55.705 [41.465 65.25] 0.02 0.612 0.735 
Large.VLDL.P..nmol.L. 1.415 [1.152 1.655] 1.5 [1.197 1.647] 0.16 0.628 0.735 

Medium.VLDL.P..nmol.L. 5.425 [4.248 7.058] 6.51 [4.89 8.593] 0.39 0.349 0.593 

Small.VLDL.P..nmol.L. 49.415 [36.58 73.048] 48.05 [35.208 55.1] -0.03 0.678 0.735 
LDL.P..nmol.L. 1387.165 [1097.463 1999.575] 995.95 [670 1615.953] -0.4 0.123 0.401 

Large.LDL.P..nmol.L. 209.455 [177.918 299.16] 178.64 [126.795 228.485] -0.33 0.077 0.401 

Medium.LDL.P..nmol.L. 575.865 [364.855 866.215] 286.225 [200.548 797.315] -0.44 0.246 0.533 
Small.LDL.P..nmol.L. 601.97 [533.578 766.985] 496.43 [383.19 575.985] -0.38 0.036 0.401 

HDL.P..Î¼mol.L. 12.88 [5.37 17.915] 15.33 [7.488 24.132] 0.42 0.315 0.586 

Large.HDL.P..Î¼mol.L. 0.245 [0.2 0.288] 0.26 [0.23 0.298] 0.06 0.650 0.735 
Medium.HDL.P..Î¼mol.L. 8.965 [6.123 10.558] 9.64 [7.01 10.86] 0.15 0.553 0.735 

Small.HDL.P..Î¼mol.L. 2.135 [0 6.888] 4.255 [0.66 14.142] 0.8 0.297 0.586 

VLDL.Z..nm. 42.18 [42.133 42.2] 42.215 [42.182 42.22] 0 0.041 0.401 
LDL.Z..nm. 21.44 [21.202 21.55] 21.455 [21.298 21.512] 0 0.815 0.847 

HDL.Z..nm. 8.945 [8.6 9.485] 8.8 [8.362 9.408] -0.03 0.365 0.593 

Non.HDL.P..nmol.L. 1433.85 [1140.635 2069.925] 1008.82 [691.59 1726.787] -0.39 0.116 0.401 
Total.P.HDL.P 141.41 [66.422 393.192] 48.125 [33.44 295.73] -0.56 0.109 0.401 

LDL.P.HDL.P 138.065 [64.638 375.593] 43.95 [31.9 275.938] -0.58 0.116 0.401 
IQR: Interquartile range; FDR: false discovery rate, Type2 Diabetes Mellitus (T2DM) 

 

 

 

 

 

 

 

 

 

Table S21: Comparison of Lipid Extracts of Type 2 Diabetes Mellitus and Non-Type 2 Diabetes Mellitus PDAC patients 
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Feature  no, median [IQR] yes, median [IQR] logchange p-value FDR 

cholesterol-derivated 1 1332204.612 [870710.069 1902617.633] 888490.948 [731956.34 1032939.739] -0.43 0.117 0.499 
cholesterol-derivated 2 504433.323 [303978.254 743006.048] 306507.922 [222042.683 424406.439] -0.52 0.073 0.499 

cholesterol-derivated 3 255083.658 [210882.393 343686.673] 209930.22 [184086.972 231440.196] -0.26 0.192 0.539 

cholesterol-derivated 4 1369666.285 [875363.101 1964922.924] 830237.803 [717494.185 1015920.4] -0.56 0.036 0.499 
cholesterol-derivated 5 747567.626 [258196.12 1231683.507] 913403.042 [328890.688 1507419.324] 0.35 0.228 0.539 

free cholesterol 5368936.265 [1672835.88 12350261.475] 1410127.91 [453501.951 7008353.376] -0.2 0.295 0.590 

esterified cholesterol 6675226.515 [2535461.488 9740771.238] 6593550.569 [5128438.945 9041894.033] 0.04 0.774 0.886 
cholesterol-derivated 6 273597.239 [194014.182 452699.423] 190590.655 [159156.823 259523.193] -0.57 0.101 0.499 

cholesterol-derivated 7 265491.627 [217683.474 308051.79] 270603.118 [210017.586 345407.244] 0.06 0.747 0.886 

cholesterol-derivated 8 555840.208 [327978.135 805864.865] 344829.457 [261219.329 395929.103] -0.57 0.061 0.499 
cholesterol-derivated 9 270860.785 [126321.7 447673.102] 355413.992 [175926.368 648537.348] 0.47 0.125 0.499 

saturated and omega-9 fatty acid  23068787.119 [16665031.7 34016352.107] 13857291.856 [13035461.901 26814647.265] -0.14 0.205 0.539 

omega-7 fatty acid 9164120.611 [7360223.424 9685477.688] 7991613.618 [7388554.633 8008262.636] -0.16 0.176 0.539 
omega-6 fatty acid 16728006.705 [7946107.124 20615567.233] 11857587.058 [5085601.513 25221047.039] -0.08 0.715 0.886 

Unknown signal at  0 [0 0] 0 [0 0] -0.44 0.434 0.802 

omega-3 fatty acid 1723209.088 [1066881.635 2910180.221] 1328230.444 [975026.424 1981566.024] -0.25 0.584 0.886 
monounsaturate fatty acid 21869585.841 [9330438.555 32288448.408] 9083665.265 [6831261.232 41284045.632] 0.01 0.615 0.886 

polyunsaturate fatty acid 1 (except linoleic) 7040948.967 [3930333.852 12026322.483] 4882682.911 [4319077.294 13698800.978] 0.1 0.886 0.886 

polyunsaturate fatty acid 2 (except linoleic) 4123176.98 [2830866.275 6852127.55] 2473530.529 [1994100.56 8456592.567] 0.05 0.693 0.886 
linoleic acid 8528418.382 [3978643.649 13575696.407] 5431173.466 [3640526.156 13836359.688] 0.03 0.858 0.886 

phosphatidylcholine 10720758.528 [6279375.384 17975432.64] 7296037.292 [5403883.027 13651889.081] 0.01 0.886 0.886 

sphingomyelin 1804252.686 [1366298.706 3157141.528] 1287269.748 [1169439.217 2534385.902] -0.3 0.247 0.539 
triglyceride 5334849.323 [3368178.363 8351749.562] 4611140.095 [3166847.912 8515446.122] 0.09 0.886 0.886 

glycerophospholipid 8163649.219 [4305834.629 14317656.749] 5326823.545 [4520632.311 8656695.015] -0.04 0.886 0.886 
IQR: Interquartile range; FDR: false discovery rate, Type2 Diabetes Mellitus (T2DM) 

 

 

Table S22: Comparison of Metabolic Ratios of Type 2 Diabetes Mellitus and Non-Type 2 Diabetes Mellitus PDAC patients 

Feature no, median [IQR] yes, median [IQR] logchange p-value FDR 

Glucose/Lactate 1.468 [1.018 1.831] 1.517 [1.217 1.648] -0.1 0.988 0.988 

Pyruvate/Lactate 0.024 [0.018 0.03] 0.021 [0.018 0.028] -0.12 0.528 0.792 

Threonine/Glycine 0.209 [0 0.265] 0.296 [0.061 0.352] 0.52 0.102 0.486 

Glutamine/Glutamate 1.825 [1.195 2.819] 1.425 [0.668 2.426] -0.29 0.363 0.725 

3-Hydroxybutyrate/Acetoacetate 2.736 [1.377 4.451] 2.377 [0 3.052] -0.7 0.162 0.486 

Glutamate/Alanine 0.565 [0.449 0.69] 0.528 [0.465 0.876] 0.1 0.770 0.924 

IQR: Interquartile range; FDR: false discovery rate, Type2 Diabetes Mellitus (T2DM) 

 

Table S23: Comparison of Metabolites of PDAC patients with High and Low Glasgow Prognostic Scores 
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Feature  high GPS, median [IQR] low GPS, median [IQR] logchange p-value FDR 

Formate 0.018 [0.016 0.023] 0.018 [0.013 0.024] -0.16 0.460 0.815 
Phenylalanine 0.118 [0.105 0.142] 0.1 [0.078 0.118] -0.39 0.074 0.474 

Tyrosine 0.038 [0.034 0.05] 0.045 [0.035 0.05] -0.4 0.577 0.841 

Histidine 0.07 [0.062 0.076] 0.063 [0.055 0.078] -0.23 0.497 0.815 
Glucose 3.662 [3.255 4.26] 3.79 [3.37 5.053] 0.09 0.478 0.815 

Mannose 0.047 [0.035 0.09] 0.038 [0.033 0.059] -0.52 0.257 0.727 

Ascorbate 0.006 [0 0.014] 0 [0 0.015] -0.33 0.731 0.935 
Threonine 0 [0 0.072] 0.081 [0.067 0.092] 0.93 0.020 0.186 

Lactate 2.927 [2.529 3.243] 2.493 [2.122 3.151] -0.37 0.220 0.727 

Creatinine 0.048 [0.038 0.093] 0.06 [0.044 0.073] -0.04 0.869 0.959 
Creatine 0.009 [0 0.051] 0.01 [0.004 0.019] -1.51 0.926 0.959 

Glycine 0.317 [0.278 0.375] 0.327 [0.255 0.348] -0.2 0.537 0.815 

Methanol 0.022 [0.013 0.027] 0.023 [0.015 0.032] 0.14 0.537 0.815 
Citrate 0.072 [0 0.119] 0.073 [0 0.104] 0.2 0.742 0.935 

Glutamine 0.293 [0.25 0.383] 0.4 [0.273 0.424] 0.1 0.133 0.615 

Pyruvate 0.068 [0.047 0.093] 0.058 [0.049 0.071] -0.4 0.517 0.815 
Glutamate 0.202 [0.138 0.313] 0.219 [0.131 0.302] -0.16 0.707 0.935 

Acetoacetate 0.019 [0.016 0.086] 0.021 [0.016 0.035] 0.53 0.869 0.959 

Acetate 0.027 [0.022 0.039] 0.025 [0.021 0.033] 0.06 0.641 0.907 
Alanine 0.347 [0.267 0.4] 0.396 [0.32 0.473] -0.23 0.209 0.727 

Unknown signal at 1.45 ppm 0.035 [0 0.049] 0.031 [0.026 0.04] 0.08 0.902 0.959 

Unknown signal at 1.43 ppm 0 [0 0.088] 0 [0 0] -4.2 0.112 0.599 
3-Hydroxybutyrate 0.044 [0.023 0.256] 0.055 [0.04 0.062] -0.24 0.902 0.959 

Ethanol 0 [0 0.206] 0 [0 0.027] -1.59 0.490 0.815 
Valine 0.139 [0.101 0.163] 0.163 [0.142 0.174] 0.04 0.117 0.599 

Isoleucine 0.045 [0.038 0.052] 0.045 [0.037 0.062] 0.06 0.807 0.959 

Leucine 0.055 [0.044 0.07] 0.066 [0.055 0.075] 0.04 0.240 0.727 
2-Hydroxybutyrate 0 [0 0.043] 0 [0 0.02] -1.81 0.391 0.815 

Protein NH 108.537 [103.949 124.878] 146.281 [127.643 154.61] 0.32 <0.001 0.003 

Unsaturated lipid -CH=CH- 11.205 [8.422 18.539] 12.656 [10.199 14.501] -0.04 0.752 0.935 
Lipid alpha-CH2 4.163 [2.397 6.801] 1.965 [1.554 2.411] -1.01 0.005 0.137 

Cholesterol 0.563 [0.291 0.883] 0.959 [0.685 1.093] 0.52 0.022 0.186 

Lipid =CH-CH2-CH= 4.46 [3.529 6.47] 5.493 [4.33 6.623] 0.11 0.244 0.727 
Glycorol phospholipid 1.472 [0.491 1.897] 0.501 [0.395 0.802] -1.25 0.022 0.186 

Phospholipid 3.171 [3.028 3.759] 3.771 [3.554 4.246] 0.19 0.013 0.186 

Lipid beta-CH2 7.273 [5.705 11.198] 7.508 [7.125 9.083] -0.06 0.940 0.959 
Lipid CH2 76.744 [62.021 123.253] 64.949 [58.914 75.226] -0.33 0.177 0.727 

Lipid CH3 25.153 [20.875 32.146] 28.227 [24.144 31.069] 0.06 0.460 0.815 

GlycB 0.407 [0.361 0.456] 0.441 [0.402 0.474] 0.08 0.357 0.815 
GlycA 1.918 [1.686 2.081] 2.026 [1.782 2.221] 0.04 0.442 0.815 

IQR: Interquartile range; FDR: false discovery rate, High GPS=2, Low GPS= 0 and 1 

 

Table S24: Comparison of Lipoproteins of PDAC patients with High and Low Glasgow Prognostic Scores. 
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Feature  high GPS, median [IQR] low GPS, median [IQR] logchange p-value FDR 

VLDL.C 20.575 [14.515 34.378] 22.14 [13.41 25.34] -0.22 0.775 0.775 
IDL.C 47.34 [33.14 76.58] 17.91 [13.45 22.34] -1.23 <0.001 0.003 

LDL.C 136.275 [105.815 161.287] 110.09 [99.19 134.11] -0.13 0.424 0.479 

HDL.C 1 [1 26.078] 38.54 [25.85 41.97] 1.89 <0.001 <0.001 
VLDL.TG 85.405 [75.175 122.62] 81.56 [52.26 99.13] -0.42 0.257 0.337 

IDL.TG 32.78 [22.882 53.163] 17.01 [14.33 18.43] -0.95 0.001 0.004 

LDL.TG 47.77 [33.075 74.18] 20.66 [16.98 29.96] -0.98 0.002 0.004 
HDL.TG 19.8 [13.69 28.727] 17.76 [15.56 23.56] -0.18 0.460 0.498 

VLDL.P..nmol.L. 59.155 [52.377 93.702] 58.2 [39.52 67.26] -0.39 0.232 0.335 

Large.VLDL.P..nmol.L. 1.425 [1.272 1.735] 1.45 [1.01 1.54] -0.29 0.259 0.337 

Medium.VLDL.P..nmol.L. 5.24 [4.188 7.327] 6.49 [4.76 7.73] -0.08 0.737 0.767 

Small.VLDL.P..nmol.L. 52.04 [45.842 84.303] 48.77 [34.22 56.74] -0.42 0.187 0.286 

LDL.P..nmol.L. 1681.115 [1303.455 1999.363] 1113.73 [951.63 1529.69] -0.33 0.110 0.198 
Large.LDL.P..nmol.L. 224.005 [180.86 300.945] 196.31 [169.26 260.81] -0.18 0.326 0.385 

Medium.LDL.P..nmol.L. 735.28 [495.52 922.03] 352.62 [219.83 624.83] -0.55 0.069 0.150 

Small.LDL.P..nmol.L. 634.715 [542.95 789.835] 580.82 [473.07 644.05] -0.18 0.297 0.368 
HDL.P..Î¼mol.L. 5.32 [3.615 12.35] 18.54 [15.91 24.72] 1.34 <0.001 <0.001 

Large.HDL.P..Î¼mol.L. 0.2 [0.135 0.24] 0.29 [0.25 0.31] 0.51 <0.001 0.003 

Medium.HDL.P..Î¼mol.L. 6.16 [4.428 9.383] 10.11 [9.29 10.89] 0.55 0.005 0.011 
Small.HDL.P..Î¼mol.L. 0 [0 2.007] 8.87 [5.55 14.87] 2.69 <0.001 <0.001 

VLDL.Z..nm. 42.18 [42.13 42.192] 42.21 [42.17 42.22] 0 0.114 0.198 

LDL.Z..nm. 21.515 [21.248 21.61] 21.41 [21.27 21.49] -0.01 0.165 0.269 
HDL.Z..nm. 9.48 [8.948 9.635] 8.5 [8.37 8.7] -0.13 <0.001 <0.001 

Non.HDL.P..nmol.L. 1756.69 [1351.162 2087.395] 1154.21 [983.29 1611.01] -0.35 0.097 0.194 

Total.P.HDL.P 358.12 [142.53 505.893] 64.65 [43.18 83.21] -2.13 <0.001 <0.001 
LDL.P.HDL.P 335.29 [139.507 485.98] 62.98 [40.82 80.21] -2.12 <0.001 <0.001 

IQR: Interquartile range; FDR: false discovery rate, High GPS=2, Low GPS= 0 and 1 

 

 

 

 

 

 

 

 

 

 

 

Table S25: Comparison of Lipid Extracts of PDAC patients with High and Low Glasgow Prognostic Scores. 
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Feature  high GPS, median [IQR] low GPS, median [IQR] logchange p-value FDR 

cholesterol-derivated 1 1838877.733 [1399339.415 2188856.806] 845445.831 [734251.9 990116.729] -1.02 <0.001 <0.001 
cholesterol-derivated 2 713976.393 [514211.961 840433.144] 295324.957 [241317.314 341673.253] -1.12 <0.001 <0.001 

cholesterol-derivated 3 341402.677 [257651.261 377678.363] 196520.631 [183571.723 228268.595] -0.69 <0.001 <0.001 

cholesterol-derivated 4 1848984.481 [1388162.536 2127545.293] 813954.541 [720695.795 993423.177] -1.04 <0.001 <0.001 
cholesterol-derivated 5 258665.006 [235818.206 445270.256] 1231683.507 [928151.912 1458790.961] 1.37 <0.001 <0.001 

free cholesterol 11179652.452 [5670212.397 25234377.254] 1621004.841 [1114147.174 2123380.266] -2.67 0.001 0.003 

esterified cholesterol 5516304.87 [1960045.877 9221473.944] 7450489.175 [6558690.801 10139285.423] 0.37 0.212 0.221 
cholesterol-derivated 6 405417.504 [264242.514 645307.797] 181794.127 [139078.351 201800.976] -1.37 <0.001 <0.001 

cholesterol-derivated 7 217782.943 [204792.198 278609.246] 297300.737 [263408.439 341489.188] 0.33 0.009 0.012 

cholesterol-derivated 8 778831.454 [566540.977 889325.177] 320104.12 [271078.905 409045.39] -1.08 <0.001 <0.001 
cholesterol-derivated 9 133677.674 [108613.443 220788.834] 447673.102 [364168.257 625121.379] 1.19 <0.001 0.001 

saturated and omega-9 fatty acid  32283878.454 [24303752.167 43948583.442] 16665031.7 [13998277.304 20611821.637] -0.97 <0.001 0.001 

omega-7 fatty acid 9164120.611 [7991613.618 9882570.015] 7395660.712 [6312502.551 8133738.356] -0.27 0.005 0.009 
omega-6 fatty acid 18520413.701 [15296215.925 25501845.741] 11804748.615 [7649449.43 17830871.134] -0.58 0.055 0.062 

omega-3 fatty acid 2877566.692 [1680420.016 3131650.842] 1186179.04 [1065022.677 1425389.228] -0.82 0.008 0.013 

monounsaturate fatty acid 34436085.175 [22445245.744 47172167.399] 9584302.124 [7123235.817 16219376.588] -1.49 0.003 0.006 
polyunsaturate fatty acid 1 (except linoleic) 12023949.658 [6030773.712 14244873.606] 5307607.746 [4353586.177 6751348.439] -0.96 0.016 0.020 

polyunsaturate fatty acid 2 (except linoleic) 6461707.873 [3878870.149 9208559.993] 3129180.122 [2508022.18 3759142.062] -0.86 0.021 0.026 

linoleic acid 13756390.864 [7784537.979 18614168.382] 5278754.888 [3887379.441 7893981.975] -1.02 0.013 0.017 
phosphatidylcholine 16626493.809 [11152424.435 27658546.682] 6980321.698 [5540573.628 8413805.235] -1.29 0.001 0.003 

sphingomyelin 2609927.697 [1854266.235 3784736.393] 1366298.706 [1269139.277 1780004.99] -0.86 0.009 0.013 

triglyceride 8199897.623 [3961621.536 10801769.759] 4437030.69 [3241239.674 5502530.259] -0.63 0.114 0.124 
glycerophospholipid 12698782.626 [8260574.038 22260606.406] 5283917.432 [4440401.46 6627363.29] -1.34 0.003 0.006 

IQR: Interquartile range; FDR: false discovery rate, High GPS=2, Low GPS= 0 and 1 

 

Table S26: Comparison of Metabolic Ratios of PDAC patients with High and Low Glasgow Prognostic Scores. 

 
Feature  high GPS, median [IQR] low GPS, median [IQR] logchange p-value FDR 

Glucose/Lactate 1.201 [0.916 1.63] 1.594 [1.42 1.805] 0.16 0.091 0.273 
Pyruvate/Lactate 0.024 [0.016 0.029] 0.021 [0.018 0.029] 0.03 0.821 0.854 

Threonine/Glycine 0 [0 0.215] 0.277 [0.242 0.343] 1.34 <0.001 0.005 

Glutamine/Glutamate 1.464 [1.109 2.201] 2.299 [0.841 3.237] 0.41 0.220 0.440 
3-Hydroxybutyrate/Acetoacetate 2.415 [0.352 4.8] 2.726 [1.32 3.31] -0.21 0.854 0.854 

Glutamate/Alanine 0.549 [0.477 0.909] 0.554 [0.422 0.609] -0.26 0.390 0.584 
IQR: Interquartile range; FDR: false discovery rate, High GPS=2, Low GPS= 0 and 1 

 

 

Table S27: 6-colour Flow Cytometry Immunophenotyping Panel 
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Laser 
Name Filter Parameter Em lymphocytes T Cells 

NK 
Cells 

B cells, 
monos & 
granulocy

tes 
Vol per 
test (µl) 

 
 

Optimised 
volume(µl) 

Catalogue 
#/Clone 
(2019) 

Red  640 

 

730/45 
BP 

Alexa Fluor 
700 720   CD4       5 

 561030, 
Clone; RPA-T4 

Blue 488 

A 
780/60 

BP PE-Cy7 780     CD56   5 
 560916; 

Clone; B159  

C 660/20 PE-Cy5 670     CD16     
 561725, 

Clone; 3 G8  

D 530/30BP BB515 515   CD57      5 
 565285, 

Clone; NK 1 

Violet  405 

Power 
50 605/12 BV605 605   CD8      5 

 564115, 
Clone; SK1  

UV 355 

  530/30 BUV496 496 CD3        5 
 612941, 

Clone; UCHT1 
BUV: BD Horizon Brilliant™ Ultraviolet; BV: Brilliant Violet™; PE-CY: Phycoerythrin Cyanine; BB515: BD Horizon Brilliant™ Blue; 

 

 

 

 

 

 

 

 

 

Table S28: 6-colour Flow Cytometry Immunophenotyping Fluorescence Minus One (FMO) panel 
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ANTIBODY MINUS  

Alexa Flour 700 

CD4 

MINUS  

PE-Cy 7 CD56 

MINUS  

PE-Cy5 CD16 

MINUS  

BB515/FITC CD57 

MINUS  

BV605 CD8 

MINUS  

BUV496 CD3 

Alexa Flour 700 

CD4 

 Alexa Flour 700 

CD4 

Alexa Flour 700 

CD4 

Alexa Flour 700 

CD4 

Alexa Flour 700 CD4 Alexa Flour 700 

CD4 

PE-Cy 7 CD56 PE-Cy 7 CD56  PE-Cy 7 CD56 PE-Cy 7 CD56 PE-Cy 7 CD56 PE-Cy 7 CD56 

PE-Cy5 CD16 PE-Cy5 CD16 PE-Cy5 CD16  PE-Cy5 CD16 PE-Cy5 CD16 PE-Cy5 CD16 

BB515/FITC CD57 BB515/FITC CD57 BB515/FITC CD57 BB515/FITC CD57  BB515/FITC CD57 BB515/FITC CD57 

BV605CD8 BV605CD8 BV605CD8 BV605 CD8 BV605CD8  BV605CD8 

BUV496 CD3 BUV496 CD3 BUV496 CD3 BUV496 CD3 BUV496 CD3 BUV496 CD3  

BUV: BD Horizon Brilliant™ Ultraviolet; BV: Brilliant Violet™; PE-CY: Phycoerythrin Cyanine; BB515: BD Horizon Brilliant™ Blue; 
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Table S29: Comparisons of LAPC01, LAPC02 and RPC01 with the rest of the PDAC groups 

 

 
Feature FALSE, median [IQR] TRUE, median [IQR] Total, median [IQR] logchange p-value FDR 

CD16 Granulocytes 73.2 [62.175 81.775] 73 [64.05 77.125] 73.2 [62.175 80.575] -0.08 0.607 0.639 

Lymphs in Leukocytes 66.2 [57.825 74.175] 63.95 [56.725 66.475] 65.3 [57.825 73.8] -0.12 0.414 0.487 

CD3+ in Lymphs 63.3 [52.5 69.575] 78.1 [72.325 80.55] 65.8 [58.075 73.6] 0.27 0.070 0.125 
CD3- in Lymphs 36.1 [29.825 47.5] 21.4 [19.175 26.575] 33.55 [26.25 41.8] -0.63 0.036 0.090 

CD4+ in CD3+ 52.9 [50.8 65.5] 11.8 [10.373 23.45] 52.45 [50.625 64.4] -1.34 0.025 0.084 

CD8+ in CD3+ 37.95 [29.75 45.625] 82.05 [68.575 85.4] 39.4 [29.95 46.875] 0.89 0.025 0.084 
NKTs in CD3+ 10.68 [5.417 39.4] 54.7 [16.025 94.85] 13.95 [5.627 45.625] 1.1 0.069 0.125 

CD57 + NKTs 41.4 [28.85 50] 58.55 [56.8 65.575] 46.7 [30.25 57.325] 0.62 0.030 0.086 

MFI CD57 318 [291.5 399.25] 573 [466.25 794.5] 329 [295 623] 0.38 0.051 0.112 
CD57 + NKs 14.85 [3.648 23.15] 64.95 [60.275 68.775] 18.65 [4.613 28.025] 2.04 <0.001 0.003 

MFI CD57 218 [155 297.75] 603 [581 650.5] 260.5 [158.75 331.5] 1.43 0.002 0.020 
IQR: Interquartile range; FDR: false discovery rate
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Table S30: Correlation of Metabolites and Immune cell marker CD57+ NKTs in PDAC 

 

Feature rho p-value FDR 

Formate 0.25 0.220 0.602 

Unknown signal at 8.12 ppm 0.05 0.803 0.921 

Unknown signal at 8.07 ppm 0.02 0.925 0.969 
Phenylalanine 0.13 0.535 0.853 

Tyrosine -0.24 0.235 0.602 

Unknown signal at 7.14 ppm 0.43 0.029 0.419 
Histidine -0.06 0.764 0.921 

Glucose 0.29 0.152 0.602 

Mannose 0.27 0.175 0.602 
Unknown signal at 5.15 ppm 0.13 0.526 0.853 

Unknown signal at 5.09 ppm 0.24 0.247 0.602 

Unknown signal at 5.01 ppm -0.02 0.931 0.969 
Ascorbate -0.5 0.010 0.419 

Threonine 0.23 0.248 0.602 

Lactate 0.27 0.188 0.602 
Creatinine 0.04 0.833 0.921 

Creatine -0.12 0.567 0.876 

Glycine 0.45 0.021 0.419 
Methanol -0.14 0.479 0.853 

Unknown signal at 2.55 ppm 0.07 0.742 0.921 

Citrate -0.18 0.388 0.733 
Glutamine 0.19 0.355 0.714 

Pyruvate 0.26 0.194 0.602 
Glutamate 0.08 0.681 0.914 

Acetoacetate -0.06 0.774 0.921 

Acetate 0.18 0.364 0.714 
Alanine -0.13 0.524 0.853 

Unknown signal at 1.45 ppm 0.26 0.197 0.602 

Unknown signal at 1.43 ppm 0.09 0.645 0.914 
3-Hydroxybutyrate 0 0.983 0.983 

Ethanol 0.01 0.965 0.983 

Unknown signal at 1.16 ppm 0.13 0.511 0.853 
Unknown signal at 1.14 ppm -0.27 0.185 0.602 

Unknown signal at 1.11 ppm 0.09 0.657 0.914 

Unknown signal at 1.06 ppm -0.05 0.820 0.921 
Valine -0.28 0.168 0.602 

Isoleucine 0.2 0.324 0.688 

Leucine -0.24 0.229 0.602 
2-Hydroxybutyrate -0.05 0.792 0.921 

Protein NH -0.41 0.041 0.419 

Unsaturated lipid -CH=CH- -0.22 0.290 0.643 
Lipid alpha-CH2 0.1 0.630 0.914 

Cholesterol -0.23 0.266 0.616 

Lipid =CH-CH2-CH= -0.32 0.112 0.602 
Glycorol phospholipid 0.09 0.668 0.914 

Phospholipid 0.06 0.781 0.921 

Lipid beta-CH2 -0.31 0.126 0.602 
Lipid CH2 -0.04 0.849 0.921 

Lipid CH3 -0.41 0.039 0.419 

GlycB 0.32 0.110 0.602 
GlycA 0.31 0.122 0.602 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 
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Table S31: Correlation of Metabolites and Immune cell marker CD3+ CD56- NKTs in 

Pancreatic Ductal Adenocarcinoma 

 

Feature rho p-value FDR 

Formate 0.4 0.040 0.194 
Unknown signal at 8.12 ppm -0.29 0.152 0.432 

Unknown signal at 8.07 ppm 0.47 0.017 0.194 

Phenylalanine 0.43 0.028 0.194 
Tyrosine -0.12 0.564 0.774 

Unknown signal at 7.14 ppm 0.13 0.513 0.774 

Histidine -0.36 0.069 0.295 
Glucose 0.27 0.189 0.507 

Mannose 0.25 0.227 0.550 

Unknown signal at 5.15 ppm 0.03 0.897 0.934 

Unknown signal at 5.09 ppm 0.16 0.431 0.710 

Unknown signal at 5.01 ppm 0.11 0.604 0.774 

Ascorbate -0.41 0.036 0.194 
Threonine -0.13 0.537 0.774 

Lactate 0.45 0.020 0.194 

Creatinine -0.24 0.231 0.550 
Creatine -0.3 0.137 0.411 

Glycine 0.01 0.952 0.952 

Methanol -0.17 0.412 0.710 
Unknown signal at 2.55 ppm 0.11 0.607 0.774 

Citrate -0.18 0.376 0.685 

Glutamine -0.43 0.027 0.194 
Pyruvate 0.23 0.248 0.550 

Glutamate 0.52 0.006 0.194 

Acetoacetate -0.12 0.554 0.774 
Acetate 0.12 0.563 0.774 

Alanine -0.07 0.725 0.818 

Unknown signal at 1.45 ppm 0.33 0.105 0.357 
Unknown signal at 1.43 ppm 0.07 0.737 0.818 

3-Hydroxybutyrate 0.07 0.737 0.818 

Ethanol -0.17 0.419 0.710 
Unknown signal at 1.16 ppm 0.18 0.367 0.685 

Unknown signal at 1.14 ppm 0.07 0.721 0.818 

Unknown signal at 1.11 ppm 0.08 0.699 0.818 
Unknown signal at 1.06 ppm -0.11 0.604 0.774 

Valine -0.3 0.137 0.411 

Isoleucine -0.19 0.341 0.685 
Leucine -0.19 0.358 0.685 

2-Hydroxybutyrate 0.06 0.786 0.853 

Protein NH -0.41 0.036 0.194 
Unsaturated lipid -CH=CH- 0.03 0.877 0.932 

Lipid alpha-CH2 0.47 0.016 0.194 

Cholesterol -0.13 0.516 0.774 
Lipid =CH-CH2-CH= -0.19 0.347 0.685 

Glycorol phospholipid 0.35 0.077 0.305 
Phospholipid -0.24 0.245 0.550 

Lipid beta-CH2 0.08 0.683 0.818 

Lipid CH2 0.34 0.087 0.316 
Lipid CH3 -0.02 0.931 0.950 

GlycB 0.48 0.014 0.194 

GlycA 0.4 0.042 0.194 
Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 
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Table S32: Correlation of Lipid Extracts and Immune cell marker CD57+NKTs in Pancreatic 

Ductal Adenocarcinoma. 

 

Feature rho p-value FDR 

cholesterol-derivated 1 0.61 0.002 0.004 

cholesterol-derivated 2 0.67 <0.001 0.003 

cholesterol-derivated 3 0.57 0.004 0.007 

cholesterol-derivated 4 0.64 0.001 0.003 

cholesterol-derivated 5 -0.64 <0.001 0.003 

free cholesterol 0.64 0.001 0.003 

esterified cholesterol 0.22 0.322 0.336 

cholesterol-derivated 6 0.65 <0.001 0.003 

cholesterol-derivated 7 -0.53 0.010 0.013 

cholesterol-derivated 8 0.64 0.001 0.003 

cholesterol-derivated 9 -0.63 0.001 0.003 

saturated and omega-9 fatty acid  0.59 0.003 0.006 

omega-7 fatty acid 0.42 0.046 0.051 

omega-6 fatty acid 0.6 0.003 0.005 

Unknown signal at 0.91 ppm -0.06 0.776 0.776 

omega-3 fatty acid 0.68 <0.001 0.003 

monounsaturated fatty acid 0.61 0.002 0.004 

polyunsaturated fatty acid 1 (except linoleate) 0.56 0.005 0.008 

polyunsaturated fatty acid 2 (except linoleate) 0.48 0.021 0.026 

Linoleate 0.55 <0.001 0.009 

Phosphatidylcholine 0.52 0.010 0.013 

Sphingomyelin 0.72 <0.001 0.003 

Triglyceride 0.47 0.025 0.029 

Glycerophospholipid 0.61 0.002 0.004 

Rho: spearman’s correlation coefficient measures the strength of association between two variables; FDR: false discovery rate 
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SUPPLEMENTARY FIGURES 

 

 
 

 
Figure S1: Correlation of Lactate with Cholangitis in PDAC patients: Red dots represent PDAC patients with 

cholangitis. The cholangitis patients did not have the highest levels of lactate across the PDAC groups. Also, no 

significant correlation was observed between the elevated lactate levels and cholangitis and this could be due to 

the sample size limitation. CP: Chronic pancreatitis; RPC: Resectable Pancreatic Ductal Adenocarcinoma; LAPC: 

Locally Advanced Pancreatic Ductal Adenocarcinoma; MPC: Metastatic Pancreatic Ductal Adenocarcinoma. 
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Figure S2: Comparison of Immunophenotyping and Real-Time Polymerase Chain Reactions. The 

expression of CD8 in both assays was very similar. CD8 was most upregulated in LAPC followed by RPC and 

then CP. MPC: Metastatic Pancreatic Ductal Adenocarcinoma, LAPC: Locally Advanced Pancreatic 

Adenocarcinoma, RPC: Resectable Pancreatic Ductal Adenocarcinoma, CP; Chronic Pancreatitis and HC: 

Healthy Controls. 
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APPENDIX A: TURNITIN REPORT 
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APPENDIX B: ETHICS CLEARANCE CERTIFICATE 

 

 

 

 
 

 

 

 

 

 

 

 

 



159 

 

 

APPENDIX C: STUDY INFORMATION DOCUMENT (HEALTHY CONTROLS) 

 

 

 
 

Study title: Metabolites and lipoproteins profiles of a cohort of Pancreatic Ductal 

Adenocarcinoma patients and associated immune responses. 

 

Greetings Sir/Madam: 

 

Introduction: 

Good day, we, Prof. Geoffrey Candy and Nnenna Elebo are carrying out a research study on 

Pancreatic cancer. Research is a process used in seeking new knowledge. In this study, we want 

to learn the role of metabolites in Pancreatic Ductal Adenocarcinoma cancer progression. This 

will be done by drawing blood samples from patients for the three stages of PDAC which are 

resectable, non-metastatic, and metastatic as well as patients with chronic pancreatitis and 

healthy volunteers. This will allow us to study the role metabolites play in each stage and 

compare it with that of the controls (chronic pancreatitis and healthy controls).   

 

Invitation to Participate: For us to study PDAC, we are asking you to take part in this research 

study. 

 

 

What is involved in the study: You are among the healthy volunteers we would like to recruit 

for this study. We are asking for your permission to draw a blood sample, and this will be 

carried out by qualified persons.  

 

Risks of being involved in the study: There is no risk to you directly, but you might feel some 

pains during the blood extraction. 

 

Benefits of being in the study: This is a research study. We do not know at this time what we 

will find if anything. Research studies like this can take years to complete and we need samples 

from several patients to make sure we are seeing the same differences in all the patients. So, at 

this time you will not benefit from taking part in this study. However, if you do take part, we 

may find better ways to treat or diagnose other patients in the future. However, should there be 

a discovery that may benefit you we would contact your treating doctor who would contact you 

through your clinic.  

 

Participation is voluntary: If you decide to not participate in the study, this is your right and 

this will not influence the way you are treated while in hospital. If you decline to take part, we 

simply will not take the samples indicated. If you change your mind later, we will destroy the 

samples we have taken. Again, there will be no penalty or loss of benefits or care that you 

receive. Either way, you will need to contact Prof. Geoffrey Candy to ensure that this happens 



160 

– the contact details are below. Finally, your participation in this study will not cost you 

anything. 

 

Reimbursements: Participation in the study is entirely voluntary and you would not be paid 

for taking part in the study. None of the scientists or doctors are being paid if you decide to 

participate in the study.  

 

Confidentiality: As with any medical records, every effort will be made to keep all your 

personal information confidential. Your name will not be disclosed to any external third parties. 

In order to keep your identity confidential, a specialised identity code will be assigned to you; 

only the investigators of this study will have access to the files which link your name to the 

specialised identity code. However, absolute confidentiality cannot be guaranteed, and 

personal information may be disclosed if required by law. Organisations such as the Research 

Ethics Committee of the University of the Witwatersrand may inspect and/or copy your 

research records for quality assurance and data analysis where this is required (this includes 

groups such as the Medicines Control Council. 

For this study, we are only interested in cancer and diagnosis, not in names and personal 

information. It is the intention to publish the data, showing proteins that may be of interest for 

all the patients in the group – not that of individuals participating in the study.  

 

Contact details of researcher/s: If you have further queries or questions, Prof. Geoffrey 

Candy can be contacted on 011-717 2574 or 083-226 2436 

 

Outputs: As previously mentioned, it is the intention to publish the data, showing proteins that 

may be of interest for all the patients in the group – not that of individuals participating in the 

study. 

 

Contact details of HREC administrator and chair: 

This study has been approved by the Human Research Ethics Committee (Medical) of the 

University of the Witwatersrand, Johannesburg (“Committee”). A principal function of this 

Committee is to safeguard the rights and dignity of all human subjects who agree to participate 

in a research project and the integrity of the research. 

If you have any concerns over the way the study is being conducted, please contact the 

Chairperson of this Committee who is Professor Clement Penny, who may be contacted on 

telephone number 011 717 2301, or by e-mail at Clement.Penny@wits.ac.za. The telephone 

numbers for the Committee secretariat are 011 717 2700/1234 and the e-mail addresses are 

Zanele.Ndlovu@wits.ac.za and Rhulani.Mukansi@wits.ac.za  

 

Thank you for reading this Study Information Sheet. 

 

 

 

Date: February 2019 

 

  

mailto:Clement.Penny@wits.ac.za
mailto:Zanele.Ndlovu@wits.ac.za
mailto:Rhulani.Mukansi@wits.ac.za
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APPENDIX D: STUDY INFORMATION DOCUMENT (PDAC/CHRONIC 

PANCREATITIS PATIENTS) 

 

Study title: Metabolites and lipoproteins profiles of a cohort of Pancreatic Ductal 

Adenocarcinoma patients and associated immune responses. 

 

Greetings Sir/Madam: 

 

Introduction: 

Good day, we, Prof. Geoffrey Candy and Nnenna Elebo are researching Pancreatic cancer. 

Research is a process used in seeking new knowledge. In this study, we want to learn the role 

of metabolites in Pancreatic Ductal Adenocarcinoma cancer progression. This will be done by 

drawing blood samples from patients for the three stages of PDAC which are resectable, non-

metastatic, and metastatic patients. This will allow us to study the role metabolites play in each 

stage and compare it with that of the control which will be chronic pancreatitis  

 

This is a research study and is not part of the normal and routine care which you will receive 

while in hospital. The study hopes to find out why cancer starts, what makes it different, and 

hopefully, find ways to best kill it by using drugs or other treatment therapies. 

 

Invitation to Participate:  In order for us to study pancreatic adenocarcinoma cancer, we are 

asking you to take part in this research study. 

 

 

What is involved in the study: You have been diagnosed with one of the three classes of 

PDAC or chronic pancreatitis disease which would be used as a control group in this study. In 

this study only your blood samples would be required, and they will be taken once. About 16 

ml of your blood will be extracted in two different tubes: purple cap tube (10 ml) and red cap 

tube (6 ml). The blood samples collected will be processed into serum, plasma, and cells. 

Various techniques will be used to analyse the metabolites present in the blood at each stage 

of cancer and compared with each other as well as with the control blood samples. 

 

Risks of being involved in the study: We are extracting the blood through your veins, and 

this could cause some discomfort and pains but there is no risk to you. Furthermore, this 

extraction will be done by the interns in the surgery division unit 1, that are trained to do so 

safely.  

 

Benefits of being in the study: This is a research study. We do not know at this time what we 

will find if anything. Research studies like this can take years to complete and we need samples 

from a number of patients to make sure we are seeing the same differences in all the patients. 

So, at this time, you will not benefit from taking part in this study. However, if you do take 

part, we may find better ways to treat or diagnose other chronic pancreatitis patients in the 

future by discovering ways of preventing its progression to cancer. However, should there be 



162 

a discovery that may benefit you we would contact your treating doctor who would contact you 

through your clinic.  

 

Participation is voluntary: If you decide not to participate in the study, this is your right and 

this will not influence the way you are treated while in hospital. If you decline to take part, we 

simply will not take the samples indicated. If you change your mind later, we will destroy the 

samples we have taken. Again, there will be no penalty or loss of benefits or care that you 

receive. Either way, you will need to contact Prof. Geoffrey Candy to ensure that this happens 

– the contact details are below. Finally, your participation in this study will not cost you 

anything. 

 

Reimbursements: Participation in the study is entirely voluntary and you would not be paid 

for taking part in the study. None of the scientists or doctors are being paid if you decide to 

participate in the study.  

 

Confidentiality: As with any medical records, every effort will be made to keep all your 

personal information confidential. Your name will not be disclosed to any external third parties. 

In order to keep your identity confidential, a specialised identity code will be assigned to you; 

only the investigators of this study will have access to the files which link your name to the 

specialised identity code. However, absolute confidentiality cannot be guaranteed, and 

personal information may be disclosed if required by law. Organisations such as the Research 

Ethics Committee of the University of the Witwatersrand may inspect and/or copy your 

research records for quality assurance and data analysis where this is required (this includes 

groups such as the Medicines Control Council. 

For this study, we are only interested in the pancreatic ductal adenocarcinoma cancer and 

diagnosis, not in names and personal information. We intend to publish the data, showing blood 

samples that may be of interest for all the patients in the group – not that of individuals 

participating in the study.  

 

Contact details of researcher/s: If you have further queries or questions, Prof. Geoffrey 

Candy can be contacted on 011-717 2574 or 083-226 2436 

 

Outputs: As previously mentioned, we intend to publish the data, showing blood samples that 

may be of interest to all the patients in the group – not that of individuals participating in the 

study, and these articles would be shown to you if interested. 

 

Contact details of HREC administrator and chair: 

This study has been approved by the Human Research Ethics Committee (Medical) of the 

University of the Witwatersrand, Johannesburg (“Committee”). A principal function of this 

Committee is to safeguard the rights and dignity of all human subjects who agree to participate 

in a research project and the integrity of the research. 

If you have any concerns over the way the study is being conducted, please contact the 

Chairperson of this Committee who is Professor Clement Penny, who may be contacted on 

telephone number 011 717 2301, or by e-mail at Clement.Penny@wits.ac.za. The telephone 

numbers for the Committee secretariat are 011 717 2700/1234 and the e-mail addresses are 

Zanele.Ndlovu@wits.ac.za and Rhulani.Mukansi@wits.ac.za  

 

Thank you for reading this Study Information Sheet 

Date: May 2019 

 

mailto:Clement.Penny@wits.ac.za
mailto:Zanele.Ndlovu@wits.ac.za
mailto:Rhulani.Mukansi@wits.ac.za
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APPENDIX E: INFORMED CONSENT 

 
 

     
 
Consent Form: Metabolites and lipoproteins profiles of a cohort of Pancreatic Ductal 

Adenocarcinoma patients and associated immune responses. 

 
Dear Patient, 

You are currently admitted to our hospital and have been diagnosed with Pancreatic Ductal 

Adenocarcinoma Cancer (PDAC). The Hospital not only renders treatment but is also actively involved 

in conducting research aimed at improving the quality of care that we deliver. From time to time such 

research involves the use of patient records from which information is extracted. We will also be using 

samples taken through your vein for this research study. This sample extraction will not jeopardize your 

safety and there will be no risk at all. The use of such information and sample is subject to the following: 

 

1. Approval from the Human Research Ethics Committee (Medical) of the University of the 

Witwatersrand. 

2. As with any medical records, every effort will be made to keep all your personal information 

confidential. Your name will not be disclosed to any external third parties. In order to keep your 

identity confidential, a specialised identity code will be assigned to you; only the investigators of 

this study will have access to the files which link your name to the specialised identity code. 

However, absolute confidentiality cannot be guaranteed, and personal information may be disclosed 

if required by law. Organisations such as the Research Ethics Committee of the University of the 

Witwatersrand may inspect and/or copy your research records for quality assurance and data analysis 

where this is required for this study we are only interested in cancer and diagnosis, not in names and 

personal information. It is the intention to publish the data, showing metabolites that may be of 

interest for all the patients in the group – not that of individuals participating in the study. 

We would like to obtain your consent to use information from your file for this research, subject to the 

aforementioned conditions. If you choose not to give consent, this will not compromise your treatment 

in any way. If at any time you choose to withdraw consent, you are free to do so and will not be 

prejudiced in any way.  

 

Should you wish to contact us at any stage regarding consent, contact Dr. Jones Omoshoro at (011) 

9339267 or Professor Geoffrey Candy 011-7172574 

 

 

A. Consent Given 

 

I___________________________________ hereby give consent for my records to be used as per the 

above-mentioned conditions for the purposes of research: 

 

PATIENT: _________________________________________________________ 

                            Name                                     Signature                          Date 

 

RESEARCHER: _________________________________________________________ 

                            Name                                       Signature                         Date 

 

WITNESS: _____________________________________________________ _______ 

                            Name                                        Signature                         Date 
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APPENDIX F: PERMISSION TO CONDUCT RESEARCH 

 

PERMISSION TO CONDUCT 

RESEARCH 

 
Date: 11th, May 2019 

 
TITLE OF PROJECT: Metabolites and lipoproteins profiles of a cohort of Pancreatic Ductal 

Adenocarcinoma patients and associated immune responses. 

UNIVERSITY: Witwatersrand 

 
Principal Investigator:  Nnenna Elebo 

 
Department: Surgery 

 
Supervisor: Dr JAO Omoshoro-Jones 

 
Permission Head Department (where research conducted): Yes 

 
The Medical Advisory Committee recommends that the said research be 

conducted at Chris Hani Baragwanath Academic Hospital. The CEO/ management 

of Chris Hani Baragwanath Academic Hospital is accordingly informed and the 

study issue, subject to:- 

• Permission having been granted by the Committee for Research on Human Subjects of the 

University of the Witwatersrand. 

• The Hospital will not incur extra costs as a result of the research being conducted on its 

patients within the hospital 

• The MAC will be informed of any serious adverse events as soon as they occur 

Permission is granted for the duration of the Ethics Committee Approval: · 
 

 


