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ABSTRACT 

Leukaemia, a heterogeneous group of haematological malignancies, presents significant 

challenges in diagnosis, treatment, and management, particularly in resource-constrained 

regions such as South Africa. Despite advancements in targeted therapies, drug resistance 

remains a major obstacle in leukaemia treatment, necessitating the exploration of alternative 

therapeutic approaches. Drug repurposing, which involves identifying new indications for 

existing drugs, offers a cost-effective and time-efficient strategy to expand treatment options. 

However, there is limited research on how leukaemia patients in South Africa respond to 

potential repurposed drugs and combination therapies. To address these gaps, forty-one 

leukaemia patients, including AML, CML, and CLL, were recruited, and their demographic, 

clinical, and treatment history profiles were analysed. Drug sensitivity screening was 

performed using 30 FDA-approved drugs on peripheral blood mononuclear cells (PBMCs) 

isolated from these patients. The effect of the ten promising single drug candidates and their 

combinations was further evaluated on cell viability and CD markers like CD3, CD8, CD19, 

CD38, and HLA-DR via multicolour flow cytometry, providing insights into the cell death 

mode, immune cell dynamics, disease progression, and treatment response. Finally, the 

molecular docking of irinotecan and nilotinib with proteins involved in key leukaemia 

signalling pathways was performed to evaluate the binding affinity. The result provided 

valuable insights into the disparities in the demographic, clinical, treatment history, and 

molecular landscape of South African leukaemia patients, highlighting the variability in drug 

responses among patients with different treatment histories. Irinotecan was found to be the 

most potent drug, with an average DSS score of 9.5. Among the three drug combinations tested, 

the combination of irinotecan with nilotinib was found to be the best, with a Loewe synergy 

score of -10.61. The flow cytometry results showed a moderate increase or activation of CD3+ 

cells (16.7%) upon treatment with irinotecan and nilotinib compared to the untreated condition 

(10.5%). Within the CD3+ population, patient cells treated with irinotecan and nilotinib 

showed a slight decrease in CD3+CD8- cells and an increase in CD3+CD8+ (24.9% vs 28.7% 

respectively) compared to the control sample. The molecular docking results demonstrated that 

irinotecan and nilotinib could act by inhibiting mTOR and PI3K by interacting with the amino 

acids at their docking sites through various covalent and non-covalent interactions.  

In the context of drug repurposing for the treatment of leukaemia in South Africa, this research 

contributes to personalized medicine approaches by showing the feasibility of drug screening 

to identify potential drug candidates for patients who have exhausted treatment options.  
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CHAPTER 1:  GENERAL INTRODUCTION AND LITERATURE REVIEW 

1.1: General Introduction 

The immune system is a complex machinery made up of the innate and adaptive systems 

working together to protect the body against invaders. Some immune cells, like white blood 

cells, also called leukocytes, can undergo malignant modifications leading to cancer, the second 

cause of death worldwide. Haematological malignancies are cancers of the blood that often 

originate in the bone marrow from a myeloid or lymphoid lineage (Juliusson & Hough, 2016). 

GLOBOCAN, a worldwide cancer observatory, reported a global incidence of 474,519 cases 

with a death rate of about 3.2% (Chennamadhavuni et al., 2023). Leukaemia can affect people 

of all ages, but different age distributions can be observed depending on the acute or chronic 

stage of the disease (Juliusson & Hough, 2016). In developing countries including South 

Africa, the mortality rate of leukaemia is higher than the number of new cases (7.7% vs 6.6%) 

even though the incidence is far lower than in developed countries (Sung et al., 2021). 

Haematological cancers account for nearly 10% of the total cancer burden in Sub-Saharan 

Africa, with their incidence rising rapidly (Okello et al., 2021). Although the reported incidence 

of haematological malignancies in Sub-Saharan Africa is lower than in high-income countries, 

this discrepancy may be partially explained by underdiagnosis and underreporting. The World 

Health Organization (WHO) projects that by 2030, the incidence of haematological 

malignancies in low and middle-income countries will increase by 48% compared to 2018 

(Okello et al., 2021). Cancers are genetically different even within patients living in the same 

environment, due to the molecular pathogenesis of the disease. Some factors like age, exposure 

to environmental pollutants, genetics, obesity, cancer progression, and treatment can be 

completely different (Nweke & Thimiri Govinda Raj, 2021). Additionally, during cancer 

progression and therapeutic intervention, clones and subclones may evolve in a patient’s 

tumour. This phenomenon is called intra tumoural heterogeneity and is one of the causes of 

drug resistance, which occurs when cells are genetically different from those in the metastatic 

sites  (Cajal et al., 2020). Precision oncology is a cancer treatment strategy that aims to find the 

most appropriate therapeutic options for the patient. Due to the high heterogeneity among 

patients, identifying the genetic profile of each patient before or during treatment enables a 
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more personalized treatment for cancer patients. However, genomic data alone are not 

sufficient to predict a successful drug; patients’ demographic and clinicopathological history 

should be considered (Desai et al., 2022). Therefore, it is beneficial for both the physician and 

patients to establish an effective and precise platform that helps to identify and validate drug 

candidates for effective treatment and appropriate therapeutic regimens for the patients. 

Just like solid cancers, the treatment of hematologic cancers such as leukaemia varies, 

including radiotherapy, stem cell transplant, chemotherapy, immunotherapy, and targeted 

therapy, and relies mostly on drugs. Furthermore, chronic lymphocytic leukaemia (CLL), 

chronic myeloid leukaemia (CML), and acute myeloid leukaemia (AML), which are distinct 

hematologic malignancies, also require different diagnostic approaches and treatment 

strategies. Selecting a treatment option needs careful consideration, given that there are 

currently multiple options. Drug combination therapy is becoming the standard of care for 

naive patients in place of conventional chemotherapy. Chemo-immunotherapy has improved 

patient responses and overall survival when compared to chemotherapy alone. However, a 

significant number of patients will still relapse and require additional treatment with more 

targeted therapies, often associated with more potential toxicity on the bone marrow precursors 

and frequency of infections after treatment completion (Tam et al., 2008). Thus, a standard 

regimen cannot be normalized due to the uniqueness of each patient and the heterogeneity of 

CLL (chronic lymphoid leukaemia) and or other blood cancers. Approved targeted agents for 

CLL treatment include an intracellular protein downstream of the B-cell receptor, Bruton 

tyrosine kinase (BTK) inhibitors like ibrutinib, which has become standard first-line 

chemotherapy. Ibrutinib is successful in monotherapy and has been used to treat previously 

untreated and relapsed/refractory patients with CLL but can also be used in combination 

therapy. This is proof that the choice of drug or drug combination should be assessed upfront 

based on patients’ characteristics. For example, Woyach and colleagues found no significant 

difference in efficacy between ibrutinib taken alone or combined with rituximab in CLL 

patients aged ≥ 65 years (Woyach et al., 2019).  

Many categories of drugs are used in cancer treatment. These include antitumor drugs like 

the anthracycline’s family (doxorubicin, idarubicin) that inhibit DNA synthesis by insertion 

between DNA base pairs (Tabatabaei et al., 2024). Antineoplastic drugs include cell surface 

antigen-targeted monoclonal antibodies that bind to a specific antigen and facilitate the 
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destruction of the bound cells by the body’s immune system. A good example is Rituximab, a 

monoclonal antibody that targets CD20 expressed on most B-cell malignancies. Antibody-drug 

conjugates (ADCs) is a term used for the combination of monoclonal antibodies with 

chemotherapeutic agents known to possess a more traditional cytotoxic mechanism. This 

category comprises alkylating agents that cause the breakage of the DNA strand by adding an 

alkyl group to the guanine base of the DNA molecule. With an increased understanding of the 

disease, modern therapies like immunotherapy with immunomodulatory drugs (IMiDs) and 

targeted therapy with proteasome inhibitors (PIs) have led to an improvement in patient 

survival rates (Bazarbachi et al., 2019). As the disease progresses with increasing genomic 

complexity, several signalling pathways known to be involved in treatment resistance are 

activated. These signalling pathways can eventually be targeted with a combination of signal 

transduction inhibitors and other approved drugs. Nonetheless, it is important to identify the 

responding patients upfront to treat them with pre-screened drugs to maximize health benefits 

and reduce the risk of relapse and resistance. 

Leukaemia remains a significant clinical challenge, with drug resistance being one of the 

primary obstacles to effective treatment. Resistance arises when malignant cells fail to respond 

to chemotherapeutic agents, either due to inadequate drug delivery to target cells or because 

the cells develop mechanisms to evade the drug’s effects. Several factors contribute to this 

phenomenon. These include cell-adhesion–mediated drug resistance, in which leukaemia cells 

anchor to the bone marrow stroma for protection; multidrug resistance, driven by efflux 

transporters such as multidrug resistance protein 1 (MDR1), multidrug resistance-associated 

protein (MRP), and low-density lipoprotein receptor-related protein (LRP) that actively pump 

drugs out of cells; the failure of apoptosis, allowing cancer cells to avoid programmed cell 

death; barriers to drug delivery that prevent compounds from reaching their intended targets; 

and genetic aberrations, where mutations alter drug targets and confer resistance (Calderon et 

al., 2024; Zhang et al., 2019). These multifactorial resistance mechanisms not only limit the 

efficacy of existing therapies but also underscore the urgent need for innovative strategies that 

can bypass or overcome them. 

One promising strategy to address these challenges is drug repurposing, also known as drug 

repositioning. This approach involves identifying new therapeutic uses for existing, approved 

drugs beyond their original medical indications. In oncology, repurposing offers a unique 
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advantage: drugs that have already been approved for other diseases have known safety 

profiles, pharmacokinetics, and manufacturing protocols, which can significantly shorten the 

time and cost associated with drug development (Mag et al., 2024; Pushpakom et al., 2019). 

For leukaemia, drug repurposing holds particular promise because it allows researchers to 

screen widely available compounds—including non-oncology drugs—for anti-leukaemic 

potential. This not only accelerates the search for effective treatments but also provides options 

for patients who have exhausted conventional therapies due to drug resistance. 

One promising strategy to address these challenges is drug repurposing, also known as drug 

repositioning. This approach involves identifying new therapeutic uses for existing, approved 

drugs beyond their original medical indications. In oncology, repurposing offers a unique 

advantage: drugs that have already been approved for other diseases have known safety 

profiles, pharmacokinetics, and manufacturing protocols, which can significantly shorten the 

time and cost associated with drug development (Mag et al., 2024; Pushpakom et al., 2019). 

For leukaemia, drug repurposing holds particular promise because it allows researchers to 

screen widely available compounds, including non-oncology drugs, for anti-leukaemic 

potential. This not only accelerates the search for effective treatments but also provides options 

for patients who have exhausted conventional therapies due to drug resistance. 

To unlock the potential of drug repurposing, efficient and systematic evaluation methods 

are essential. High-throughput screening (HTS) has emerged as a critical technology for this 

purpose. HTS enables the rapid testing of thousands of compounds for their biological activity, 

using automated platforms that work at molecular or cellular levels (Boshuizen & Peeper, 

2020). Unlike traditional biochemical and pharmacological screening methods, which are 

laborious and time-consuming, modern HTS employs microplate formats with microliter-scale 

assay volumes and minimal compound quantities (often around 1 µg), allowing simultaneous 

testing of multiple drug candidates (Nweke & Thimiri Govinda Raj, 2021).  

In recent years, advancements in bioengineering—such as three-dimensional (3D) culture 

systems integrated with perfused microfluidic environments—have enhanced the ability to 

mimic the in vivo tumour microenvironment. These systems provide continuous nutrient 

supply, waste removal, and controlled oxygen levels, improving both the quality and 

reproducibility of microcultures (Jaafari et al., 2025). Thimiri Govinda Raj et al. (2018) 
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demonstrated a method that mimics the microenvironment of CLL and allows its proliferation 

for 5 days. The model uses in vitro luminescent assays to measure cell viability (cell Titer-Glo) 

and cell death (cellTox). The authors performed drug sensitivity screening for CLL patients in 

Norway and have been able to rank drugs by their selective drug sensitivity score (sDSS), 

generated based on variables such as the half-maximal inhibitory concentration (IC50), the 

slope, and the area under the curve (AUC). The DSS for each CLL sample was then compared 

to the DSS of healthy samples for the whole patient sample cohort tested to create a selective 

DSS for each patient (sDSS = DSSpatient – DSShealthy) (Thimiri Govinda Raj et al., 2018). 

Similarly, Skånland et al, (2020) suggested that phosphoflow be regarded as a potential 

technique for drug dosage and synergy prediction in CLL precision medicine. They 

investigated the effects of idelalisib, ibrutinib, and venetoclax on thirty-five protein targets 

using phosphoflow and identified drug combinations. Their results showed that the ordinary 

dosages of ibrutinib and venetoclax could be reduced without loss of effectiveness, possibly 

lowering medication costs and toxicities (Skånland et al., 2020). 

Using the same technology as Thimiri Govinda Raj and colleagues (2018), this study aims 

to demonstrate the potential utility of a drug screening platform in a cohort of   South African 

leukaemia patients. The identification of effective drug combination against leukaemia patient 

cells could help guide future personalised treatment and serve as a proof of concept for 

precision oncology in South Africa.  

This thesis is structured into six chapters. Chapter 1 provides a general introduction and a 

comprehensive literature review, with sections of this chapter published as a review article 

(Kenmogne et al., 2023). Chapter 2 presents an analysis of the demographic and clinical 

characteristics of patients, including parameters such as age, gender, haematological profiles, 

and treatment history, based on data extracted from patient records. Chapter 3 details the drug 

sensitivity screening conducted on peripheral blood mononuclear cells (PBMCs) isolated from 

patient samples, where 30 FDA-approved drugs were screened, followed by drug combination 

studies focusing on the 10 most potent drugs, culminating in a full matrix combination analysis 

to determine optimal drug concentrations. Chapter 4 employs flow cytometry with a seven-

colour panel to evaluate the impact of drug treatments on cell surface markers, including CD19, 

CD38, CD3, CD8, and HLA-DR, in selected patients. Chapter 5 explores the in silico molecular 

docking of irinotecan against key leukaemia-associated proteins, such as PIPK, mTOR, JAK, 
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and STAT3, with a comparative analysis against nilotinib. Finally, Chapter 6 provides a general 

conclusion and discusses future perspectives arising from the findings of this study. 

1.2: Literature review 

Blood cancers, like most malignancies, occur from genetic modifications resulting in 

neoplastic mutations in the DNA causing abnormal cell proliferation (Okello et al., 2021). The 

proliferation of the incompetent blood cells increases vulnerabilities to infections, making 

hematologic malignancies some of the most challenging cases of cancer to manage.  Leukaemia 

is a blood cancer originating in the bone marrow from lymphoid or myeloid cell modification. 

Based on the duration of maturation and development of leucocytes, leukaemia is divided into 

acute and chronic subtypes. The response of patients to standard treatment varies considerably 

and the survival rate differs among subtypes. The 5 years survival rate of AML patients is 20% 

whereas CLL patients experience a better prognosis with an 86% survival rate (Andresen & 

Gjertsen, 2017; Ou et al., 2022). Although these metrics have improved with advances in 

medicine, many patients will relapse or become refractory to the treatment. The drug resistance 

phenomenon observed can be explained by the heterogeneous characteristic of the disease as 

well as the one-size-fits-all type of treatment options patients used. Therefore, new drugs or 

alternative treatments need to be identified to complement the existing ones or the unmet need 

for effective chemotherapeutic drugs. 

Several studies have evaluated the possibility of redirecting the use of already approved 

drugs to emerging and heterogeneous diseases. The literature abounds with evidence of drugs 

successfully repurposed and released in the market with new indications for the prevention or 

the treatment of cancer (Jourdan et al., 2020; Walpole et al., 2024). The results from virtual, 

experimental studies and more importantly clinical trials have reported the efficacy of different 

classes of drugs against leukaemia subtypes. Additionally, many publications emphasize the 

benefit of using existing drugs for other indications.  However, some studies have shown that 

only 75% of drugs can theoretically be repurposed, and the proportion is even smaller in 

practice (Nosengo, 2016).  Many FDA-approved drugs for the treatment of cancer have been 

redirected and shown to have antileukemic activities. This is obvious as cancers share some 

similarities, and one anticancer agent indicated in treating a type of cancer is more likely to be 

active against another. For example, dasatinib, a kinase inhibitor used to treat certain types of 
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chronic myelogenous leukaemia has been identified as a targeted therapy for T-cell ALL 

(Laukkanen et al., 2017). Another example is Gefitinib, approved as an inhibitor of the 

epidermal growth factor receptor for the treatment of certain lung and breast cancers, has been 

repurposed for chronic myelogenous leukaemia treatment as a bcr-abl tyrosine kinase inhibitor 

(Singh et al., 2017). 

1.2.1: Characteristics of leukaemia subtypes and influence on therapy 

Leukaemia affects both children and adults, with a predominance in whites and males 

(Chennamadhavuni et al., 2023). The four major types of leukaemia are ALL which is more 

likely to occur in children, CLL, AML, and CML, which is more common in adults. The term 

acute means that the disease will progress rapidly in the absence of treatment whereas chronic 

leukaemia, requires observation and is harder to cure.  On the other hand, lymphocytic and 

myelogenous refer to the type of bone marrow cells affected in the cancer type with 

lymphocytes for lymphocytic or lymphoblastic leukaemia and the granulocytes and monocytes 

for myelogenous leukaemia (Chennamadhavuni et al., 2023). The age factor is one of the 

elements to take into consideration when selecting a treatment for a particular patient. For 

example, the type of ALL found in children is different from the type that usually presents in 

adults. Additionally, younger ALL patients have a better prognosis than elderly patients, for 

which the outcome of intensive chemotherapy is poor and associated with higher toxicity  

(Chennamadhavuni et al., 2023).  

Generally, the differences in leukaemia subtypes are found in the clinical, haematological, 

and molecular characteristics of the disease. Therefore, the subtypes and accompanying 

characteristics can affect the disease progression and treatment response, indicative of the need 

for personalised therapy. 

Lymphocytic leukaemia 

In acute lymphocytic leukaemia (ALL), there are three subtypes, namely: L1, L2, and L3. 

Patients classified as having the L1 subtype have relatively small lymphoblasts compared to 

those of subtypes L2 and L3. Blast cells are immature cells that develop into several types of 

blood cells. They have distinct characteristics that influence treatment (Faderl et al., 2010). 
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For example, blast cells with runt-related transcription factor 1 are more likely to respond 

to a treatment with purine analogues (Faderl et al., 2010).  Patients with hyperdiploidy, who 

possess lymphoblasts particularly susceptible to cytotoxic drugs, are known to have a better 

prognosis than those who do not (Lee et al., 2021). Hyperdiploidy in ALL is defined as the 

presence of 51 to 65 chromosomes. This cytogenic abnormality is common in paediatric 

patients who comprise more than 25% of B lymphocyte-ALL compared to adults at 7-8%, 

giving children a favourable outcome and a better survival rate. However, some patients of this 

group may not respond to treatment due to the presence of additional cytogenic aberrations, 

particularly on chromosomes 1q and 17q (Chen et al., 2019). 

Chronic lymphocytic leukaemia also called chronic lymphatic leukaemia (CLL) is 

characterised by a high level of expression of BCL-2, an oncoprotein that inhibits apoptosis. 

Intracellular heterogeneity is also observable in CLL with Immunoglobulin Heavy Chain 

Variable Region (IGVH) mutation status and the 17p and/or 11q deletion and the presence of 

a molecule called ZAP-70 affecting treatment outcome and overall survival (Montserrat & 

Dreger, 2016). Results of a study in Canada showed that first-line chemotherapy is urgently 

required in CLL patients with 11q deletion, however, this group of patients experienced a 

longer overall survival after treatment (Goy et al., 2017). 

Myeloid leukaemia 

There are two classification conventions for AML. The World Health Organisation (WHO) 

classifies AML into subtypes based on the type of genetic abnormality encountered and the 

French-American-British (FAB) classification that relies on the type of cells affected and their 

level of maturity i.e. M0-M7 (Walter et al., 2013). Phenotypic variations include AML with 

mixed phenotype consisting of two forms of leukaemia combined. These include AML with 

minimal differentiation designated AML-M0, in which there is no blast cell differentiation and 

the absence of myeloid markers, and AML with/without maturation (Juliusson & Hough, 

2016). Myeloblastic leukaemia with maturation (M2) and myelomonocytic (M4) are both the 

major subtypes of AML with better and average prognosis, respectively.  

The common types of genetic abnormalities encountered in acute myeloid leukaemia are 

translocations [ t(8,21), t(9,11), t(6,9)] and inversions [ inv(16), inv (3)]. AML patients with 

these abnormalities aged below 60 years old have a better prognosis after treatment with 
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cytarabine with 85 % rates of complete remission compared to patients with 20q deletion or 

patients with abnormalities involving chromosomes 3, 5, or 7 who only attain 30-50% complete 

remission. Furthermore, the correlation between the level of certain enzymes like lactate 

dehydrogenase (LDH) in patients’ serum and shorter survival time has been demonstrated in a 

Chinese AML cohort (Xiao et al., 2021). The study revealed that LDH level was associated 

with a high risk for 60-day mortality among AML patients, especially for those with a 

concentration of 570U/L and greater. In the same study, patients with a distinct subset of AML 

(secondary AML: AML evolving from prior blood conditions like aplastic anaemia or 

myelodysplasia) were also observed to have poor prognosis.  On the other hand, patients with 

a normal karyotype were classified as having a standard or intermediate risk with a 50-85% 

complete remission rate (Xiao et al., 2021).  

A defining characteristic of CML is the presence of the Philadelphia (Ph) chromosome, 

resulting from a translocation between chromosomes 9 and 22 (Sampaio et al., 2021). This 

translocation leads to the formation of the BCR-ABL fusion gene, which drives 

leukaemogenesis by promoting uncontrolled cell proliferation and survival. Approximately 

90% of CML patients are Ph-positive, characterised by an increased genetic instability, and 

only 5-10% are classified as Ph-negative but can possess the BCR-ABL fusion gene, and or 

other additional genetic mutations (Abdulmawjood et al., 2021). Genetic and clinical features 

in CML phases determine the sensitivity of patients to treatments. For example, the response 

of Ph+ AML patients to standard imatinib is reduced when the disease progresses from the 

chronic phase (CML-CP) to the accelerated phase (CML-AP) or to the blastic phase (CML-

BP), which requires second-generation tyrosine kinase inhibitors (Deininger, 2015). 

1.2.2: The case for drug repurposing 

De novo drug discovery is a risky process that is long, labour-intensive, and highly 

expensive. It has about a 45% failure rate, chiefly due to safety or toxicity issues (Bhagat & 

Butle, 2021). The estimated cost for research and development of a new drug ranges from 1-2 

billion dollars (DiMasi et al., 2016) and could take up to 15-17 years. Comparably, drug 

repurposing, repositioning, or reprofiling is a cost-efficient strategy to circumvent the 

difficulties associated with the de novo drug discovery process, as it can help to save 4 to 7 

years in the development phases with a reduced risk of failure (Xue et al., 2018). Indeed, the 
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average cost to launch a drug using the repositioning approach is $1.6 billion compared to $12 

billion for traditional strategy  (Bhagat & Butle, 2021; Xue et al., 2018).  

The concept of drug repurposing is based on two fundamental scientific principles, which 

stipulate that various diseases share similar targets and that drugs can have pleiotropic effects 

(Pushpakom et al., 2019). Target-based repositioning offers the advantage of facilitating the 

process of identifying specific targets and pathways using tools such as molecular docking and 

binding-site similarity that can be exploited in the drug development process  (Jourdan et al., 

2020; Pushpakom et al., 2019). Drug repurposing also offers the possibility to characterise 

diseases based on their molecular profile and link the profiles to drugs that are not used for the 

specific disease. In the era of precision medicine, drugs are administered based on the 

molecular profile of the patient, enhancing the effect of chemotherapy, which emphasises the 

potential of drug reprofiling and repurposing in patient treatment and management (Nweke & 

Thimiri Govinda Raj, 2021). The drug repurposing process involves a major step, which is 

drug sensitivity screening used to determine the effect of the drug(s) on the cancer cells. This 

screening not only helps identify existing drugs with potential anti-cancer activity but also 

provides insights into their efficacy across different patient samples. By systematically 

evaluating drug responses, this approach supports the selection of promising candidates for 

repurposing, guiding the development of more effective treatment strategies. 

1.2.3: The link between precision medicine and drug screening 

Precision medicine is a treatment strategy that focuses on identifying effective treatment 

approaches based on patients' genetic, environmental, and lifestyle features (Dugger et al., 

2018). With the increased knowledge of molecular and genetic characterization of cancer cells 

and various cell-host interactions, precision medicine has emphasized the need for new drugs 

in the management of leukaemia. Both precision medicine and drug repurposing are relevant 

for leukaemia, and particularly for patients who have relapsed or are developing drug resistance 

and do not have any other treatment options (Li & Jones, 2012 ). 

Common treatment options for leukaemia are based on cancer-fighting drugs like 

chemotherapy, biological and targeted therapies, and non-drug-based treatments like radiation 

therapy and stem cell transplant. Chemotherapy, a primary treatment approach, involves the 

administration of cytotoxic drugs that target rapidly dividing cancer cells (Sharma et al., 2024). 
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These drugs can be delivered through various routes, including intravenous infusion, oral 

administration, or intrathecal injection, depending on the type and stage of the cancer. 

Unfortunately, the need for new drugs has been exacerbated due to the high heterogeneity of 

the disease and the specificities of each patient. Therefore, precision medicine is used to reduce 

the lack of drug efficacy and the development of drug resistance by ameliorating patients’ 

stratification and their sensitivity to new drugs (Dugger et al., 2018).  

Drug screening can play a pivotal role in precision medicine by rapidly providing a drug 

sensitivity profile for patient-derived cells. This approach can identify compounds or drugs that 

may be effective against a patient’s tumour.  

1.2.4: Drug screening platforms 

     Drug screening platforms are an important aspect of the drug discovery and development 

process. Indeed, the platform developed for drug screening and resistance testing, the methods, 

and the models selected have an impact on the duration, the cost, and the outcomes of the 

process. Various platforms are used to screen drugs for their pharmacological effects on models 

of diseases. In oncology, chemosensitivity studies have evolved from in vitro cell lines-based 

screening to human primary cancer culture to better predict clinical responses. Advances in the 

development of drug screening platforms seek to reproduce the complexity of the interactions 

within the tumour microenvironment. Some examples of these platforms include microfluidic, 

in silico and computational modelling.  

Microfluidic platforms  

Microfluidic platforms for drug screening allow for the accurate processing and control of 

small volumes of fluid coupled with automated data collection of cell responses. The adoption 

of microfluidic technology provides significant benefits such as low reagent consumption, 

rapid mixing, quick operation and utilisation, and accurate control of the fluid properties (Liu 

et al., 2021). Types of microfluidic platforms used in drug screening include continuous-flow, 

successive droplet, and droplet array platforms (Serra et al., 2020). For drug evaluation and 

validation, microfluidic platforms utilise methods such as microfluidic single-cell, microfluidic 

cell spheroid, single-organ-on-a-chip, and multi-organ-on-a-chip (Liu et al., 2021). These 
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platforms offer the possibility to better understand cell heterogeneity, 3D cell culture that 

recapitulates cell-cell interactions and mimics organ functions in vitro.  

In silico and computational modelling 

With an appropriate virtual screening platform, researchers can identify potent anticancer 

hits by screening millions of drugs based on the structure or ligand-based approach. Screening 

databases for the identification of hit/lead compounds is a powerful approach to lower the cost 

of the drug screening process by identifying viable targets (Sliwoski et al., 2014). The 

pharmacological, structural, biochemical, and toxicological characterization and the archiving 

of key compounds have helped predict the exploitability and the development of new 

compounds (Rognan, 2017). Given the high volume of biological targets and drugs available, 

setting in vitro drug screening and testing for all drug candidates is nearly impossible. Thus, a 

virtual platform makes use of computer-aided screening to assess drug banks and molecular 

target databases to identify the best compound(s) which can further undergo in vitro testing for 

validation (Singh et al., 2017). 

Gorgulla and colleagues have established an open-source drug discovery platform that 

allows ultra-virtual screening (Gorgulla et al., 2020). The highly automated platform called 

VirtualFlow incorporates each step required for the screening of billions of compounds using 

various molecular docking techniques with the use of software such as AutoDock, GOLD, or 

AutoDock Vina. The virtual platform features include linear scaling behaviour, cloud 

computing integration, and autonomous deployment for the ligand screen pipeline. Such 

platforms allow computer-aided drug screening using artificial intelligence, machine learning, 

and deep learning applications, which are currently being implemented in precision oncology 

and drug repurposing (Rafique et al., 2021). Regarding the use of machine learning algorithms 

to predict repurposing prospects using drug data, various types of machine learning algorithms, 

such as supervised and unsupervised machine learning, are useful in building and evaluating 

predictive models by identifying unique patterns in biological data connected to the 

medications (Vamathevan et al., 2019).  

Although virtual screening has some limitations like the environment of drugs screened 

being different from the microenvironment of a living organism, the virtual screening has led 

to the identification of compounds of interest for the treatment of leukaemia (Table 1.1). For 



 

13 
 
 

 

example, Sohraby and colleagues (2017) used a set of computational analyses to predict the 

best inhibitor for CML drug-resistant T315I mutant and BCR-ABL1 mutation. The structure-

based virtual screen (pharmacophore and E-pharmacophore virtual screening) and molecular 

dynamics study of 1590 FDA drugs led to the identification of new ligands (Table 1.1). The 

molecular docking revealed that chlorohexidine has a stronger effect on both T315I mutant and 

wild-type BCR-ABL1 than ponatinib,  the reference drug used in the treatment of CML 

(Sohraby et al., 2017). Chlorhexidine is an antibacterial agent with a broad spectrum of 

antimicrobial activity. It was developed in 1950 and is used as an antiseptic and antibiotic in 

dermatology and dentistry to disinfect the skin, clean wounds, and treat yeast in the mouth 

(Mariotto et al., 2020; Rothwell et al., 2011). The antibacterial mechanism of action of 

chlorohexidine is due to its capacity to disrupt the cell membrane at high concentrations and 

stop bacteria growth at low concentrations. Other drug groups identified in Table 1.1 as 

tyrosine kinase inhibitors include heavy metal antagonists, aminoglycosides, and protease 

inhibitors. 

Similarly, another study performed a virtual screening of 1424 compounds on a ligand-

based virtual screening platform and showed that gefitinib, a compound used in the treatment 

of breast cancer, is a potential target of the allosteric pocket of ABL kinase (Singh et al., 2017). 

Table 1.1: Examples of compounds with potent antileukemic activities identified by virtual screening. 

Drugs Drug class Primary indication New Indication References 

Gefitinib Kinase inhibitor Solid tumour  

BCR kinase inhibitor 

(CML) 

(Singh et al., 

2017) 

(Natarajan et 

al., 2019) 

Ovoflavin Vitamins 

 

Prevention of weight 

loss and skin lesions 

Hesperidin Bioflavonoid Bioflavonoid 

Butirosin Aminoglycoside 

antibiotics 

Active against Gram 

bacteria 

Chlorohexidine  

 

Antimicrobial Antibacterial 

Antileukemic (CML) 

Tyrosine Kinase 

inhibitor 

 

 

(Sohraby et 

al., 2017) 

Paromomycin 

 

Aminoglycoside 

antibiotics 

Antibiotic 

 

Deferoxamine 

 

Heavy metal 

antagonist 

Anti-hemochromatosis 

Ritonavir Protease inhibitor Antiretroviral 

Hydrocarpin Natural product Flavonoids Antileukaemia (AML)  

Inhibits AML receptors 

BCL-2, FLT3 

(Bultum et al., 

2022) 

Bromocriptine Dopamine receptor 

agonist 

Hyperprolactinemia 

Parkinson's disease 

Anti-AML: induces 

apoptosis and  myeloid 

differentiation 

(Lara-Castillo 

et al., 2016) 
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Pre-clinical models of drug screening 

Complimenting virtual drug screening to testing in pre-clinical models enhances the drug 

repurposing process and can further lead to the identification of novel therapeutic agents that 

selectively target cancer cells like leukaemia cells. Examples of compounds from in vitro and 

ex vivo screening with potent antileukemic activities, their classes, and indications are listed in 

Table 1.2. One important relevance of the use of pre-clinical models is in demonstrating the 

synergistic effects of drugs on cancer cells. This combinatorial treatment can lead to enhanced 

efficacy in the treatment and reduction in toxicity.  Importantly, in vitro drug screening offers 

the advantage that drugs can be tested in an environment that mimics the biological 

microenvironment. Based on their in silico results, one study undertook an in vitro test to 

validate the activity of gefitinib on K562 cells, which is a human CML immortalised cell line 

expressing BCR-ABL receptor (Kushwaha et al., 2015) . The combination of gefitinib (5 μM) 

and imatinib revealed a synergistic effect, suggesting that gefitinib can enhance the inhibitory 

effect of imatinib. Researchers have shown interest in screening drugs for leukaemia in vitro 

by medium to high throughput drug screening with encouraging results (Singh et al., 2017; 

Sohraby et al., 2017; Zapevalova et al., 2022) . Using high throughput screening in vitro on 

leukemic cancer cell lines as well as primary cells has led to crucial information necessary to 

improve the management of leukaemia. Through these screening processes, it has been 

reported that the standard dose of ibrutinib and venetoclax can be reduced thereby lowering 

costs and reducing toxicity in patients, while maintaining efficacy (Skånland et al., 2020).  

Ex vivo drug screening on primary human leukemic cells has resulted in the identification 

of single agents or drug combinations. The advantage of ex vivo experiments over in vitro is 

the actionable or translational results that can match patient profiles for personalised diagnosis 

or treatment. Isoprenaline, a beta-adrenergic receptor inhibitor, has demonstrated antileukemic 

activity for the first time and has been combined with the purine analogue fludarabine and with 

ibrutinib, a Bruton’s Tyrosine kinase inhibitor. The results showed a synergistic effect of 

isoprenaline and Ibrutinib on freshly isolated CLL primary cells, with a better synergistic effect 

for cells with higher Ibrutinib resistance (Nehdi et al., 2021). 

In leukaemia research, specialised animal models, including xenograft mouse models using 

human leukaemia cells (e.g., NOD/SCID mice) and genetically engineered mouse models 
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(GEMMs) that recapitulate specific oncogenic mutations (e.g., MLL-AF9, BCR-ABL1), are 

commonly employed to mimic disease progression and treatment response. These models 

provide insight into tumour microenvironment interactions, drug resistance mechanisms, and 

toxicity, thereby bridging the gap between in vitro findings and clinical translation (Hauer et 

al., 2014) 

Table 1.2: Examples of compounds from in vitro and ex vivo screening with potent antileukemic activities, 

their classes, and indications. 

Drugs Drug class Primary 

indication 

New Indication References 

Papaverine Antispasmodics  

(Alkaloid) 

Vasodilator  Antileukemic (CML) 

Promotes apoptosis and 

inhibits bcr-abl 

signalling 

(Parcha et al., 2021) 

Acriflavine Antibiotic Antiseptic Antileukemic (AML, 

CML); modulate 

STAT3/5  

 (Hallal et al., 2020; Nehme et al., 

2021) 

Albendazole Anthelmintic Antiparasitic AML inhibits colony 

formation 

(Matchett et al., 2017) 

Niclosamide Anthelmintic Antiparasitic  T-ALL inhibits GSH 

synthesis and NFAT 

signalling 

(Hamdoun et al., 2017) 

Moxidectin 

Ivermectin 

Milbemycin 

Anthelmintic 

(Macrocyclic 

lactone) 

Antiparasitic Relapsed ALL, 

Induces cell death and 

synergises with BCL-2 

agonists 

(Mezzatesta et al., 2020) 

Metformin Biguanides Antidiabetic 

(Type 2) 

Activates p-AMPK, 

synergises with 

sorafenib in FLT3-

mutated AML  

(Shadman et al., 2015; F. 

Wang et al., 2015) 

Quinacrine Acridines Antimalaria Anti-AML (Eriksson et al., 2015) 

 

1.2.5: Clinical utility of drug repurposing  

Virtual and laboratory drug screening are rapid and can lead to the unexpected discovery of 

new antileukemic drugs. However, the interaction of the body with the drug cannot be easily 

assessed ex vivo. Therefore, clinical trials are important to direct the final opinion on the 

efficacy of the compound being investigated. There is little clinical evidence of new drugs 

successfully repurposed in leukaemia and one possible explanation is the cost associated with 

undertaking clinical studies (Nipp et al., 2015). Another reason might be that a drug that has 

shown antitumour activity in silico, in vitro, or even in vivo with the use of animal models can 

be a failure once assessed clinically because of safety issues or inefficacy (Sun et al., 2022). 
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The complexity of the human organism and the patient's intrinsic and extrinsic features are 

some important points impacting the response of a patient to a certain treatment.  

It should however be noted that there have been some instances resulting in the clinical 

utility of repurposed drugs in leukaemia treatment. One example is thioridazine, an 

antipsychotic drug from the phenothiazine family. It was previously widely prescribed for the 

treatment of depressive disorders and schizophrenia before it was withdrawn from the market 

globally in 2005 because of its adverse effect on cardiac rhythm. Thioridazine was later 

screened and confirmed to possess anti-inflammatory (Baig et al., 2018), and antibiotic 

activities (Van den Driessche et al., 2017). Its anti-inflammatory properties are particularly 

relevant in the context of HLA-DR expression, as HLA-DR serves as a marker of immune 

activation and inflammation (Baig et al., 2018). Elevated HLA-DR expression is often 

associated with immune dysregulation and inflammatory disorders, suggesting that 

thioridazine’s ability to modulate inflammation could have implications for immune-related 

conditions, including leukaemia (Roerden et al., 2021). It was suggested as a potential drug to 

tackle drug resistance in acute myelogenous leukaemia (Jourdan et al., 2020). A phase-1 trial 

completed by Aslostovar and colleagues in 2018 evaluating the efficacy of Thioridazine in 

patients with refractory/relapsed acute myelogenous leukaemia demonstrated the safety and 

efficacy of thioridazine in combination with cytarabine (Aslostovar et al., 2018).  

Another example is pyrimethamine, an antiparasitic drug indicated for the prevention and 

treatment of toxoplasmosis infection and malaria. A clinical trial evaluated the efficacy of 

pyrimethamine in patients with relapsed and refractory CLL after having demonstrated its 

capacity to drastically reduce the expression of the STAT 3 gene in vitro. Three cohorts of CLL 

patients who had received an average of six previous therapies were enrolled in a phase 1 trial. 

The results showed no objective response based on the guidelines of the International 

Workshop on CLLW-CLL in 2008, but half of the patients achieved stable disease, and a 

median overall survival of 22.2 months was observed (Byrd et al., 2014). Though the use of 

pyrimethamine as monotherapy did not lead to convincing results, important insights into the 

mechanism of action suggest that pyrimethamine can be combined with well-established 

signalling pathways inhibitors such as venotoclax, BTK, and PIK inhibitors (Brown et al., 

2021). 
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Other combinational studies have demonstrated encouraging results for new regimens in the 

treatment of leukaemia. Statins, used to reduce the production of cholesterol have been proven 

to enhance the molecular response of CML patients when combined with tyrosine kinase 

inhibitors (Jang et al., 2021; Rizo-Liendo et al., 2020). 

1.2.6: Modulation and inflammatory response in Leukaemia treatment 

The immune system plays a critical role in leukaemia progression and treatment response, with 

immune cell dysfunction and chronic inflammation often contributing to disease pathogenesis 

(Sharma et al., 2024). Leukaemia disrupts normal haematopoiesis, leading to immune 

suppression, impaired antigen presentation, and altered cytokine signalling. Key immune cells, 

including T cells, natural killer (NK) cells, and dendritic cells, exhibit functional exhaustion or 

reduced cytotoxicity, limiting their ability to mount an effective anti-tumour response (Raskov 

et al., 2021). Additionally, increased expression of immune checkpoint molecules, such as PD-

L1, and elevated levels of inflammatory cytokines create an immunosuppressive 

microenvironment that supports leukaemia cell survival and resistance to therapy (Laba et al., 

2022). Given this immune dysregulation, drugs with immunomodulatory and anti-

inflammatory properties, such as thioridazine, may offer therapeutic benefits. Thioridazine’s 

ability to modulate inflammation and influence HLA-DR expression suggests a potential role 

in restoring immune function by reducing chronic immune activation while preserving anti-

leukemic immunity (Roerden et al., 2021). In CLL for instance, CD19, CD20, CD23, and CD5 

are commonly expressed on malignant B cells, distinguishing them from normal B-cell 

populations. The differential expression of CD38 and ZAP-70 is also linked to disease 

prognosis, with higher levels correlating with more aggressive disease (Zapevalova et al., 

2022). Targeting CD markers has become a key therapeutic strategy, as seen with monoclonal 

antibodies such as rituximab (anti-CD20) and alemtuzumab (anti-CD52) (Hartinger et al., 

2022), which enhance immune-mediated clearance of leukaemia cells. Additionally, chimeric 

antigen receptor (CAR) T-cell therapies targeting CD19 have revolutionized treatment for B-

cell malignancies, offering durable remissions in relapsed/refractory cases (Haslauer et al., 

2021). By targeting inflammatory pathways and enhancing immune cell activity, such drugs 

could be repurposed to improve leukaemia treatment outcomes, particularly in combination 

with existing immunotherapies or targeted agents. 
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1.3: Rationale for the study 

Although there are some improvements in biomedicine, the treatment, and management of 

complex diseases of complex pathologies, especially blood cancers, continue to be a great 

challenge. Cancer incidence and mortality are still growing globally, and compared to 

developed countries there are high mortality rates found in developing countries like South 

Africa (Lortet-Tieulent et al., 2020). There are numerous cases of anticancer treatment failure 

due to first-line chemotherapy drug resistance to resulting from cancer inter and intra 

heterogeneity (Santiago et al., 2020). Precision medicine has been adapted as a solution to this 

problem toward more personalised cancer strategies based on the understanding of the clinical 

and biological features of patients with the goal to build the optimal therapeutic option for a 

specific patient. This approach can lead to the investigation of new drugs and drug 

combinations to meet the patients’ unique characteristics. However, drug development is a 

costly process that does not always end up with a successful drug. For this reason, many studies 

are now focusing on repurposing or repositioning drugs. A major concern in the treatment of 

leukaemia is that patients rapidly develop drug resistance since most therapies are stratified 

and not personalised by identifying the responding patient through ex vivo drug screening. 

Medium-to-high-throughput drug screening with patient-derived cells allows for the systematic 

assessment of cellular responses to a diverse set of anticancer drugs, giving an unbiased 

strategy for individualized drug treatment selection. Although some studies have been 

published on drug repurposing for leukaemia precision medicine with some good examples of 

new drug indications (Fürstenau et al., 2019; Skånland et al., 2020; Thimiri Govinda Raj et al., 

2018), leukaemia remains incurable. Furthermore, results from previously reported studies 

cannot be simply extrapolated to other populations due to the diverse genetic and 

environmental features. To the best of our knowledge, no study has been conducted to utilise 

drug screen to identify drugs with the potential of being repurposed for the treatment of South 

African leukaemia patients. 

1.4: Aim 

This project aims to utilize medium-to-high-throughput drug sensitivity screening to identify 

drugs that could be potentially repurposed for the treatment of leukaemia in South Africa. 



 

19 
 
 

 

1.5: Objectives 

1. To describe the demographic and clinical profile (age, disease stage, type of mutation) of 

leukaemia patients  

2. To evaluate the drug sensitivity of patient samples to a panel of thirty drugs using a medium- 

to high-throughput drug screening platform and identify effective drug combinations against 

patient cells. 

3. To determine the effects of selected drug combinations on patient cells and mode of cell 

death by measuring cell viability using flow cytometry. 

4. To evaluate the impact of selected drug combinations on cell surface markers using 

multicolour flow cytometry. 

5. To study the inhibition potential of the most potent drug on the key proteins involved in 

leukaemia pathways with molecular docking technique. 
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CHAPTER 2: DEMOGRAPHIC AND CLINICAL PROFILING OF LEUKAEMIA 

PATIENTS 

 

2.1: Introduction 

Leukaemia, a group of malignant disorders characterised by the uncontrolled proliferation of 

abnormal leukocytes, represents a global public health challenge, affecting populations across 

various geographical regions. According to the Surveillance, Epidemiology, and End Results 

(SEER) database, an estimated 61,090 new leukaemia cases were reported in 2021, constituting 

3.2% of all new cancer cases and ranking leukaemia as the 10th most prevalent cancer in the 

United States (Chennamadhavuni et al., 2023). In South Africa, the burden of leukaemia 

remains substantial. Though epidemiological data are limited, the South African National 

Cancer Registry report showed that leukaemia represents 357 males and 208 females per 

100,000 population diagnosed histologically in 2020 (National Cancer Registry, 2020). 

The major subtypes of leukaemia in adults include acute myeloid leukaemia (AML), acute 

lymphoblastic leukaemia (ALL), chronic myeloid leukaemia (CML), and chronic lymphocytic 

leukaemia (CLL). These subtypes differ in the types of blood cells affected, the pace of disease 

progression, and the underlying genetic abnormalities. For instance, AML and ALL primarily 

affect immature white blood cells, whereas CML and CLL involve more mature cells. 

Moreover, each subtype may have unique risk factors contributing to its development, such as 

exposure to certain chemicals or genetic predispositions.  Generally, the differences in 

leukaemia subtypes are found in the disease's clinical, haematological, and molecular 

characteristics. Clinical profiling encompasses a comprehensive assessment of patients' 

demographic characteristics, disease presentation, and prognostic factors, which guide 

treatment decisions and therapeutic strategies. Key parameters involved in clinical profiling 

include age at diagnosis, gender distribution, cytogenetic abnormalities, molecular markers, 

and comorbidities. 
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2.1.1: Aetiology and risk factors of leukaemia 

The various biological subtypes of leukaemia each exhibit distinct causal mechanisms, with 

specific molecular abnormalities potentially associated with these causal factors. The processes 

leading to the initial mutation could differ from those promoting subsequent mutations.  

The exact cause of leukaemia remains unknown. However, certain factors like ionising 

radiation, specific types of chemicals, particularly organic solvents like benzene, and some 

viruses have been identified as potential contributors to leukemogenesis (Richardson et al., 

2009). Certain exposures consistently emerge as influential contributors to leukaemia risk 

factors. These encompass therapeutic, occupational, and wartime-related radiation, 

chemotherapy, familial predisposition, genetic syndromes, chemical exposures (both 

residential and occupational), and lifestyle elements like smoking (Bispo et al., 2020a). 

Notably, while specific exposures have been linked to subtypes of leukaemia, several 

prominent risk factors exert their influence across multiple subtypes (Bispo et al., 2020a). A 

case in point is the heightened mortality observed in individuals exposed to high doses of 

ionizing atomic bomb radiation in Japan (Richardson et al., 2009). This exposure showcases 

an increased risk for all non-CLL subtypes, including ALL, AML, and CML (Hsu et al., 2013; 

Richardson et al., 2009). Additionally, ionizing radiation exposure has been associated with 

the risk of non-CLL leukaemia in nuclear workers, radiologists, and patients subjected to 

therapeutic radiation for various medical conditions. Noteworthy is the robust link between 

occupational exposure to formaldehyde, a ubiquitous chemical found in building materials, 

household products, and industrial disinfectants, and the heightened incidence of myeloid 

leukaemia (Checkoway et al., 2012; Kang et al., 2021). 

2.1.2: Demographics of leukaemia 

Geographic Location: Geographic location and regional differences can influence the 

incidence and prevalence of leukaemia. Certain environmental exposures or risk factors may 

be more prevalent in specific geographic regions, leading to differences in leukaemia patterns 

across different areas.   

The distribution of leukaemia burden exhibits a discernible geographic pattern closely tied to 

the level of development at the country level. Age-standardized incidence and mortality rates 

are notably higher in countries characterized by advanced development. The International 
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Agency for Research on Cancer (IARC) employs the GLOBOCAN database to categorize 185 

nations based on the Human Development Index (HDI), a composite metric encompassing life 

expectancy, education, and standard of living (Sung et al., 2021). In 2018, the incidence rates 

of leukaemia in countries with high/very high HDI markedly surpassed those in low/medium 

HDI countries. A similar trend was observed in mortality rates, with high/very high HDI 

countries exceeding low/medium HDI countries (Bray et al., 2018).  

 

Ethnicity and socioeconomic status 

Current evidence suggests that leukaemia incidence rates in the United States vary among 

different racial groups. The highest incidence is seen in Whites at 15 cases per 100,000 people, 

followed by blacks at 11 per 100,000, and Hispanics at 10.6 per 100,000. Asians/Pacific 

Islanders (API) and American Indian/Alaskan Natives (AIAN) have lower incidence rates, with 

7.8 and 8.3 cases per 100,000, respectively (Bispo et al., 2020b). A similar pattern is observed 

in mortality rates, which also differ among racial groups. Whites have the highest mortality 

rate at 7 per 100,000, followed by blacks at 5.6 per 100,000, and hispanics at 4.8 per 100,000. 

The mortality rates are lower for API and AIAN, at 3.8 and 3.3 per 100,000, respectively. 

Despite higher incidence and mortality rates in whites, survival rates are poorer for black 

patients across different age groups. For patients under 65 years at diagnosis, the five-year 

relative survival is 73% for whites and 63% for blacks. In the 65 and older age group, the five-

year relative survival is 50% for whites and 43% for blacks (Bray et al., 2018; Siegel et al., 

2024). Socioeconomic factors can impact access to healthcare, early diagnosis, and treatment 

options for adult leukaemia patients. Disparities in healthcare resources and socioeconomic 

status may lead to variations in disease outcomes and survival rates among different 

socioeconomic groups.  

2.1.3: Genetic abnormalities in leukaemia 

Leukaemia is characterised by genetic abnormalities that disrupt normal blood cell 

development and function. These include chromosomal abnormalities like translocations, 

deletions, and duplications, with the Philadelphia chromosome being a notable example, 

leading to the formation of the BCR-ABL fusion gene, implicated in CML (Sampaio et al., 

2021). Mutations in genes such as FLT3, TP53, and RAS also play significant roles, 

contributing to uncontrolled cell growth and survival (Kloppers et al., 2021). FLT3 mutations 
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are common in AML, while TP53 mutations are associated with several leukaemia types, 

including CLL and AML. Additionally, the BCR-ABL fusion gene, besides CML, is found in 

a subset of ALL cases, indicating its broader significance across leukaemia subtypes (Hallek 

et al., 2018; Jabbour & Kantarjian, 2018; Reikvam et al., 2011). Understanding these genetic 

aberrations is pivotal for accurate diagnosis, prognosis determination, and the development of 

targeted therapies tailored to the underlying molecular drivers of the disease. 

2.1.4: Treatment of leukaemia 

The treatment landscape of leukaemia has significantly evolved over the years. Conventional 

treatment approaches include chemotherapy, radiation therapy, and stem cell transplantation. 

Targeted therapies specifically target molecular abnormalities driving leukaemia growth, such 

as tyrosine kinase inhibitors CML targeting BCR-ABL fusion protein. Immunotherapies, such 

as monoclonal antibodies and chimeric antigen receptor (CAR) T-cell therapy, harness the 

immune system to recognize and eliminate leukaemia cells. During cancer progression and 

therapeutic intervention, clones and subclones may evolve in a patient. This phenomenon 

called intratumor heterogeneity is one cause of drug resistance (Desai et al., 2022). Considering 

tumour genetic features in clinical settings can help to overcome drug resistance linked to 

tumour heterogeneity and tailor personalized cancer therapy. The treatment modalities of 

leukaemia are extensively discussed in the previous chapter (Chapter 1). 

This chapter aims to document the demographic and clinical profile (including treatment) of 

the adult leukaemia patients enrolled in this study and to analyse differences in treatment to 

support the need for precision medicine. 

2.2: Material and Methods 

2.2.1: Patient recruitment and sample collection 

The University of the Witwatersrand, Human Research Ethics (REC-250208-004) granted 

ethical approval for the study (M211171). Permission to conduct the study was obtained from 

the Chris Hani Baragwanath Academic Hospital (CHBAH) and Wits Donald Gordon Medical 

Centre (WDGMC), both based in Johannesburg, South Africa. Sample and data collection were 

carried out at the Haematology Department of these hospitals from 1st June to 30th November 

2022. Prior to sampling, voluntary informed consent (Appendix F) was obtained from all 
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participants. All patients aged 18 years and above, and diagnosed with AML, CML, and CLL, 

were included. Patients presenting with other cancers were excluded. Blood was drawn from 

forty-one patients and five healthy volunteers who were not on any chronic medication. Twenty 

millilitres (20 mL) of blood was collected in EDTA tubes from each participant once off. 

Leukaemia patients were selected based on clinical diagnosis. Demographic and clinical data 

were collected from medical reports, including age, gender, and ethnicity. Clinical and 

laboratory parameters collected from patients' files included the date of diagnosis, date of 

recruitment, previous treatment and duration, performance status, haematology parameters like 

haemoglobin (Hb), white blood cell count (WBC), lymphocytes, monocytes, disease stage, and 

cytogenic aberrations. 

For more details on the parameters included, please refer to Appendix D. 

2.2.2: Data collection and statistical analysis 

Data were entered into a Microsoft Excel sheet and loaded in R version 4.3.2 for analysis. 

Descriptive statistics were calculated, including sums, proportions, percentages, means, and 

medians. The findings were also depicted using appropriate charts, tables, and figures. A p-

value ≤ 0.05 was considered statistically significant. The Wilcoxon and Kruskal-Wallis rank-

sum tests were employed to compare disparities in numerical covariates such as age, while 

Fisher's exact test was utilized to evaluate differences between categorical variables, such as 

gender or race.  

The summary statistics were generated using the tbl_summary function of the gtsummary 

package in R, which automatically selects the appropriate summary statistics based on the 

variable type. For continuous variables, it calculates the mean and standard deviation if the data 

are approximately normally distributed, and the median and interquartile range (IQR) if the 

data are skewed. For categorical variables, it calculates the count and percentage in each 

category.  

2.3: Results 

2.3.1: Demographic and haematological profile 

The age distribution by subtype and gender is illustrated in Figure 2.1. Female participants in 

the cohort were found to develop AML and CML at an early stage compared to male 
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participants. Specifically, the youngest participants were female, aged 19 and 21 years old, 

from the CML and AML subtypes, respectively, whereas in the male category, the youngest 

for the same subtypes were 31- and 58-years old Figure 2.1. The evaluation of age at disease 

onset and the age at the time of blood collection, gender, and race to gain a better 

comprehension of the population and variations in disease parameters is displayed in Table 

2.1. A significant difference (p = 0.02) in age at enrolment was found among subtypes at the 

time of entry into the study. The median as a measure of central tendency revealed that the 

CML subtype had the smallest median age, followed by AML and CLL (45, 58, and 63 years, 

respectively).  

The gender distribution in the cohort did not yield statistical significance. The study comprised 

in total a higher number of male participants (n=23) than female participants (n=18). Among 

the subtypes, females made up 71% of AML patients and 37% of CML patients (Table 2.1). 

Males, on the other hand, represented 29 % and 63 % of AML and CML subtypes, respectively. 

In the CLL subtype, the sex ratio was equal, with 50% of the cohort being female and 50% 

being male. 

 

 

Figure 2.1: Age distribution by diagnosis and gender. AML: Acute myeloid leukaemia, 

CLL: Chronic lymphocytic leukaemia, CML: Chronic myeloid leukaemia 
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Table 2.1: Summary statistics of the subjects in the cohort 

Characteristics AML, N = 7 CLL, N = 4 CML, N = 30 p-value 

Age, median (IQR) 58 (28 - 74) 63 (62 - 64) 45 (40 - 52) 0.020 

Onset Age, median 

(IQR) 

38 (23, 64) 61 (60, 64) 40 (34, 48) 0.072 

    Unknown 1 1 9  

Gender    0.3 

   Female 5 (71%) 2 (50%) 11 (37%)  

   Male 2 (29%) 2 (50%) 19 (63%)  

Weight (Kg) 64 (64, 71) 80 (76, 84) 74 (68, 79) 0.030 

Ethnicity, n (%)    0.023 

   Black 3 (43%) 3 (75%) 25 (89%)  

  White 4 (57%) 1 (25%) 3 (11%)  

  Unknown 0 0 2  

AML: Acute myeloid leukaemia, CLL: Chronic lymphocytic leukaemia, CML: Chronic 

myeloid leukaemia, IQR: interquartile range 

 

The haematological characteristics of the cohort at the time of collection were matched and 

compared across the three subtypes (AML, CLL, and AML) and summarised in Table 2.2. No 

significant differences were observed among subtypes, except for the concentration of 

Haemoglobin, white blood cells (WBC), and neutrophils (p ≤ 0.05). AML and CLL patients 

demonstrated abnormal values of haemoglobin (8.30 g/dL and 9.80 g/dL, respectively) outside 

the normal or reference range (12.4 g/dL – 16.7 g/dL) (BARC SA, April 2023). The same 

observation is true for the WBC and lymphocytes, where AML patients had median values of 

WBC and Lymphocytes (3 x109/L and 0.84 x109/L respectively) lower than their respective 

reference range. For CLL, the abnormal values of WBC (31 x109/L) and Lymphocytes (25.86 

x109/L) are far higher than the maximum value of their respective reference range (4.0 x109/L 

– 12.0 x109/L and 1.0 x109/L – 4 x109/L). As compared to the reference ranges of the evaluated 

parameters, CML patients tend to have haematological parameters that fit into the normal 

range. Indeed, the mean corpuscular volume that measures the volume of the size of the red 

blood cells was within the normal range (79 fL – 100 fL) for AML (93.6 fL) and CML (90.9 

fL), whereas CLL patients had a mean MCV higher than the normal range, with a MCV of 

105.6 fL.  

Overall, AML patients tended to have abnormal MCV values below the normal range whereas 

CLL patients had abnormal values higher than the reference range. 
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Table 2.2: Summary of the haematological profile of the cohort. 

Characteristics 

+Referenc

e range 
AML CLL CML p-value 

Haemoglobin 

(g/dL) 

12.4 - 16.7 8.30 (8.10, 9.00) 9.80 (9.80, 9.80) 14.20 (11.23, 

14.88) 

0.014* 

Mean Corpuscular 

Volume (fL) 

79 – 100 93.6 (92.9, 94.5) 105.6 (105.6, 

105.6) 

90.9 (84.6, 95.1) 0.13 

Platelets x109/L 150 -450 61 (28, 199) 92 (92, 92) 240 (205, 296) 0.071 

WBC x109/L 4.0 – 12.0 3 (2, 4) 31 (31, 31) 6 (4, 7) 0.052* 

Neutrophils x109/L 2.0 – 7.5 1 (1, 1) 4 (4, 4) 2 (2, 4) 0.053* 

Eosinophils x109/L 0.00 – 0.50 0.02 (0.00, 0.06) 0.32 (0.32, 0.32) 0.05 (0.02, 0.17) 0.3 

Basophils x109/L 0.00 - 0.30 0.01 (0.00, 0.02) 0.02 (0.02, 0.02) 0.03 (0.01, 0.19) 0.11 

Lymphocytes 

x109/L 

1.0 – 4.0 0.84 (0.28, 2.11) 25.86 (25.86, 

25.86) 

1.94 (1.57, 2.85) 0.089 

Monocytes x109/L 0.2 – 1.0 0.52 (0.21, 0.89) 0.96 (0.96, 0.96) 0.40 (0.29, 0.51) 0.5 

+ Reference range evaluated by Bio Analytical Research Corporation South Africa (BARC SA),  

https://www.barcsa.co.za/test-directory/test-reference-ranges/ Accessed on 8th April 2023. AML: Acute myeloid 

leukaemia, CLL: Chronic lymphocytic leukaemia, CML: Chronic myeloid leukaemia. * p-value ≤ 0.05 considered 

statistically significant 

 

2.3.2: Drugs administered as a previous treatment to study participants. 

The treatment of leukaemia requires the use of drugs that vary depending on subtypes. As 

shown in Table 2.3, Imavec appeared to be the most frequent medication used in the cohort 

followed by Tasigna. These two drugs are commercial brand names containing the 

chemotherapy compounds imatinib mesylate and nilotinib respectively. Additionally, the 

comprehensive list (Table 2.3) showed the occurrence of different medications that can be 

grouped into different classes of drugs. Targeted therapies like dasatinib, imatinib, ponatinib, 

nilotinib, and asciminib, which are indicated for the treatment of chronic myeloid leukaemia 

as well as the class of drug called antimetabolites represented with the presence of hydroxyurea 

(HU). The presence of alkylating agents like venotoclax and chlorambucil confirms the 

presence of chronic lymphocytic leukaemia patients in the cohort. Furthermore, the results also 

https://www.barcsa.co.za/test-directory/test-reference-ranges/
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showed that some patients underwent bone marrow transplants (BM Transplant), which is a 

treatment strategy for acute myeloid leukaemia patients. Interestingly, non-cancer drugs such 

as tradozone (a serotonin modulator used for maintaining mental health) and antibiotics like 

fluconazole and andolex were also present in the corpus. 

 

Table 2.3: A comprehensive list of the patients’ prior treatment and commonly used 

chemotherapy drugs in the cohort. 

Drug name Frequency Brand or active 

compound 

Drug class 

Imavec 11 Brand name 

(Imatinib) 

Kinase inhibitors 

Tasigna 7 Brand name 

(Nilotinib) 

Tyrosine kinase inhibitor (TKI) 

Nilotinib 6 compound Kinase inhibitors 

Vidaza 4 Brand name 

(Azacytidine) 

Kemethylation agents 

Dasatinib 3 compound Kinase inhibitors 

Gleevec 3 Brand name 

(imatinib) 

Kinase inhibitors 

Imatinib 3 compound Kinase inhibitors 

Ponatinib 3 compound Kinase inhibitors 

Venotoclax 3 compound B-cell lymphoma-2 (BCL-2) 

inhibitors 

Hydroxyurea 

(HU) 

2 compound Antimetabolites 

Fluconazole 2 compound Antifungals-triazoles 

BM Transplant 2   

Thioguanine 1 compound Purine analogues 

Allopurinol 1 compound Xanthine oxidase inhibitors 

Andolex 1 Brand name Anti-inflammatory 

Asciminib 1 compound Kinase inhibitors 

Bendamustine 1 compound Alkylating agents 

Grantryl 1 compound 5-HT3 receptor-antagonists 

Chlorambucil 1 compound Alkylating agents 

 

2.3.3: Evaluation of patients’ fitness status and treatment history 
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Many cancer patients are given chemotherapy as a means to manage the disease, with a possible 

impact on their quality of life. The Eastern Cooperative Oncology Group (ECOG) Performance 

Status Scale (Appendix 2.1) is a widely used measurement tool that assesses a patient's level 

of functioning based on their ability to perform self-care, engage in daily activities, and 

maintain physical capabilities such as walking and working. It is used as a standardised 

criterion by multiple hospitals, cancer centres, and clinics to measure the effect of the disease 

and response to treatment on a patient's daily living abilities, commonly known as the patient's 

performance status (P.S) to physicians and researchers. Patients recruited in this study had a 

performance status of either 0 or 1 as shown in Figure 2.2. Just over half of the female 

participants with the CML subtype tended to have a performance status (P.S = 1) associated 

with restriction in strenuous physical activity compared to males with CML where the majority 

had a performance PS of 0, interpreted as fully active and able to carry on all pre-disease 

performance without restriction. 

 

 

Figure 2.2: Patient performance status. AML: Acute myeloid leukaemia, CLL: Chronic 

lymphocytic leukaemia, CML: Chronic myeloid leukaemia.  0 indicating fully active and 1 

means restricted in strenuous activity.  

 

2.3.4: Evaluation of the treatment history of patients 
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Overall, No CLL patient in the cohort underwent multiple treatments as CLL often requires a 

wait-and-see period and some patients do not require treatment. AML and CML are the 

subtypes that usually require immediate treatment at diagnosis to reduce the symptoms of the 

disease and to avoid disease progression and differentiation into another subtype. All CML 

patients had received at least one chemotherapy drug. Table 2.4 shows the list of patients who 

underwent more than one treatment. For most CML patients, the first treatment regimen 

included a tyrosine kinase inhibitor like nilotinib or imatinib. Interestingly, the treatment 

response varies among patients and even among patients diagnosed in the same year.  For 

example, patients BH14 and BH28 diagnosed in 2017 received imatinib as first-line 

chemotherapy but demonstrated different treatment responses over time. Patient BH14 started 

treatment in 2017 and received nilotinib in 2019, while patient BH28 only started nilotinib in 

2022. Another notable observation of the treatment history is the difference in drug 

concentration of the various chemotherapeutic agents administered to patients. In only fourteen 

months of chemotherapy, BH22, who was diagnosed in 2021, has experienced a considerable 

treatment variation, starting with Imatinib for 6 months and then receiving Tasigna (nilotinib) 

in February 2022 (Table 2.4). The change in drug concentration is seen with the 

chemotherapeutic agent ponatinib, which was administered in September 2022 at 45 mg, 

reduced to 15mg in the same month, and stabilised at 30mg in October 2022.  

A similar pattern of variability is observed in other patients with drugs like nilotinib, which 

was administered to BH08 from 400 mg to 200 mg but was increased from 400mg to 600mg 

on BH16 or from 200mg to 400mg on BH05 (Table 2.4). 

Table 2.4: Treatment history of patients who received more than one chemotherapy drug. 

Code 
Subtype Year of 

Diagnosis 

Treatment history Duration PBMC 

(x 106 ) 

BH22 CML 2021 July2021, Imavec (imatinib) 

February 2022, Tasigna (nilotinib)  

September 2022, ponatinib 45mg  

ponatinib 15mg,  

October 2022, ponatinib 30mg 

6 months 

6 months 

 

1 month 

 

Current 

5.3 

BH08 CML 2021 April 2021 Tasigna (nilotinib) 

400mg  

June 2021 Tasigna (nilotinib) 

200mg  

2 months 

 

4 months 

Current 

1.05 

BH16 CML 2020 Tasigna (nilotinib) 400mg  5.7 
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Imavec (imatinib) 600mg 

BH05 CML 2017 2017, imatinib 

2021, Tasigna (nilotinib) 200mg  

April 2022, nilotinib 400mg 

3 years 

1 year 

6.15 

BH14 CML 2017 2017-2019, imatinib  

2019-2021, Tasigna (nilotinib) 

2 years 

3 years 

6.5 

BH28 CML 2017 2017, Imavec  

2022, nilotinib  

5 years 3.1 

BH29 CML 2013 2013, Gleevec (imatinib) 

2022, Tasigna (nilotinib) 

8 years 2.625 

      

BH13 CML 2007 2007, Gleevec (imatinib) 

2012, dasatinib 

4 years 28 

BH19 CML 2020 2020, Imavec (imatinib) 400mg  

Tasigna (Nilotinib) 

2 years 6.1 

BH20 CML 2019 2019, Imavec (imatinib) 400mg 

2021, Imavec (imatinib) 600mg 

July 2021, nilotinib 

2 years 2.25 

BH23 AML 2017 asciminib, ponatinib 15mg  7.7 

BH12 AML 2014 thioguanine relapsed twice  31 

DGAML02 AML  2 cycles of Vidaza/Venetoclax  2.925 

AML: Acute myeloid leukaemia, CLL: Chronic lymphocytic leukaemia, CML: Chronic myeloid leukaemia.  PBMC: 

Peripheral blood mononuclear cells, from healthy blood range from 0.5 to 3 x 106 cells/mL blood. 

          

2.3.5: Genetic characteristics of patients 

Leukaemia is characterised by a diverse range of cytogenetic abnormalities, which play a 

crucial role in disease classification, prognosis, and treatment stratification. These 

abnormalities often involve chromosomal translocations, deletions, and mutations affecting 

genes critical for haematopoietic differentiation and proliferation. Although the genetic 

characteristics of most patients were difficult to capture on our study sites some molecular 

aberrations were recorded and presented in Table 2.5. The most common cytogenetic 

abnormalities in AML include the t (8;21) translocations. This well-known translocation also 

known as AML-M2, was found in patient BH12. A relatively rare translocation, t (6,11) (q27; 

q23) was found in the patient DGAML02. Other recurrent abnormalities include mutations in 

genes such as FLT3, and NPM1. In this cohort, one out of the 5 AMLs presented this as an 

NPMI+/FLT3 ITD- abnormality (Table 2.5). This mutation involves the insertion or 

duplication of nucleotides within exon 12 of the NPM1 gene and the FLT3 ITD- indicating the 
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absence of internal tandem duplications in this patient. CML is characterized by the 

Philadelphia chromosome (Ph), resulting from a reciprocal translocation between 

chromosomes 9 and 22, and leading to the formation of the BCR-ABL1 fusion gene. This 

genetic abnormality among CML patients in this cohort was expressed at different percentages 

based on the International Scale (IS). The patient BH04 had a BCR-ABL fusion gene of 75% 

compared to BH18 with 91 %. The absence of Philadelphia chromosome (Ph-) was found in 

patients BH05 and BH29, with different percentages of BCR-ABL expressed 21.48% and 

0.28% respectively (Table 2.5). CLL on the other hand is characterised by the accumulation of 

mature B lymphocytes with a characteristic immunophenotype (CD5+, CD23+, CD19+, 

CD20low/+). Cytogenic abnormalities generally include deletions of chromosomes 13q14, 

trisomy 12, and mutations affecting genes such as TP53. The patient DGCLL01 had del13q14.3 

and trisomy 12, which are common genetic abnormalities associated with a good prognostic. 

Table 2.5: Genetic characteristics of patients. 

Code 
 Diagnosis Stage Cytogenetic aberrations BCR-

ABL (%) 

 AML 

BH12  AML  M2 t (8,21)  NA 

DGAML02  AML  t (6,11) (q27; q23) NA 

AML04  AML Relapse NPM1+/FLT3 ITD- NA 

 CML 

BH02   CML AP Ph+  

BH04   CML  Ph+ 75% 

BH05  CML CP Ph- 21.48% 

BH07  CML CP t(9, 22) / Ph+ 55% 

BH18  CML  Ph+ 91% 

BH22   CML CP T315I  

BH29  CML  Ph- 0.28% 

 CLL 

BH24  CLL Rai1/BenetB  NA 

DGCLL01  CLL  del13q14.3, trisomy 12 NA 

CLL02  CLL   NA 
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 AML: Acute myeloid leukaemia, CLL: Chronic lymphocytic leukaemia, CML: Chronic myeloid 

leukaemia; AP: Acute Phase, CP: Chronic phase; NA: Not Applicable 

2.4: Discussion 

This chapter describes the demographic and clinical profiles of the adult leukaemia participants 

sampled from two hospitals in Johannesburg, South Africa. The investigation focused on 

sampling leukaemia subtypes, and we found three major subtypes prevalent in our cohort, 

namely AML, CML, and CLL.  

 

Demographic profile 

The median onset age of our sample of AML patients was 38 years, which is lower than the 

median age of onset of 67 years for AML globally (Kloppers et al., 2021). The patients in this 

cohort exhibited disease onset at a notably younger age. This observation is similar to the 

findings of a prior study conducted in South Africa, wherein adult AML patients manifested 

the disease with a median age of 38.5 (Kloppers et al., 2021). The reported median age for CLL 

was 61, somewhat lower than the median age generally reported in the literature, ranging from 

66 to 72 years old (Cennamo et al., 2023; Kim et al., 2023). This confirms that CLL is an 

elderly disease affecting predominantly adults in their 60s and above. Overall, in this study, 

the majority of the study population is from black ethnicity, which is particularly true for CML 

(89%). These observations could be explained by an income factor and the study site, which 

included participants mainly from a public hospital in Johannesburg, compared to private 

hospitals, given that blacks constitute the majority of the SA population. Furthermore, due to 

historical reasons, a majority of this population still falls into a lower socioeconomic category. 

The influence of a patient’s ethnicity on the clinical outcome of leukaemia has been 

demonstrated in many studies. Despite receiving equal standards of care, individuals of white 

ethnicity tend to experience a more favourable prognosis, characterized by longer event-free 

and overall survival compared to their black counterparts (Bhatia et al., 2002; Flowers & Pro, 

2013). These findings highlight the significance of considering ethnic diversity when assessing 

clinical outcomes in leukaemia patients and underscore the need for equitable access to 

effective treatment strategies for all ethnic groups. 
 

Clinical characteristics 

Haematological parameters 
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The haematological data of the patients enrolled in this study included various markers such as 

white blood cell count (109/L), haemoglobin (g/dL), mean corpuscular volume (fl), 

lymphocytes (109/L), platelets (109/L), monocytes (109/L), mosinophils (109/L) and basophils 

(109/L). These data collectively provided valuable insights into the haematological status of the 

study population, facilitating the understanding of their blood-related health and potential 

indicators of underlying medical conditions. Significant differences were observed among the 

three subtypes (AML, CLL and CML) for haemoglobin, white blood count (WBC) and 

neutrophil levels. These differences weres found in the AML and CLL subtypes, which were 

generally out of the normal range (Table 2.2).  

All the parameters evaluated were within the normal range for CML patients. This may be 

attributed to the efficacy of BTK inhibitors, which have revolutionised the treatment outcome 

for this subtype of leukaemia patients. On the other hand, CLL patients had a mean MCV and 

WBC higher than the normal ranges and a lymphocyte count of approximately 6 times higher 

than the normal range (Table 2.2). The results of the frequency of drugs in table 2.3 demonstrate 

that most of the CLL patients received less drugs. Indeed, CLL is a chronic subtype of 

leukaemia which generally requires a monitoring period and a third of patients never required 

treatment (Shadman, 2023). Despite having received chemotherapy and bone marrow 

transplantation, most clinical parameters for AML patients were lower than the normal ranges. 

A haemoglobin value less than 12.4g/dL indicates anaemia as seen in the AML and CLL 

subtype. Additionally, thrombocytopenia, characterised by a very low platelet count compared 

to normal ranges was found in AML and CLL patients (Table 2.2). This condition is  life-

threatening, placing these patients at risk of internal bleeding and impaired haemostasis which 

leads to difficulties in blood clotting and bleeding control (Hermsen & Hambley, 2023). 

Neutrophils and lymphocytes perform a crucial function in immune defence by phagocytising, 

eliminating, and digesting invading microorganisms, such as fungi and bacteria. The inability 

in fulfilling this role results in immunodeficiency, primarily characterized by the occurrence of 

recurrent infections (Vaillant & Zito, 2023). Neutropenia and Lymphopenia observed in the 

AML participants in this cohort could be signs of persistent leukaemia or the cytotoxic effect 

of the drugs administered. Chemotherapy-induced toxicity represents a prominent contributor 

to morbidity and mortality among cancer patients. Such adverse effects predominantly arise 

due to the inherent lack of specificity exhibited by chemotherapy agents, leading to direct 

damage to healthy tissues in addition to malignant cells (Vagace et al., 2011).  
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Cytogenetic abnormalities of patients 

The identification of molecular abnormalities in leukaemia patients has significantly 

contributed to a more comprehensive understanding of the disease's biology. Moreover, this 

advancement has facilitated the incorporation of improved risk stratification into diagnostic 

algorithms (Roloff & Griffiths, 2018). Despite the significant progress in the understanding 

and management of leukaemia driven by these molecular discoveries, there have been limited 

publications specifically focused on the prevalence of these mutations in the South African 

leukaemia population. By investigating the frequency of these molecular abnormalities within 

the specific context of the South African population, this study can provide valuable insights 

into the genetic landscape of leukaemia in this region. This information may have implications 

for developing targeted treatment approaches and refining risk stratification methods that are 

more relevant and effective for patients in South Africa. 

In this study, the NPM1 mutation was present in patient AML04, unlike in the study of 

Kloppers and colleagues, who reported no NPM1 mutation for the study of 40 newly diagnosed 

AML patients recruited in an academic hospital in the Free State province of South Africa from 

November 2018 to December 2019 (Kloppers et al., 2021). Additionally, no NPM1 mutation 

was found in a study of 100 AML patients in Sudan (Elzain et al., 2021). In contrast, a study 

of 160 AML patients from Johannesburg, South Africa, showed that 7.5% of patients carry the 

mutation (Marshall et al., 2014). The variation of NMP1 mutation frequency may be attributed 

to the low prevalence or the age of the population. As reported by other studies, only 

approximately 20-30% of AML patients carry the NPM1 mutation, and the method used to 

determine this mutation varies, and one can be more sensitive than others (Raimondi et al., 

2022; Sharma & Liesveld, 2023). However, due to limited available data, no definitive 

association can be established. The NPM1+/FLT3 ITD- genetic profile suggests favourable 

prognostic features for the patient. It implies the presence of NPM1 mutations, which are 

associated with a good response to chemotherapy and improved overall survival (F. Wang et 

al., 2015). Additionally, the absence of FLT3-ITD mutations further enhances the favourable 

prognosis associated with this genetic profile. Patients with AML harbouring the 

NPM1+/FLT3 ITD- genotype often respond well to standard induction chemotherapy and may 

have a lower risk of relapse compared to those with other genetic profiles. Another genetic 
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abnormality detected among AML patients is the presence of translocation t (8,21) and t (6,11) 

(q27; q23) which represents a distinct subgroup of AML patients. The t (8,21) translocation 

represents approximately 5% - 10% of all AML cases and is most common in younger patients 

(Reikvam et al., 2011). The t (6,11) (q27; q23) translocation is associated with a poor 

prognostic compared to t (8,21) (Benjamin et al., 2023; Sharma & Liesveld, 2023).  

Common prevalent chromosomic abnormalities in chronic lymphocytic leukaemia (CLL) 

include the deletion of the short arm of chromosome 17 (deletion 17p), deletion of the long 

arm of chromosome 11 (deletion 11q), deletion of the long arm of chromosome 13 (deletion 

13q), and trisomy of chromosome 12 (trisomy 12). These chromosomal alterations are 

collectively identified in approximately 80% of CLL patients (Kipps et al., 2017; Musaigwa et 

al., 2021). The CLL patients enrolled in this study were identified as having del13q14.3 and 

trisomy 12, which implies that they have a good prognostic factor. 

The Philadelphia chromosome is a distinct chromosomal aberration arising from a reciprocal 

translocation event involving chromosomes 9 and 22. This rearrangement brings about the 

fusion of the BCR gene with the ABL1 gene located on chromosome 9, resulting in the 

formation of a novel fusion gene known as BCR-ABL1. The presence of Philadelphia 

chromosome (Ph-positive) is a defining characteristic of chronic myeloid leukaemia (CML) 

and is essential for diagnosis and treatment, and is present in more than 95% of CML patients 

are Ph-positive (Sampaio et al., 2021). In this study, CML patients were found to harbour this 

genetic feature with different levels of the BCR-ABL fusion gene. An interesting observation 

was the absence of Philadelphia chromosome (Ph-) in some CML patients, also with different 

percentages of BCR-ABL mutation (0.28 – 21.48%). Ph-negative patients constitute about 5% 

of CML cases. Despite the absence of t(9,22) rearrangement, Ph-negative CML may still 

exhibit similar clinical and haematological features as those with Ph-positive CML (Cross, 

2020). The exact mechanisms and molecular abnormalities leading to Ph-negative CML are 

not yet fully understood. Some studies suggest that Ph(+) CML patients may develop Ph(-) 

CML during tyrosine kinase inhibitors (TKI) therapy (Ni et al., 2019; Yuan et al., 2019). These 

results not only highlight the heterogeneity of the disease but also suggest that personalised 

treatments should be considered. 
 

Treatment history and performance status 

Although patients were associated with immunodeficiency, in this study, they exhibited 

relatively good performance status, with all classified as PS 0 or 1 (Figure 2.2). This suggests 
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that despite underlying immune dysfunction, overall functional capacity was not significantly 

impaired. 

The results of this study shed light on the medication profile and treatment strategies employed 

in the cohort of South African leukaemia patients. Targeted therapies, such as dasatinib, 

imatinib, ponatinib, nilotinib, and asciminib, were identified, reflecting their role in treating 

CML. These agents, known for their ability to selectively inhibit BCR-ABL1 fusion protein 

activity, have revolutionized CML treatment and improved patient outcomes (Cross, 2020; 

Natarajan et al., 2019). Although CML patients under TKI had an overall good performance 

status, the differences in reactiveness of patients were noticeable (Table 2.4). The duration of 

treatment varies considerably among patients, and the standard doses of some 

chemotherapeutic agents were decreased or increased depending on the response of a particular 

patient to the treatment. This result emphasises the fact that a one-size-fits-all treatment 

regimen is not the best approach for the treatment of leukaemia, especially for CML, where 

20%-40% require a change of chemotherapy drug due to resistance or intolerance (Benjamin 

et al., 2023). Additionally, alkylating agents' efficacy in disrupting DNA replication highlights 

their significance in CLL therapy. Furthermore, the incorporation of bone marrow transplant 

as a treatment strategy for some patients showcases its potential in managing AML. The 

successful implementation of BM transplant can lead to remission and improved survival in 

AML cases (Mehdizadeh et al., 2022). The mortality rate for adults with AML remains high 

(Abbasi et al., 2019; Sasaki et al., 2021). The established treatment approach for AML involves 

administering remission induction chemotherapy, typically using a combination of 

anthracycline and cytarabine. Subsequently, the patient's further treatment pathway is 

determined based on their capacity to endure intensive therapy and the probability of achieving 

a cure solely through chemotherapy. Options for further treatment include consolidation 

chemotherapy or allogeneic stem cell transplantation (Kayser & Levis, 2023; Roboz, 2012).  
 

2.5: Conclusion 

The findings reported in this study provide valuable insights into the disparities in the 

demographic, clinical, and treatment history and molecular landscape of the cohort of South 

African leukaemia patients, underscoring the importance of tailoring personalised therapeutic 

approaches to improve patients’ outcomes. Future research may delve deeper into the 
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underlying factors contributing to these variations, potentially leading to improved therapeutic 

interventions and better patient outcomes.  
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CHAPTER 3:  DRUG SENSITIVITY AND RESISTANCE TESTING IN 

LEUKAEMIA SAMPLES 

 

3.1: Introduction 

The advent of advanced technologies has revolutionised the landscape of cancer research and 

treatment. Throughout the drug discovery and development phases, a large number of 

pharmaceutical compounds fail clinical trials because of factors such as formulation, safety, 

and distribution. A promising strategy that helps overcome these drug development challenges 

is drug repurposing, which involves medium to high throughput drug screening and requires a 

knowledge of the biochemical, physiological, and clinical significance of the effect of the 

drug(s) to be used (Boshuizen & Peeper, 2020). Drug repurposing or drug repositioning is a 

strategy of investigation and identification of new therapeutic uses for existing and authorized 

drugs other than their intended use. In the treatment of cancer, these already approved drugs 

can be commonly used in chemotherapy or compounds prescribed for diseases other than 

cancer (Pushpakom et al., 2019; Sleire et al., 2017). One of the primary goals of high-

throughput screening technology is to speed up the drug development process for both 

infectious and non-communicable pathologies.  

3.1.1: Principle of drug screening and resistance testing: 

Drug screening plays a vital role in identifying potential treatments for leukaemia, whether 

through novel drug discovery or repurposing existing compounds. To ensure the accuracy and 

relevance of results, several critical factors must be considered. One of the most important is 

assay sensitivity and specificity. Sensitivity refers to the assay's ability to detect even small 

changes in leukaemia cells' response to treatment, which is particularly important when 

evaluating compounds that may exert subtle effects. Specificity, on the other hand, ensures that 

the observed effects are due to the intended interaction with the leukaemia cells, rather than 

non-specific interactions that could lead to false positives (Giliberto et al., 2022; Hughes et al., 

2011). This is essential when testing drugs that might also modulate immune responses, such 

as immunomodulatory drugs, to ensure that the effects observed are truly related to their anti-
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leukemic activity and not off-target immune activation (Sharma et al., 2024). Additionally, the 

choice of a compound library is critical. A diverse library of compounds increases the 

likelihood of identifying effective therapies, particularly for drug-resistant strains. By 

incorporating a wide range of chemical structures and mechanisms of action, researchers can 

identify novel treatments that may not have been considered through traditional drug discovery 

methods (Sleire et al., 2017). The selection of cell lines or disease models also plays a crucial 

role. Using models that reflect this genetic and phenotypic diversity is essential to ensure that 

the screening results are relevant and can inform treatment strategies for a broad range of 

patients. Furthermore, establishing the dose-response relationship allows for the identification 

of therapeutic windows and ensures that drugs are tested in clinically relevant concentrations 

(Giliberto et al., 2022). This is particularly important for drugs like tyrosine kinase inhibitors 

(TKIs), where the goal is to pinpoint effective doses that overcome resistance mechanisms in 

leukaemia cells (Yashiro et al., 2011). By incorporating these factors into drug screening, 

researchers can improve the chances of discovering treatments that will significantly impact 

leukaemia therapy. 

3.1.2:  Benefits of drug sensitivity testing for precision oncology 

Drug screening for precision oncology provides a comprehensive view of how individual 

samples respond to various drugs, allowing for the identification of the most effective 

treatments for each patient. This personalized approach minimizes the trial-and-error process 

in treatment selection, increasing the likelihood of achieving positive clinical outcomes. One 

of the key benefits of high-throughput drug sensitivity testing is its ability to address drug 

resistance, a major challenge in leukaemia treatment. By systematically exposing cells to a 

range of compounds, researchers can identify mechanisms underlying resistance to 

chemotherapy and targeted therapies. This, in turn, facilitates the discovery of alternative drugs 

or combination therapies that can overcome resistance and improve patient outcomes. 

Additionally, drug screening enables the identification of novel therapeutic targets by analysing 

leukaemia subtypes characterized by distinct genetic alterations. Exposing these cells to a 

diverse panel of compounds can reveal selective vulnerabilities, which, when integrated with 

genomic data, offer new insights into the molecular pathways driving drug responses (Kayser 

& Levis, 2023).  
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Beyond improving treatment precision, high-throughput drug sensitivity testing also plays a 

critical role in reducing treatment time and minimizing toxicity. Traditional drug selection 

methods often involve prolonged trial-and-error approaches that expose patients to ineffective 

or unnecessarily toxic treatments. By rapidly evaluating multiple drugs and their 

concentrations, high-throughput screening accelerates the selection of optimal therapies, 

sparing patients from unnecessary side effects and allowing for timely treatment adjustments 

(Szymański et al., 2011). Furthermore, this approach facilitates the identification of effective 

drug combinations, which is particularly important given the complex molecular alterations 

that characterize leukaemia. Many cases require combination therapies to enhance anti-

leukemic effects and counteract resistance mechanisms. Additionally, high-throughput drug 

testing provides valuable guidance for clinical trial design by identifying patient subgroups that 

are most likely to benefit from specific treatments (Boshuizen & Peeper, 2020). 

Drug sensitivity testing is performed on cells with a variety of drugs with a potential cytotoxic 

effect. While there exists a vast repertoire of available drugs, with a diverse range of 

mechanisms of action, target pathways, and therapeutic classes, the strategic selection of drugs 

enhances the feasibility of this study. In this study, a drug library composed of thirty FDA-

approved drugs from various drug classes was selected.   

3.2: Aim 

This chapter aims to evaluate the effect of a drug library against leukaemia samples, 

specifically subtypes such as AML, CLL, and CML, and identify the best drug combinations. 

This chapter has been accepted in Scientific Reports 

3.3: Materials and Methods 

3.3.1: Cells and controls 

Two cell types were used in the screening process: a continuous cell line (HeLa) and primary 

cells, peripheral blood mononuclear cells (PBMCs).  Dulbecco's Modified Eagle's Medium 

(DMEM) and Roswell Park Memorial Institute 1640 Medium (RPMI) were prepared by 

supplementing 445 mL of medium with 50 mL (10%) of heat-inactivated foetal bovine serum 

(FBS) and 5 mL (1%) of Penicillin-Streptomycin antibiotics (100µg/mL). This supplemented 
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medium was henceforth referred to as complete media. DMEM was used in the culturing and 

maintenance of HeLa cells, while RPMI was used for the primary cells (PBMCs) 

A negative control of 0.1% dimethyl sulfoxide (DMSO) and a positive control of 100 µM BzCI 

were selected. The preparation of BzCI involved dissolving 0.448 g of benzethonium chloride 

powder in 10 mL of distilled water to create a 0.1 M solution in a 15 mL Falcon tube. 

Subsequently, 100 µL of the 0.1 M BzCI solution was pipetted into 900 µL of water in a 1.5 

ml Eppendorf tube to obtain 10 mM BzCI, and 100 µL of this solution was further diluted with 

900 µL of water to achieve 1 mM BzCI. Additionally, 1% DMSO was prepared in an 

Eppendorf tube by pipetting 2 µL of 99.5% DMSO into 198 µL of ddH20 

3.3.2.: Revival and culture of HeLa cells 

HeLa cell line (cervical carcinoma) obtained from Cellonex (Pty) Ltd (Separations Scientific) 

was used to assess the reproducibility of the platform in a preliminary experiment. Vials 

containing HeLa cells were retrieved from a -80°C storage unit and placed on ice. The vial was 

thawed by gentle agitation in a 37°C water bath for approximately 1 minute. After thawing, the 

vial was decontaminated with 70% ethanol, and the cells were then carefully transferred into a 

50 mL Falcon tube containing 15 mL of pre-warmed DMEM after which centrifugation at 900 

- 950 xg for 5 to 10 minutes was performed, and resuspended in complete DMEM media 

(DMEM supplemented with 5% foetal bovine serum (FBS) and 1% penicillin-streptomycin 

antibiotics). The resulting cell suspension was then transferred to a T-25 culture flask and 

incubated at 37°C with 5% CO2, with regular monitoring conducted to assess confluency. 

Trypsinization was performed at 70-90% confluency for further splitting and passaging of 

HeLa cells. The trypan blue exclusion method was used to perform the cell viability test, and 

cell counting was performed using the hemacytometer or automated cell counter system. The 

resulting single-cell suspension of HeLa cells was used to perform a primary screen to assess 

the cytotoxicity of the selected drugs. 

3.3.3 Isolation of Peripheral blood mononuclear cells (PBMCs) 

Whole blood was collected from patients at Wits Donald Gordon Medical Centre and Chris 

Hani Baragwanath Academic Hospital after ethics approval (M211171). Samples were drawn 

into BD Vacutainer® EDTA and transported immediately to the laboratory at ambient 

temperature. Approximately 30 min after collection, peripheral blood mononuclear cells 
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(PBMCs) were isolated from whole blood using the Ficoll-Paque™ technique (GE Healthcare, 

Illinois, USA) according to the manufacturer’s instructions. The cells were adjusted to a 

concentration of 106 cells/ml and stored at -80°C and in liquid nitrogen until needed. Briefly, 

the plasma fraction was carefully removed from the EDTA-anticoagulated whole blood, and 

the remaining cellular component was diluted 1:1 with Roswell Park Memorial Institute 

(RPMI) medium without foetal bovine serum (FBS) (Sigma Aldrich, St. Louis, MO, USA). 

The diluted blood was layered onto Ficoll at a 2:1 ratio and centrifuged at 900xg for 30 minutes. 

The buffy coat containing the PBMCs was transferred to a new 50 mL Falcon tube, washed 

with 30 mL RPMI (Sigma Aldrich), and centrifuged at 900 xg for 10 minutes. Red blood cells 

were lysed with ammonium chloride potassium (ACK) buffer (150 mM NH4Cl, 10 mM 

KHCO3, 0.1 mM EDTA, pH 7.2) for 5 minutes, followed by washing with 15 mL RPMI and 

centrifuged at 900xg for 10 minutes. PBMCs were resuspended in a freezing medium 

consisting of 10% dimethyl sulfoxide (Sigma Aldrich, Missouri, USA) and 90% Gibco Foetal 

Bovine Serum (FBS, Thermo Fisher, Massachusetts, USA), placed in cryovials, and initially 

frozen at −80 °C. The vials were then transferred to the vapour phase of liquid nitrogen (−196 

°C) for long-term storage until required for experiments. 

3.3.4 Revival and culturing of patients’ cells 

All the following experiments described in this chapter were performed at the CSIR Centre for 

Synthetic Biology and Precision Medicine.  

Vials containing patient samples were revived after approximately 4 months at -80°C by 

thawing and gentle agitation in a 37°C water bath for approximately one minute. After thawing, 

the vial underwent prompt decontamination with 70% ethanol, achieved through dipping or 

spraying. The cells were then carefully resuspended in 15 mL of pre-warmed Medium (RPMI) 

(Whitehead Scientific) supplemented with 10% of heat-inactivated FBS and 1% of Penicillin-

Streptomycin (Sigma Aldrich) antibiotics, after which centrifugation was performed at 300 g 

for 10 minutes. Upon removal of the supernatant, 10 mL of fresh medium was added to 

resuspend the cell pellet. The cell suspension was transferred to a tissue culture flask or 96-

well plate. 
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3.3.5 Revival, culturing, and the effect of incubation time on PBMCs viability isolated 

from patients. 

The viability of PBMCs over time was evaluated to determine the incubation period for the 

experiment. PBMCs were revived as described in section 3.3.4. Cells were cultured in T-25 

culture flasks and incubated for 24, 48, and 72 hours. The viability for each duration was 

assessed by counting the live cells using trypan blue. The result showed the best viability at 24 

and 48 hours. Single drug response was evaluated at 24 hours, and the combinations at 48 

hours. 

3.4: Drug sensitivity and resistance testing 

3.4.1: Selection of drugs 

The selection of thirty (30) drugs for screening in this experimental study was based on a 

strategic approach to optimise resources while ensuring meaningful insights. The drugs 

screened in this study were imatinib, simvastatin, bortezomib, vinblastine, thalidomide, 

cytarabine, ifosfamide, melphalan, dexamethasone, doxorubicin, gemcitabine, chlorambucil, 

fluorouracil, imiquimod, prednisolone, busulfan, dasatinib, fludarabine, lenalidomide, 

sorafenib, temsirolimus, bendamustine, cladribine, everolimus, irinotecan, nilotinib, 

tacrolimus, tretinoin, cyclophosphamide monohydrate, and 5-azacytidine. While there exists a 

vast range of available drugs, this subset was chosen to represent a diverse range of mechanisms 

of action, target pathways, and therapeutic classes (Appendix 3.1). In addition, the drugs were 

also selected based on the list of previous patients’ treatment (Chapter 2, Table 2.3) and the list 

of oncologic drugs used to treat cancer in South Africa provided by the clinician involved in 

the study. (Appendix 3.2). The strategic selection of drugs enhances the feasibility of this study 

and enables a more in-depth exploration of potential candidates for repurposing in the context 

of precision medicine against leukaemia.  

3.4.2: Optimising drug treatment duration  

Drug treatment is typically conducted in vitro over a 48 to 72-hour period to observe changes 

in cell growth and viability; however, this extended incubation may overlook early cellular 

responses. For assessing cytotoxicity or immediate effects on cell signalling, shorter exposure 

times, such as 24 hours, are more effective, allowing the detection of acute drug effects without 
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the influence of prolonged exposure. In this study, a 24-hour  readout was used to quickly 

identify the most effective drugs for combination experiments, while subsequent screenings 

were performed at 48 hours (Kumar et al., 2018). 

3.4.3: Preliminary drug screening with HeLa cells 

To evaluate the reducibility of the drug screening platform, an initial drug screen was 

performed on HeLa cells with the thirty drugs. The experiment was conducted twice on 

different days and times. Single-cell suspension was seeded at a seeding density of 15,000 cells 

per well into the drug-printed 96-well plate. The volume of cells needed was calculated using 

the formula below, where V (µL) represents the volume of the cell suspension in microliters, 

15,000 cells is the desired cell number, and Total number of cells/mL refers to the cell 

concentration in the suspension. The factor 1000 is a unit conversion factor, ensuring that the 

volume is expressed in microliters (µL) rather than millilitres (mL). 

Volume (V)µL =
15,000 cells

Total number of cells/mL
∗ 1000 

The required volume of cells was then pipetted into each well of the 96-well plates preseeded 

with drug in 1% DMSO, followed by the addition of media to bring the total volume to 100µL 

per well. The plates were incubated at 37°C for 72 hours. Following the incubation period, 10 

µL of PrestoBlue™ Cell Viability Reagent (Invitrogen) was added directly to each well 

containing cells in the culture medium, excluding the media-only well. Subsequently, the plate 

was incubated for a minimum of 10 minutes at 37°C. The relative fluorescence unit (RFU) 

readings were obtained on the Tecan Infinite F5000 plate reader, with excitation at 535 nm (25 

nm bandwidth) and emission at 615 nm (10 nm bandwidth). The viability percentage was 

calculated using the normalized relative fluorescence unit (RFU) for a given drug treatment, 

where the fluorescence intensity of drug-treated cells was compared to the DMSO control after 

subtracting the background fluorescence contributed by benzyl chloride (BzCl), a known 

cytotoxic agent or reference compound. This normalization ensures an accurate assessment of 

cell viability by accounting for non-specific fluorescence signals, thereby improving the 

reliability of the measurement. 
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Viability (%) =
average RFU drug − average RFU BzCl

average RFU DMSO − average RFU BzCl
∗ 100 

3.4.4: Drug sensitivity testing of thirty drugs on patient samples. 

The same method and plate layout employed for HeLa cells was employed to evaluate the thirty 

drugs on the patient samples. The only difference was that the seeding density was 10,000 cells/ 

well and the incubation period was 24 hours for all the patients, compared to 15,000 cells/well 

and 72 hours incubation for the HeLa cells. The drugs were tested at four concentrations, 1nM, 

10nM, 100nM, and 1000nM. 

3.5: Drug combination study on patient samples 

3.5.1: Double drug combination  

Following single drug screening, the 10 most effective drugs (n=5 double combinations) were 

selected for dual combination studies.  Based on clinical relevance to leukaemia and previous 

studies, combinations were arranged (Appendix 3.3) and tested on 35 patient samples (4 CLL, 

5 AML, and 26 CML). Diagonal drug combinations were designed by pairing the first five 

most potent drugs with the next five most potent drugs in the ranking. Each dual combination 

was tested with each drug at the same concentrations ranging from 1 to 1000 nM. Five 

microliters (5 µL) of drug A were seeded into the 96-well plate at concentrations ranging from 

1 to 1000 nM following the plate layout, and 5 µL of drug B was added at the same 

concentrations (1 to 1000 nM) into the respective wells. Cells were added to the plate at a 

density of 10,000 cells/well, and the plate was incubated for 48 hours. 

3.5.2: Full matrix drug combination  

Full matrix drug combination is a resource-intensive method. For this reason, we selected three 

of the best combinations from the drug combination experiment and performed a full matrix 

study as outlined by  Ayuda-Durán and colleagues (Ayuda-Durán et al., 2023). Figure 3.1 

illustrates a typical layout of a full matrix-type DSS drug library design, where drugs are 

combined at various concentrations. The pink boxes highlight the concentrations that have been 

tested in the experiment.  
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In this example, two drugs (Drug 1 and Drug 2) were screened at four different concentrations. The 

drug combinations were tested using two distinct approaches: 

Diagonal Design: Each drug was tested at the same concentration level as the other (e.g., both at 1 nM, 

both at 10 nM). Full Matrix Design: Each drug was tested at all possible concentration pairings, meaning 

Drug 1 and Drug 2 were combined at every included concentration. Drug A (5 µL) was added at 

concentrations ranging from 1 to 1000 nM, and Drug B (5 µL) was also added at concentrations ranging 

from 1 to 1000 nM, ensuring a comprehensive evaluation of drug interactions across all possible 

concentration pairs. In the accompanying figure, the pink boxes represent the concentration pairs that 

were tested, while the grey boxes indicate drug concentrations that were excluded from the experiment. 

3.6: Data analysis  

The drug sensitivity score values were calculated by uploading the raw fluorescence of samples 

and controls (DMSO and BzCl) in the Breeze open-source pipeline version 1.0 (Potdar et al., 

2020).  

The BREEZE data analysis tool is an integrated quality control and data analysis application 

for drug screening (Potdar et al., 2020). It combines comprehensive quality control and dose-

response fitting and calculates the quantitative scoring parameters such as EC50, IC50, drug 

sensitivity score (DSS), and area under the curve (AUC).  

The drug sensitivity score (DSS) is a metric employed to quantify cellular responses to specific 

drugs, integrating various aspects of drug activity such as potency and efficacy into a single, 

comprehensive value. Key components of the DSS include the IC50, which indicates the 

concentration at which 50% of the maximum response is achieved, with lower IC50 values 

signifying higher potency. By combining these factors, the DSS provides a robust assessment 

of drug effectiveness, capturing both the strength of the drug's action and the extent of its 

impact. This score is particularly valuable for comparing the performance of different drugs or 

evaluating the efficacy of drug combinations in preclinical studies, thereby offering a more 

nuanced and informative measure of drug activity than IC50 alone (Yadav et al., 2014). 

Therefore, the DSS metric was used for subsequent analyses. 
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Full matrix 

 Figure 3.1:Illustrations of different drug combination designs. 
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Drug combination analysis 

To assess the potential of a drug combination, mathematical and statistical models are required 

to establish the expected outcome, allowing for the formal quantification of synergistic effects. 

In this study, the Loewe additivity (LOEWE) was used to calculate the synergy score. In this 

study, the Loewe additivity was used to calculate the synergy score. (Ianevski et al., 2017). 

3.7: Results 

A primary screen on HeLa cells was conducted twice before drug screening on patient samples 

to assess the reproducibility of the platform. The results confirmed high reproducibility, with 

an R² value of 0.986 (Appendix 3.4). 

3.7.1: Overall single drug efficacy on Leukaemia patient cells 

PBMCs isolated from patients were screened against 30 drugs, with 24-hour viability drug 

responses assessed to evaluate the efficacy of individual drugs. The DSS integrates various 

aspects of drug activity calculated and drugs were ranked based on the average DSS on 

patients’ cells. The drug screening results revealed that among the tested compounds, 

irinotecan emerged as the most potent drug, exhibiting the highest average DSS (Figure 3.2). 

Following irinotecan, everolimus, and bortezomib ranked as the next most effective drugs 

based on their average DSS values. 
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Figure 3.2: Average drug sensitivity scores of thirty drugs tested on patient samples. 

Average DSS on the Y axis, drug name on the X axis. Thirty drugs tested on PBMC isolated 

from patients. 

 

Imatinib showed one of the lowest DSS among all compounds tested. In contrast, other tyrosine 

kinase inhibitors (TKIs) previously administered to patients, including dasatinib and nilotinib, 

displayed higher DSS values. Dasatinib ranked fourth overall in potency, and nilotinib ranked 

sixth. 

The hierarchical clustering presented by a dendrogram in the heat map (Figure 3.3) represents 

the similarity between drugs (rows) or patients (columns) ordered based on cluster calculation. 

The result shows that the drugs can be classified into two main clusters, I and II, suggesting 

distinct patterns of drug sensitivity across the patient or sample profiles, highlighting two major 

groups. Cluster I (red box) represents patients who are more responsive to traditional 

chemotherapy, and cluster II represents those with a more variable response to targeted 

therapies like TKIs (green box).  
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Figure 3.3: Drug response profile of patients. 

Heatmap indicating patients' responses to 30 drugs and represented by DSS score. Samples (columns) 

were ordered according to clinical classification, and the drugs (columns) were ordered according to 

their activity. The DSS distribution range for each compound is shown on the lower panel at the left, 

forming drug clusters.  

The upper drug cluster (highlighted in red box) includes drugs such as fluorouracil, 

cyclophosphamide, chlorambucil, and several others, which are primarily chemotherapy agents 

used in the treatment of various cancers, including haematological malignancies like CML and 

CLL (Figure 3.3). These are cytotoxic agents that target rapidly dividing cells, and the strong 

sensitivity here might be indicative of their effectiveness in treating the samples with 

aggressive disease profiles. The predominance of red hues in this region suggests that these 

drugs have higher efficacy or sensitivity in the clustered samples (Figure 3.3). This may 
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indicate that this group of patients is particularly responsive to these conventional 

chemotherapy drugs. 

The lower cluster (Cluster II in green) contains drugs such as dasatinib, imatinib, nilotinib, 

sorafenib, and others, which are primarily tyrosine kinase inhibitors (TKIs) and 

immunosuppressive agents (Figure 3.3). Many of these are targeted therapies that act on 

specific molecular pathways critical for cancer progression, especially CML. The presence of 

more blue areas in this cluster suggests that these drugs are less effective or that the samples 

are more resistant to them, at least in this specific data set. However, certain drugs within this 

cluster may still show some effectiveness (as seen by occasional red patches). This cluster of 

dasatinib, imatinib, and nilotinib together indicates that these drugs may exhibit similar 

response patterns across the samples, likely due to their shared mechanism of action in 

inhibiting the BCR-ABL fusion protein, which is central to CML pathophysiology. 

 

3.7.2: Subtype-specific drug profile 

To further explore the impact of disease on drug response and identify disease-specific 

vulnerabilities, we compared the viability effects of each drug across different disease 

subtypes. The ranking shows that drugs like chlorambucil, cytarabine, gemcitabine, and 

fluorouracil have the highest DSS scores, indicating greater efficacy in AML patient cells 

(Figure 3.4). TKIs such as nilotinib and imatinib, although lower in ranking, are known to be 

effective targeted therapies in CML, but here their lower DSS may reflect drug resistance in 

certain cases or variable patient responses. On the other hand, gemcitabine, irinotecan, 

thalidomide, and chlorambucil were the most potent drugs in CML based on their superior 

DSS. Everolimus, bortezomib, irinotecan, and chlorambucil ranked the highest in CLL, 

suggesting that these drugs are particularly effective against CLL cells. Interestingly, nilotinib 

also appears in the middle of the ranking for CLL, suggesting moderate sensitivity, but lower 

than in CML. 

 

 



 

52 
 
 

 

AML CML CLL 

   

Figure 3.4: DSS distribution among leukaemia subtypes. 

AML (Left chart, blue), CML (Middle chart, orange), CLL (Right chart, green) 

 

3.7.3: Distribution of the effect of some drugs on CML cells 

The boxplot illustrating the effect of nilotinib on CML patients shows a wide range of drug 

sensitivity, with most patients displaying moderate responses (as indicated by the interquartile 

range) but also significant outliers with very high or low DSS scores. On the other hand, the 

boxplot showing the distribution of imatinib's effect on CML patients reveals a similar pattern 

to the nilotinib plot, with most patients exhibiting a moderate response to the drug, as indicated 
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by the concentration of data points within the interquartile range (Figure 3.5). However, 

outliers with higher DSS scores showed the disparity among samples.  

 

Figure 3.5: Distribution of the effect of nilotinib, imatinib, and dasatinib on CML cells. 

DSS scores on the Y axis and CML samples on the X axis. 

 

3.7.4: Overall drug combination effect  

The average drug sensitivity score (DSS) for various single drugs and drug combinations is 

illustrated in Figure 3.6. Among the evaluated treatments, only nilotinib-irinotecan exhibited 

a DSS higher than that of the single drug, suggesting potential synergistic effects when used 

together. Interestingly, an antagonist effect was found with the combination of everolimus and 

5-azacytidine. There is a notable variation in the drug effect among the patients Figure 3.7. 
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Figure 3.6 Overall drug combination response 

The bar graph represents the average drug sensitivity score (DSS) for various single and combination drug 

treatments. Higher DSS values indicate greater drug efficacy. (A) The combination of nilotinib and irinotecan 

(orange bars) exhibits a synergistic effect, as the DSS is higher than either drug alone. (B) The combination of 5-

Azacytidine and Everolimus (green bars) demonstrates an antagonistic effect, as the DSS is lower than the 

individual drugs.  
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Figure 3.7: Drug combination response profile of patients. 

Heatmap indicating patients' response to 10 compounds and their 2 by 2 combination represented by DSS score. 

Samples (columns) were ordered according to clinical classification, and compounds (columns) were ordered 

according to activity.  

 

The Loewe synergy score is a measure used to determine the interaction between two drugs. A 

positive score indicates synergism (where the combined effect is greater than the sum of 

individual effects). In comparison, a negative score indicates antagonism where the combined 

effect is less than the sum of individual effects. Figure 3.8A and 3.8B represent the analysis of 

the synergy between irinotecan and nilotinib. The overall Loewe synergy score is -10.615, 

suggesting a general trend towards antagonism between irinotecan and nilotinib across the 

tested concentrations. Although the red area indicating synergy is limited, a strong synergistic 

effect is observed at the highest concentration of both drugs (1000 nM), coloured dark red, 

indicating a strong inhibition. A similar effect is observed with the combination of nilotinib at 

1000 nM and 1 nM of irinotecan. This observation is consistent with the 3D plot (Figure 3.8B), 

which provides a visual representation of the interactions, showing a trough-like shape with 
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negative synergy scores dominating, while peaks in the surface plot indicate regions with 

higher synergy scores, though these are limited and relatively low. 

 

 

 

 

 

 

 

 

Figure 3.8: Drug response matrix of combined drug efficacy. Analysis of the synergy 

between irinotecan and nilotinib 

3A shows the contour plot of the Loewe synergy scores across different concentrations of irinotecan 

and nilotinib. The colour green represents negative inhibition (potential growth promotion or lack of 

inhibition) and red represents positive inhibition (higher levels of inhibition). The Loewe synergy score, 

with green representing negative synergy scores (antagonism) and red representing positive synergy 

scores (synergism). The scale ranges from -50 to 50 

3B shows the 3D surface plot: the tri-dimensional perspective of the Loewe synergy scores. The colour 

coding is consistent across the plots, with green representing negative synergy scores (antagonism) and 

red representing positive synergy scores (synergism). The x-axis represents the concentration of 

nilotinib (nM), ranging from 0 to 1000 nM, while the y-axis represents the concentration of irinotecan 

(nM) from 0 to 1000 nM. 
 

3.7.5: Molecular features affecting drug response 

Due to missing values on the genetic profile of patients, the comparison of the influence of 

genetic features on drug response was only done for the subtype CML. Various responses were 

observed among patient samples (Table 3.1).  The table presents a detailed overview of six 

CML patients, highlighting their diverse clinical backgrounds, treatment histories, and 

cytogenetic profiles. The treatment regimens include a range of tyrosine kinase inhibitors 

(TKIs) such as nilotinib, dasatinib, imatinib (under the brand names Imavec and Gleevec), 

Tasigna (nilotinib), and ponatinib, reflecting personalized approaches based on individual 
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patient needs and disease characteristics. Notably, patient BH22, with a T315I mutation (Table 

3.1), has been treated with ponatinib, a second-generation TKI effective against this resistant 

mutation, demonstrating the tailored nature of CML management in the presence of specific 

genetic abnormalities. The disease stage varies among patients, with some in the accelerated 

phase (AP) and others in the chronic phase (CP), suggesting a range of disease severities and 

progression states. The average treatment values, which may represent dosages or response 

levels, vary significantly, with BH18 showing the highest value (Table 3.1), potentially 

indicating a robust response to therapy or a need for higher dosages. This data underscores the 

complexity of CML treatment, influenced by factors such as mutation status, disease phase, 

and individual patient characteristics, highlighting the critical need for personalised medicine 

in managing this heterogeneous disease. 

The average DSS values in this table were linked to specific cytogenetic abnormalities, 

primarily the presence of the Philadelphia chromosome (Ph+), which is a characteristic of 

CML. Patients BH02, BH04, BH05, and BH29 have Ph+ status and show varied DSS, with 

BH05 having a particularly high response to Nilotinib (9.1). This variation highlights that while 

Ph+ CML patients generally respond well to tyrosine kinase inhibitors (TKIs), individual 

sensitivity can differ significantly. Notably, BH22 has the T315I mutation, known for 

conferring resistance to first- and second-generation TKIs such as imatinib and nilotinib. This 

patient exhibited a low DSS for Imatinib (5.2) but a much higher sensitivity to Nilotinib (16.7) 

(Table 3.1), a third-generation TKI designed to overcome this resistance mutation. Therefore, 

the cytogenetic profile plays a critical role in determining the efficacy of TKIs, with mutations 

like T315I necessitating more advanced therapies for effective disease control. 

 

 

 

 

Table 3.1: Variability of response among patients with similar characteristics. 

CML patient BH02 BH04 BH05 BH18 BH22 BH29 
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Previous 

treatment 

Nilotinib Dasatinib Nilotinib 

200mg 

Imatinib 

(Imavec) 

Imatinib 

(Imavec) 

 400mg 

Imatinib 

(Gleevec) 

  
Nilotinib 

400mg 

 
Tasigna 

(nilotinib) 

Tasigna 

(nilotinib) 
    

Ponatinib 

45mg 

 

Average DSS 2.93 3.96 6.59 1.39 8.70 4.47 

Dasatinib 11 0 0 11.4 0 12.2 

Nilotinib 9.1 0 0 5.2 0 16.7 

Imatinib 0 0 0 0 0 0 

Stage AP 
 

CP 
 

CP 
 

Cytogenic 

Abnormalitie

s 

Ph+ Ph+ Ph- Ph+ T315I Ph- 

CML: Chronic myeloid leukaemia; DSS: Drug sensitivity score; AP: Accelerated phase; CP:  Chronic 

phase; Ph+: Philadelphia chromosome positive; Ph-: Philadelphia chromosome negative; T315I: 

BCR-ABL mutation associated with resistance to tyrosine kinase inhibitors (TKIs). DSS represents 

the effectiveness of specific drugs in inhibiting leukaemia cell growth, with higher scores indicating 

greater sensitivity. Previous treatments and cytogenetic profiles are listed for each patient. 

 

3.8: Discussion 

3.8.1: Single drug response profile 

The results of the drug sensitivity screening conducted on PBMCs isolated from leukaemia 

patients offer promising insights into the potential repurposing of existing cancer drugs for 

leukaemia treatment (Figure 3.2). Among the 30 drugs evaluated, irinotecan demonstrated the 

highest efficacy, achieving the top drug sensitivity score (DSS). Notably, irinotecan, a 

topoisomerase I inhibitor traditionally used to treat solid tumours (Chai et al., 2024), showed 

remarkable potency in reducing leukaemia cell viability. This unexpected finding suggests a 

broader therapeutic application for irinotecan beyond its conventional uses in solid tumours. 

The observed efficacy may be attributed to its ability to interfere with DNA replication and 

induce apoptosis, which could effectively target rapidly dividing leukaemia cells (Stenvang et 
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al., 2013). Similarly, bortezomib, a proteasome inhibitor used in treating multiple myeloma, 

reaffirmed its efficacy by achieving a high DSS in leukaemia samples. The bortezomib 

mechanism of action involves inhibiting protein degradation, leading to apoptosis in cancer 

cells, which may explain its effectiveness against leukaemia. This finding is consistent with 

the existing literature, which highlights the relevance of proteasome inhibition in hematologic 

malignancies (Robak & Robak, 2019). 

The differential sensitivity observed among the tested drugs indicates that certain compounds, 

although traditionally used for other cancers, might possess significant activity in leukaemia 

(Figure 3.3). This suggests that drug repurposing, leveraging existing cancer therapies, could 

be an effective strategy in identifying new treatment options for leukaemia patients, particularly 

those who may not respond to standard therapies. Moreover, the study highlights the 

importance of personalized medicine approaches, as drug efficacy can vary among patients 

based on individual cellular responses. 

The prevalence of blue areas in the TKI cluster (Figure 3.3 and Figure 3.7) suggests that 

resistance to these targeted therapies may be an issue for a subset of patients, which could 

warrant further investigation into alternative treatment strategies or combination therapies to 

overcome resistance. The heatmap (Figure 3.3) reinforces the importance of personalised 

medicine, where treatment regimens are tailored based on individual drug response profiles. 

Patients who exhibit resistance to one drug class may be more sensitive to another, and 

combining drugs from both clusters could lead to better therapeutic outcomes. 

The clustering of nilotinib and dasatinib (Figure 3.7) together highlights their classification as 

second-generation TKIs, designed to overcome resistance and improve efficacy compared to 

Imatinib. Research has demonstrated that both nilotinib and dasatinib offer enhanced potency 

against BCR-ABL mutations that confer resistance to imatinib, leading to higher median DSS 

scores and broader response ranges in patients (Vener et al., 2020 ). For example, Kantarjian 

and colleagues (2021) have shown that nilotinib achieves faster and deeper molecular 

responses, which are crucial for long-term disease control and potential treatment-free 

remission (Kantarjian et al., 2021). Similarly, dasatinib has been effective in patients with 

imatinib-resistant or -intolerant CML, offering robust haematologic and cytogenetic responses 

(Kantarjian et al., 2012). In contrast, imatinib remains a cornerstone in CML treatment due to 
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its well-established safety profile and effectiveness in newly diagnosed patients. However, its 

lower median DSS scores in the cluster analysis (Figure 3.5) reflect its limitations in cases 

where resistance mutations are present or when patients require a more aggressive treatment 

approach. This underscores the importance of personalised medicine, where the choice of TKI 

is tailored based on individual patient profiles, including genetic mutations, disease stage, and 

prior treatment responses. 

3.8.2: Synergy of irinotecan and nilotinib 

The observed synergy at higher concentrations between irinotecan and nilotinib suggests 

potential benefits in combining these drugs for therapeutic purposes. However, the lack of 

inhibition at lower concentrations or in specific combinations (Figure 3.8) indicates that careful 

consideration of dosing strategies is crucial to maximize therapeutic efficacy while minimizing 

potential side effects. 

The analysis of the Loewe synergy scores for irinotecan and nilotinib revealed a predominantly 

antagonistic interaction across the tested concentration ranges, as evidenced by an overall score 

of -10.61 (Figure 3.8) . These findings imply that the combination of irinotecan and nilotinib 

may not be optimal for therapeutic purposes within the tested concentration ranges. The 

observed antagonism suggests that the combined effect of these drugs is generally less effective 

than the sum of their individual effects. Future research should explore different concentration 

ranges or alternative drug combinations to identify potential synergies that could enhance 

therapeutic efficacy. This finding suggests that these two drugs may not be the most effective 

combination for therapeutic purposes, at least within the concentration ranges tested and for 

that particular patient. Further studies could explore different concentration ranges or 

combinations with other drugs to identify potential synergies. 

In preclinical studies, many kinase inhibitors (KIs) exhibit synergistic effects with irinotecan, 

enhancing tumour cell death. However, clinical trials have shown poor tolerability of this 

combination due to overlapping toxicities, particularly severe diarrhoea and neutropenia. These 

adverse effects are linked to KIs influencing the metabolism of irinotecan’s active metabolite, 

SN-38, by inhibiting UDP-glucuronosyl transferase 1A1 (UGT1A1) and impairing its 

transport, resulting in increased drug exposure and toxicity (Yashiro et al., 2011). While the 

combination enhances cancer cell death, the significant toxicity limits its clinical use  
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Studies have shown that certain TKIs, like dasatinib and erlotinib, demonstrate significant 

synergy with irinotecan in both in vitro and preclinical models (Chai et al., 2024; Xu et al., 

2017). These combinations are often attributed to their ability to enhance irinotecan’s cytotoxic 

effects through complementary mechanisms of action, such as inhibiting pathways involved in 

cell survival, proliferation, or repair. For instance, erlotinib, an epidermal growth factor 

receptor (EGFR) inhibitor, was found to synergize with irinotecan by disrupting cancer cell 

signalling, which further sensitizes the cells to DNA damage caused by irinotecan 

(Kichenadasse et al., 2017; Xu et al., 2017) 

3.8.3: Impact of molecular abnormalities and generic compound 

Imatinib is available under the brand name Gleevec and its generic forms such as Imavec. 

While the active ingredient is the same in both versions, there are potential differences in 

formulation, cost, and patient response. Gleevec, being the original branded version developed 

by Novartis, went through extensive clinical trials to establish its efficacy and safety profile 

(Abou Dalle et al., 2019). After its patent expired, generic versions like Imavec became 

available, offering a more affordable option to patients, which can significantly reduce 

treatment costs. However, minor differences in the excipients, or non-active ingredients, in the 

generic formulation could lead to variations in drug absorption or tolerability in some patients. 

Despite this, most studies show that generics perform similarly to Gleevec in terms of clinical 

outcomes for CML. The choice between the branded and generic often depends on availability, 

cost considerations, and individual patient response to treatment (Abou Dalle et al., 2019; 

Erçalışkan et al., 2021). Nonetheless, clinicians may prefer the original formulation in specific 

cases if a patient shows any unusual side effects or suboptimal responses to the generic version. 

Some studies have reported a loss of efficacy of imatinib mesylate when a patient switched to 

its generic version and responded again when they switched to the branded version of imatinib 

(Asfour & Elshazly, 2009; Mattar, 2010) suggesting the difference in clinical efficacy between 

the original version of imatinib (Gleevec) and its generic versions.  

This study accurately replicated clinical observations on the efficacy of imatinib. As reported 

in Chapter 2, most CML patients were resistant to the first-generation TKI imatinib. This 

observation is confirmed by the drug screening, where most patients were resistant to imatinib 

but more sensitive to second-generation TKIs like nilotinib or dasatinib. The observed low 
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potency of imatinib in this context prompts a re-assessment of its clinical utility in CML and 

supports the exploration of alternative or additional therapies that exhibit higher DSS values. 

This finding reinforces the need for personalised medicine approaches, where treatment 

regimens are tailored based on robust in vitro and in vivo efficacy data, ensuring that patients 

receive the most effective and appropriate therapies for their specific condition. Further 

research could elucidate the reasons behind imatinib's reduced effectiveness in CML and 

potentially identify biomarkers that predict responsiveness to various treatments. 

3.9: Conclusion 

The results of the drug sensitivity screening conducted on PBMCs isolated from leukaemia 

patients provide valuable insights into the efficacy of various compounds, highlighting the 

potential of this approach for identifying more effective treatment strategies. While irinotecan 

demonstrated a high DSS, the primary significance of these findings lies in demonstrating the 

feasibility of drug screening to guide therapeutic decision-making. This framework not only 

helps identify potent individual drugs but also facilitates the development of optimised drug 

combinations, ultimately enhancing treatment efficacy in leukaemia. 

Limitations 

The identification of irinotecan as a promising therapeutic candidate was based on its superior 

drug sensitivity score (DSS). However, the study did not explore its detailed mechanism of 

action or validate its efficacy in combination with other drugs in preclinical or clinical settings. 

While the DSS framework is useful for prioritising candidates, follow-up studies are needed to 

confirm its therapeutic potential and assess its safety and tolerability in vivo.  
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CHAPTER 4: EVALUATION OF IMMUNE CELL SURFACE MARKERS IN 

RESPONSE TO DRUG TREATMENT 

 

4.1: Introduction 

The evaluation of immune cell surface markers in response to drug treatment is critical in 

understanding the complex interactions between the immune system and pharmacological 

interventions, particularly in oncology. Cell surface markers, which include proteins such as 

cluster of differentiation (CD) molecules, are essential in regulating immune cell function, 

activation, and differentiation (Raskov et al., 2021). These markers serve as identifiers of 

various immune cell subsets and play critical roles in mediating cellular responses to external 

stimuli, including therapeutic drugs (Kalina et al., 2019). With the advent of targeted therapies 

and immunomodulatory drugs, research on the impact of drug treatment on immune cell 

populations is rapidly expanding. Such treatments can induce changes in immune cell 

behaviour, either enhancing their activity to eradicate cancer cells or suppressing immune 

function to prevent autoimmune reactions (Sharma et al., 2024). For instance, drugs like 

tyrosine kinase inhibitors and monoclonal antibodies alter the expression of markers such as 

CD3, CD4, and CD8 on T-cells, thereby affecting their cytotoxic functions and regulatory 

capacities (Raskov et al., 2021).  

4.1.1: Mechanisms of drug-immune system interactions 

Various classes of drugs are known to alter immune cell functions by modulating cell surface 

markers  (Laba et al., 2022). Chemotherapeutic agents, for instance, are widely used to target 

rapidly proliferating cells, including malignant immune cells. However, these agents can also 

affect normal immune cells, leading to changes in the expression of immune markers through 

immunomodulation, immune cell-mediated cytolysis, or apoptosis. Some drugs like 

alemtuzumab exert their cytotoxic activity by binding to the CD52 antigen at the surface of T 

and B lymphocytes causing depletion and repopulation of these cells (Li et al., 2018). Kinase 

inhibitors (TKIs), such as imatinib, have shown significant efficacy in the treatment of chronic 

myeloid leukaemia (CML) by specifically targeting the BCR-ABL fusion protein (Vener et al., 
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2020). Interestingly, TKIs can also influence immune responses by altering the expression of 

surface markers on both leukemic and non-leukemic cells (Chaput et al., 2013). Several studies 

have demonstrated that TKIs can alter the expression of CD markers on immune cells, 

influencing their activation, exhaustion, or cytotoxic potential. For instance, certain TKIs 

downregulate inhibitory markers such as PD-L1 (also known as CD274) on leukemic cells, 

thereby restoring T-cell and NK-cell responses (Laba et al., 2022). Additionally, TKIs can 

increase the expression of activation markers such as CD69 and CD25 on T cells, promoting a 

more robust immune response (Cao et al., 2023). Conversely, some TKIs reduce CD4+ and 

CD8+ T-cell populations or impair antigen presentation by altering CD86 and HLA-DR 

expression on dendritic cells, potentially leading to immune suppression (Raskov et al., 2021). 

These immunomodulatory effects suggest that TKIs not only serve as targeted therapies for 

leukaemia but may also be repurposed in combination with immune checkpoint inhibitors or 

CAR-T cell therapies to enhance therapeutic efficacy. 

4.1.2: Technologies for evaluating immune cell markers 

Assessing immune cell surface markers post-treatment is critical for understanding immune 

responses, diagnosing diseases, and advancing therapeutic development. A range of 

technologies are available for this purpose, each offering distinct advantages. Flow cytometry 

enables evaluation of complex cell populations and their biological mechanisms. Flow 

cytometry presents compelling benefits such as radiation-free operation, simultaneous analysis 

of multiple cell subsets without necessitating separation, and the utilisation of various laser and 

colour combinations, thereby providing a broad spectrum of analytical possibilities 

(McKinnon, 2018). This method is widely used in immunology, oncology, and cell biology to 

study cell surface markers, intracellular proteins, apoptosis, the cell cycle (Landskron & 

Taskén, 2016). It involves several key steps, beginning with fluorescent labelling, where cells 

are stained with fluorochrome-conjugated antibodies or dyes specific to the target molecules. 

Each fluorochrome emits light at a specific wavelength when excited by a laser (McKinnon, 

2018). Next, the stained cells are passed through a laser beam in a flow cytometer, where each 

fluorochrome is excited by a corresponding laser (such as blue, red, violet, or green) and emits 

fluorescence at its characteristic wavelength. Finally, optical filters are used to separate the 

emitted light, directing each wavelength to a specific detector, such as photomultiplier tubes or 

photodiodes (Adan et al., 2017; Schmit et al., 2021). Multicolour flow cytometers can 
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accommodate multiple detectors, allowing the analysis of fluorescence from several 

fluorochromes simultaneously. 

4.1.3: Significance of cluster of differentiation (CD) markers in cancer management 

Cluster of Differentiation (CD) are proteins found on the surface of leukocytes (white blood 

cells) and other cells. Each CD marker is assigned a unique number, such as CD4 or CD8, 

which helps in identifying specific cell types and their roles in immune responses. CD marker-

specific antibodies are widely utilised for cell sorting, identification, and blood cancer 

diagnosis, playing a pivotal role in cancer treatment. Therapeutic antibody drugs have been 

developed to target cells expressing specific CD markers, such as rituximab targeting CD20 

(Hanif & Anwer, 2024) for lymphoma and leukaemia treatment, and alemtuzumab targeting 

CD52 (Li et al., 2018) for chronic lymphocytic leukaemia and T-cell lymphoma treatment. The 

mechanism of action of these monoclonal antibodies includes binding to a receptor to prevent 

the binding of its corresponding ligand, as exemplified by cetuximab's interaction with the 

epidermal growth factor receptor (EGFR). This interaction inhibits the binding of soluble 

epidermal growth factor (EGF), thereby attenuating proliferation and survival signalling 

pathways in tumour cells (Marshall et al., 2017). In the case of CD20, the direct effects of 

monoclonal antibody (mAb) binding vary depending on the monoclonal antibody type. Type I 

mAbs induce a modest degree of apoptosis, which is thought to be associated with B-cell 

receptor (BCR) signalling, whereas Type II mAbs promote a non-apoptotic, lysosome-

mediated cell death. The precise mechanisms underlying these effects remain a topic of 

ongoing investigation, though they are likely linked to the generation of reactive oxygen 

species (Cheadle et al., 2013). Beyond cancer diagnosis, CD markers aid in identifying optimal 

treatment strategies and assessing treatment efficacy by monitoring changes in relevant CD 

expression levels. 

4.2: Rationale  

The previous chapter demonstrated that irinotecan was the most effective among the 30 drugs 

tested, and its combination with nilotinib proved to be the most effective on the selected 

patients’ samples. This chapter focuses on evaluating immune cell surface markers in response 

to drug treatment with the combination of irinotecan and nilotinib, using flow cytometry to 

analyse changes in marker expression across different immune cell subsets like CD3, CD8, 
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CD19, CD38, and HLA-DR. These CD markers provide critical insights into leukaemia 

immunophenotyping, disease progression, and treatment response. Specifically, CD3 and CD8 

are key T-cell markers, essential for assessing cytotoxic T-cell populations and their role in 

anti-leukemic immunity (Raskov et al., 2021). Meanwhile, CD19 and CD38, hallmarks of B-

lineage cells, are widely used to identify malignant B-cell populations in B-cell leukaemia and 

evaluate the impact of targeted therapies such as anti-CD19 monoclonal antibodies or CAR-T 

cell therapy (Haslauer et al., 2021). Furthermore, HLA-DR, a major histocompatibility 

complex class II molecule, functions as a marker of immune activation and is frequently 

overexpressed in leukemic blasts, providing insights into disease aggressiveness and immune 

evasion mechanisms (Roerden et al., 2021). By examining changes in these markers, we aim 

to elucidate the mechanisms by which specific drugs affect immune function, with potential 

implications for enhancing therapeutic efficacy and reducing adverse effects. 

4.3: Materials and Methods 

4.3.1: Sampling and processing  

Blood samples were collected and processed as described in Chapter 3.3.1. Vials containing 

patients' cells were revived as described previously (Chapter 3.3.4). Briefly, peripheral blood 

mononuclear cells (PBMCs) were isolated from whole blood using the Ficoll-Paque™ 

technique. Vials containing the cells were revived by thawing and gentle agitation in a 37°C 

water bath for approximately one minute, and the viability was assessed using trypan blue. 

The three patient samples, each representing a leukaemia subtype —BH30 (CLL), AML04 

(AML), and CML04, (CML)— and previously tested in the full matrix experiment (Chapter 

3.7.4), were used to evaluate the effect of drug treatment on cell surface markers. 

4.3.2: Cell surface marker analysis using multicolour flow cytometry 

All the following experiments described in this chapter were performed at the University of 

Witwatersrand flow cytometry facility. 

A seven-colour flow cytometry panel was designed for this experiment. This consisted of CD3 

BD Horizon BrilliantTM Ultraviolet 496 (BUV496), CD8 Brilliant VioletTM 605 (BV605), 

HLA-DR Brilliant VioletTM 650 (BV650), which were obtained from BD Biosciences (BD 

Biosciences, New Jersey, USA). RedFluor™ 710 CD19 and APC CD 38 were from BioLegend 
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(BioLegend, San Diego, California). Additionally, annexin V Fluorescein isothiocyanate 

(FITC) and propidium iodide (PI), detected on the phycoerythrin cyanide dye™ (PE) channel 

from BD Biosciences (BD Biosciences, New Jersey, USA) were used to assess apoptotic and 

necrotic cells, respectively, and hence identify viable cells once. Annexin V binds to 

phosphatidylserine, which is externalized on the outer leaflet of the plasma membrane during 

early apoptosis, whereas propidium iodide (PI) intercalates into DNA, indicating membrane 

permeability in necrotic or late apoptotic cells (Rieger et al., 2011). Before the surface markers 

analysis, these antibodies were optimised to determine the optimal concentration of each 

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. Additionally, various 

experimental and instrument control experiments were performed. These optimisation assays 

are summarised in the next subsections  

4.3.2.1 Antibodies titration 

CD19 and CD38 were optimized by titration to optimally stain lymphocyte populations and 

their subpopulations using the antibodies mentioned in section 4.3.2. The other antibodies 

volumes, CD3, HLA-DR, CD8, and dyes annexin V, PI, were previously titrated by students in 

the laboratory (Maimela, 2024; Nalisa, 2021). 

Peripheral Blood Mononuclear Cells (PBMCs) were thawed, washed with 2 mL of staining 

buffer, and centrifuged at 600 × g for 10 minutes. To determine the viability of the cells, trypan 

blue was used for counting. PBMCs from patient BH30 (multiple vials were available in 

storage, allowing for repeated experiments) were dispensed into a 24-well plate at a density of 

106 cells per well and incubated for 48 hours without drugs. Post-incubation, suspension cells 

were harvested into Corning Falcon tubes (Corning Incorporated, New York, USA), and 50 µL 

of TrypLETM Express (Gibco) was added to each well and incubated at 37°C for 5 minutes to 

detach any adherent cells such as macrophages. The detached cells were combined with 

suspension cells, centrifuged at 600 × g for 10 minutes, and the pellet resuspended in 1 mL of 

1X phosphate-buffered saline (PBS) (Sigma-Merck, Missouri, USA). Antibodies were 

prepared by serial dilutions in seven Corning Falcon tubes (Corning Incorporated, New York, 

USA), starting with double the manufacturer's recommended volume in tube 1 (e.g., 10 µL 

antibody to 90 µL PBS for a 5 µL recommended dose), followed by transferring 50 µL 

sequentially between tubes to achieve a dilution series, leaving tube 8 as an unstained control. 
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The washed cells (50 µL) were added to all tubes, mixed thoroughly, covered with foil, and 

incubated in the dark at room temperature for 20 minutes. After incubation, the cells were 

washed with 1 mL staining buffer (1x PBS, 5%FBS, and 0.1% NaN3), centrifuged at 600 ×g 

for 10 minutes, resuspended in 300 µL staining buffer, and 100,000 events were recorded per 

sample on a BD LSR II Fortessa™ flow cytometer  (BD Biosciences, New Jersey, USA). The 

data were analysed using the Stain Index (SI), which is defined as the difference between the 

Median Fluorescence Intensity (MFI) of the positive and negative populations divided by twice 

the standard deviation of the negative population. Based on these calculations, a plot of 

antibody volume versus SI was generated to determine the optimal volume corresponding to 

the highest SI value. The optimised and previously optimised titres for each antibody are 

presented in Table 4.1. 

 

Table 4.1: Optimised multicolour panel used to analyse the cell surface markers 

Specificity Fluorochrome 
Targeted cell 

type 

Optimised 

volume 

CD19 RedFluor™ 710 
B 

lymphocytes 
4 

CD38 APC  4 

CD3 BUV496 Lymphocytes 1 

HLA-DR BV650 
Monocytes 

and CD8 cells 
1.5 

CD8 BV-605 T lymphocytes 1 

Annexin V FITC  2 

PI PE  2 

Notes: BUV: BD Horizon Brilliant™ Ultraviolet; BV: Brilliant Violet™; PE: Phycoerythrin Cyanide dye™; 

FITC:Fluorescein isothiocyanate; HLA DR: human leukocyte D related 
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4.3.2.2 Flow cytometer set-up and tracking 

To ensure consistent and reliable performance of the flow cytometer, we employed the BD™ 

Cytometer Setup and Tracking (CS&T) system in conjunction with BD FACSDiva™ software. 

One drop of BD Cytometer Setup and Tracking beads (CS&T) (BD Biosciences, New Jersey, 

USA) diluted in 350µL of BD FACSFlowTM (BD Biosciences, New Jersey, USA) was used for 

instrument setup and tracking, following the manufacturer's protocol (BDTM Tracking Beads 

and Cytometer Setup application guide, 2015). Flow cytometer setup and performance tracking 

were conducted using the BD™ Cytometer Setup and Tracking (CS&T) system with BD 

FACSDiva™ software. The CS&T workflow utilised BD™ CS&T beads to establish an initial 

cytometer baseline and maintain consistent performance over time. To define the baseline, 

CS&T beads were analysed across all fluorescence detectors, and their median fluorescence 

intensity (MFI) and robust coefficient of variation (%rCV) were measured. These parameters 

were used by the software algorithms to determine cytometer settings, including baseline 

photomultiplier tube (PMT) gains and target values for application-specific reproducibility. 

During this setup, laser delays, area scaling factors, and PMT voltages were optimised to ensure 

accurate signal detection and minimal variability. 

4.3.2.3 Photomultiplier tube (PMT) voltage optimisation for patient samples 

Photomultiplier tube voltage optimisation is performed to ensure optimal instrument 

performance during an experiment, particularly when conducted repeatedly. Voltage 

optimisation established negative and positive populations of target parameters and their 

linearity (Cossarizza et al., 2019). To provide reliable findings, the voltages of every 

fluorochrome were adjusted for the immunophenotyping test. Unstained and single-stained 

PBMCs (thawed and processed in a similar way to the titration experiment) were used to ensure 

that the cells were within the instrument's dynamic range. 

4.3.2.4 Compensation controls and calculations 

Compensation in multicolour flow cytometry is the technique of correcting fluorescence 

spillover across various fluorophores. Applying compensation allows for an adjustment in 

spillover to avoid false positives and negatives. One drop of negative and positive beads (Anti-

Mouse Ig, κ/Negative Control Compensation Particles Set3) (BD Biosciences, New Jersey, 
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USA) were added separately to 5 mL Corning Falcon tubes (Corning Incorporated, New York, 

USA) with 50µL of 1X PBS (Sigma-Merck, Missouri, USA).  The optimal pre-titrated antibody 

volumes were added in each Falcon tube and incubated in the dark for 30 minutes. The stained 

beads were rinsed with 2 mL of 1X PBS at 600 x g for 5 minutes. The supernatant was then 

decanted, and the pellet was resuspended in 300 µL of staining buffer. A total of 10,000 events 

were acquired and recorded using the compensation menu in the FACSDiva version 6 software 

(BD Biosciences, New Jersey, USA) on the BD LSR II FortessaTM (BD Biosciences, New 

Jersey, USA) flow cytometer. The calculation, subtraction, and application of spillover to 

experimental samples were done automatically by the BD FACSDiva™ software. 

4.3.2.5 Cell surface marker analysis 

The drug response matrix of combined drug efficacy in chapter 3.7.4 (Figure 3.8) showed the 

best that the best effect was observed with the combination of irinotecan at 1 nm and 1000 nM 

for nilotinib. These concentrations of drugs were therefore used to evaluate their effect on 

surface markers, and the sample processing steps as described in 4.3.2.1 were followed but 

with the inclusion of treatment. PBMCs were subjected to drug treatment as per the plate layout 

(Table 4.2).  Following an incubation period of 48 hours, harvested cells were stained with a 

solution of staining buffer containing the pre-titrated antibody concentrations, and the samples 

were incubated in the dark as described in 4.3.2.1. Untreated unstained and untreated stained 

controls were used to establish negative and positive populations for immunophenotyping.  

Table 4.2: Plate layout 

 1 2 3 4 

 Untreated 

Unstained 

Untreated 

stained 

Irinotecan + 

Nilotinib 

 Patient 

A   1:1000 BH30 

B   1:1000 AML 04 

C   1:1000 CML04 
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4.4: Data and statistical analysis 

Flow cytometry standard (FCS) files linked to the compensation controls from FACSDivaTM 

(BD Biosciences, New Jersey, USA) software were uploaded and analysed on FlowJo LLC 

version 10 (BD Biosciences, New Jersey, United States). Cells were gated as singlets to exclude 

doublets using forward scatter height (FSC-H) and forward side scatter area (FSC-A). Forward 

scatter (FSC) versus side scatter (SSC) was applied to discriminate the white blood cell 

populations. Annexin V/PI staining was then analysed, and the surface markers were identified 

from a subset of viable cells. All populations were represented as percentages of the parent 

population. Cell differentiation included lymphocytes (CD3) and their subpopulations 

CD3+CD8+, CD3+CD8-, CD19, HLA-DR and CD38. 

4.5: Results 

For the immunophenotyping analysis by flow cytometry, three patient samples representing 

the three leukaemia subtypes, BH30 (CLL), AML04 (AML), and CML04 (CML), were 

analysed. Untreated unstained and treated stained cells were used as controls to set the negative 

and positive populations. 

Figure 4.1 shows the hierarchical representation or gating strategy of stained cells showing the 

different target populations for the various markers. A similar picture applies to all 

fluorochromes used in the panel and all the samples. (A) Singlet events were gated on FSC/SSC 

to exclude doublets and aggregates. (B) The main cell population was identified, excluding 

debris. (C) Annexin V/PI staining showed reduced viability and increased early and late 

apoptotic/necrotic populations in BH30-treated cells. (D) CD3⁺ T cells were identified within 

the live gate. (E) CD3⁻CD19⁺ B cells and CD3⁺CD19⁻ T cells were distinguished, with T cells 

predominating after treatment. (F) Among CD3⁺ T cells, CD4⁺ helper T cells represented 

70.5% and CD8⁺ cytotoxic T cells 29.5%. 
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 BH30 treated stained  

A B C 

   

E D F 

   

Figure 4.1: Hierarchical gating strategy for flow cytometry analysis of BH30 treated 

stained cells. 

(A) Singlet gating: Selection of singlet events to exclude doublets and cell aggregates. The singlet population is 

defined based on forward scatter (FSC) and side scatter (SSC) characteristics. (B) Cells: Identification of the main 

cell population based on FSC and SSC to exclude debris. (C) Live cells gating: Annexin V and PI staining are 

used to differentiate live (Annexin V⁻/PI⁻), early apoptotic (Annexin V⁺/PI⁻), late apoptotic/necrotic (Annexin 

V⁺/PI⁺), and necrotic (Annexin V⁻/PI⁺) cells. (D) T-cell subset selection: Identification of CD3⁺ T cells. . (E) B-

cell and T-cell distinction: CD3⁻CD19⁺ B cells and CD3⁺CD19⁻ T cells are gated based on CD3 and CD19 

expression. (F) CD8⁺ and CD4⁺ T-cell distinction: CD3⁺CD8⁺ cytotoxic T cells and CD3⁺CD4⁺ helper T cells are 

identified. 

 

4.5.1: Measurement of apoptosis and necrosis by annexin V and PI staining 

The combination of annexin V and PI staining allows for the differentiation between early 

apoptotic cells (annexin V positive, PI negative), late apoptotic or necrotic cells (both Annexin 

V and PI positive), and viable cells (both negative for annexin V and PI). Live cells are found 

in the lower left quadrant (annexin V and PI negative) Figure 4.1C, early apoptotic cells are 

indicated in the lower right quadrant (annexin V positive and PI negative), late apoptotic cells 
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are demonstrated in the upper right quadrant (annexin V and PI positive) and dead cells are 

shown in upper left quadrant (annexin V negative and PI positive). 

Figure 4.2 represents the cell viability data obtained using an annexin V/PI double-staining 

assay. The untreated unstained cells represent the baseline without any treatment or staining. 

Most of the cells (98.6%, 95.0%, and 98.9%) of patients BH30, AML04, CML04 respectively 

fall into the live quadrant, indicating baseline characteristics in the absence of Annexin V and 

PI. On the other hand, when stained, all patients present a low viability percentage with patients 

showing viable cells below 20%. A high necrosis rate was observed among the tested patient 

samples. Over 60% of cells appeared to be dead in the untreated stained and treated stained 

groups. Cells were also present in Annexin V+PI+ quadrant, demonstrating the presence of 

cells in the late apoptosis stage. The treated stained group showed a higher percentage of late 

apoptotic cells (2.13%, 18.4%, and 16.1%) compared to the untreated stained group (0.60%, 

9.33% and 12.7%) respectively for BH30, AML04, and CML04.  
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  Untreated Unstained Untreated stained Treated 

  BH30 

 

 

   

  AML04 

  

  
 

  CML04 

  

   

Annexin V FITC 

Figure 4.2: Flow cytometry analysis using an Annexin V/PI double-staining assay 

The data represents findings from patients BH30 (CLL), AML04 (AML) AND CML04 (CML) 

analysed using an annexin v/pi double-staining assay. The plot was generated using FlowJo™ version 

10 (Oregon, USA). The quadrant plot was used to separate live cells (Annexin V-P-), early apoptosis 

(Annexin V+PI-), late apoptosis (Annexin V+P+) and necrosis (P+Ann-).  

 Notes: PI: Propridium iodine, AML: Acute Myeloid Leukaemia, CML: Chronic myeloid Leukaemia 
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4.5.2: Cell surface marker analysis 

4.5.2.1: Cell surface expression on BH30  

The flow cytometry plots in Figure 4.3 represent markers associated with patient BH30 treated 

with irinotecan and nilotinib compared to the untreated. The comparison between untreated 

and treated BH30 cells, both fully stained, revealed notable differences in T-cell population 

dynamics. The proportion of CD3+ cells in the untreated stained condition is lower (10.5%) 

compared to the treated sample (16.7%), suggesting a slight increase or activation of T-cells 

upon treatment with irinotecan and nilotinib. Within the CD3+ compartment, the untreated 

sample compared to the treated sample showed a slight decrease in CD3+CD8- (probably 

CD4+) and an increase in CD3+CD8+ (24.9% vs 28.7% respectively).  

The results showed a higher percentage of CD19+ cell population (98.2%) compared to CD3+ 

(16.7%) in the BH30 treated sample (Figure 4.3). This suggests that the majority of circulating 

lymphocytes in the sample consisted of B-cells rather than T-cells. This result confirms the 

leukaemia subtype found in BH30. The treatment with irinotecan combined with nilotinib 

showed almost no effect in the expression of CD19+ cells compared to the untreated sample 

with similar percentages (98.9% and 98.2% respectively). Further evaluation of HLA-DR 

marker provided insights into the activation status of B-cells. A similar percentage of HLA-DR 

and CD19 co-expression was found in the treated sample compared to the untreated sample 

(99.9% and 98.9% respectively). 

In the sample AML04 representing acute myeloid leukaemia, the treated sample exhibited 

higher values across most parameters (Table 4.3, plots showed in appendix 4.1). The T-cell 

population (CD3+) was upregulated (10.9%) compared to the untreated sample (6.12%). This 

trend was consistent in the CD3+CD8+ population, where more expression was seen in the 

treated sample (38.0%) versus the untreated sample 21.6%. However, an exception is observed 

in the CD3+CD8- population, where the untreated (63.7%) surpasses the treated sample 

(50.6%). The CD19+ population (CD3-CD19+) and HLA-DR+CD19+ subpopulations, 

showed an upregulation of these markers in the treated sample (22.1% and 15% respectively) 

compared to the untreated sample (6.98% and 2.7% respectively). On the other hand, the 

CD38+CD19+ population showed near-identical values for both, with samples at 100% and 

99.3% for treated and untreated respectively. 
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CD3+ cells and their subpopulations were slightly upregulated in CML04 (Table 4.3, plots 

showed in appendix 4.1). The treated sample had slightly higher values of CD3+, CD3+CD8, 

CD3+CD8+, accounting for 38.0%, 56.1% and 40.4%, respectively compared to the untreated 

sample which accounted for 37.2%, 53.6% and 40.6 %, respectively. A very low CD19+ 

population was observed in the treated and untreated samples (1.12% and 0.3% respectively), 

and no expression of HLA-DR was found in them (0% HLA-DR+ CD19+). On the contrary, 

CD38 was expressed in all of them (100% CD38+CD19+). 
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 BH30  

Untreated Unstained Untreated stained Treated 

  
 

 CD3 BUV496  

   

 CD3 BUV496  

   
 CD3 BUV496  

   

 CD19  RedFluor™ 710  
Figure 4.3 Surface marker analysis on BH30 (CLL) cells.  
Notes: BUV: BD Horizon Brilliant™ Ultraviolet; BV: Brilliant Violet™; PE: Phycoerythrin Cyanide dye™; FITC:Fluorescein 

isothiocyanate; HLA DR: human leukocyte D related 
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Table 4.1: Expression of cell surface markers in AML04 and CML04 
 

AML_UU AML04_US AML04_TS CML04_UU CML04_US CML04_TS 

CD3+ 0 6.12 10.9 0 37.2 38.0 

CD3+CD8+ 0 21.6 38.0 0 53.6 56.1 

CD3+CD8- 0 63.7 50.6 0 40.6 40.4 

CD3- 96.7 93.3 88.4 84 60.2 59.3 

CD3-CD19- 99.4 65.9 61.9 98.9 93.4 87.6 

CD3-CD19+ 0.03 15 22.1 0 0.3 1.12 

HLA-DR+ 

CD19+ 

0 2.7 6.98 0 0 0 

CD38+CD19+ 0 99.6 100 0 100 100 

UU: Untreated unstained, US: Untreated stained, TS: Treated stained. All the values in the table are in 

percentage (%). 

 

4.6: Discussion 

Cluster of differentiation are crucial in markers in immune cell function, activation, and 

differentiation (Kalina et al., 2019). Their assessment provides valuable insights into the 

immunophenotypic changes associated with treatment response. Flow cytometry was utilised 

to analyse key markers, including CD3, CD8, CD19, CD38, and HLA-DR, across different 

immune cell subsets. In this chapter, the effect of irinotecan in combination with nilotinib was 

evaluated. 

Cell death mechanism 

The dual staining with annexin V and propidium iodide (PI) is particularly useful in studying 

cell death mechanisms and evaluating the effects of therapeutic treatments on cell viability.  

The result revealed that most of the untreated and treated cells were dead and that necrosis 

(Over 60%) was the most common form of cell death. This result suggests that cells were dying 

before treatment, therefore the higher cell death percentage noted was not attributable to the 

drug effect. However, as noted by Rieger et al. (2010)  suggest that the ability of PI to stain 

RNA within the cytoplasmic compartment, makes conventional annexin V/PI protocols result 

in a high percentage of false positive events (Rieger et al., 2010). To reduce this risk, alternative 

dyes such as 7-aminoactinomycin D (7-AAD), which shows lower RNA binding and is less 

prone to false positives than propidium iodide, may be used (Cai et al., 2024). Additionally, the 
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multiple handling and processing steps involved in typical staining protocols—such as 

centrifugation, washing, and detachment—can induce mechanical stress and preferentially 

damage fragile or apoptotic cells, contributing to increased cell death that may occur 

independently of the treatment itself (Cossarizza et al., 2019) 

Importantly, the increase in annexin V⁺PI⁺ cells in the treated group compared to the untreated 

stained group suggests an elevation in late apoptotic events following drug exposure. It was 

found that the percentage of late apoptotic cells varied across patients and was higher than early 

apoptosis. While apoptosis levels might appear relatively low, they remain significant within 

the context of this study, indicating that the combination of irinotecan and nilotinib contributes 

to programmed cell death. Irinotecan is a topoisomerase inhibitor that has been shown to induce 

apoptosis in colorectal cancer (Chai et al., 2024).  In the present study, irinotecan exhibited the 

highest DSS against patient-derived CML cells, suggesting that its DNA-damaging mechanism 

may also be effective in haematological malignancies. This finding is critical as it suggests that 

the treatment effectively induces apoptotic pathways, which could be a crucial mechanism for 

targeting leukaemia cells. 

Immune cell dynamics in response to the combination of irinotecan and nilotinib 

T-cells play an important part in leukaemia treatment. The results (Figure 4.3) showed a slight 

increase in T-cell populations upon treatment with irinotecan and nilotinib where CD3+ CD8- 

cells (T helper) dominate over CD3+ CD8+ cells (Cytotoxic T-cells). These findings indicate 

that treatment shifts the immune balance toward a helper T-cell-dominant profile. CD3+CD8+ 

T-cells, commonly referred to as cytotoxic T-cells, play a crucial role in the immune system by 

identifying and eliminating harmful cells (Weigelin et al., 2021). These cells express two key 

surface proteins: CD3, which facilitates intracellular signalling and communication, and CD8, 

which enables the recognition and destruction of target cells (Trabelsi et al., 2019). The 

concentration of CD3+CD8+ T cells in the blood is an important indicator of immune system 

activity. Elevated levels of these cells may signify an ongoing immune response, such as 

combating an infection, managing an autoimmune disorder, or reacting to specific medications 

(Raskov et al., 2021). Changes in CD8+ T-cell frequencies, activation states could provide 

insights into immune competence and potential responsiveness to T-cell-based 

immunotherapies. Additionally, CD8+ T cells are key effectors of the adaptive immune system, 
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responsible for recognizing and eliminating malignant cells through cytotoxic mechanisms, 

including perforin-granzyme and Fas-FasL-mediated apoptosis (Wang et al., 2018). However, 

in leukaemia, immune evasion strategies such as upregulation of immune checkpoints like PD-

1, and the immunosuppressive tumour microenvironment can impair CD8+ T-cell functionality, 

reducing their ability to effectively target leukemic cells (Haslauer et al., 2021). Emerging 

immunotherapies, such as monoclonal antibodies and chimeric antigen receptor (CAR) T-cell 

therapy, seek to overcome these immune evasion mechanisms by enhancing T-cell recognition 

and cytotoxicity (Haslauer et al., 2021). CAR T-cell therapy involves genetically engineering 

T-cells to express chimeric antigen receptors that specifically recognize leukaemia-associated 

antigens, such as CD19 in B-cell malignancies. Upon antigen binding, CAR-expressing CD8+ 

T-cells become activated, proliferate, and exert potent cytotoxic effects against leukaemia cells. 

This approach has shown promising clinical outcomes, particularly in relapsed or refractory 

leukaemia (Zhang et al., 2022). 

The observed variability in CD3, CD19, and HLA-DR expression suggests dynamic changes 

in immune cell populations, potentially driven by treatment with irinotecan and nilotinib 

(Figure 4.3, Table 4.3). The increase in CD3+ T cells with treatment may indicate treatment-

induced immune activation response, whereas the stability in HLA-DR+ B-cell populations 

reflects no changes in antigen presentation activity. The observed CD3+CD8− (helper T-cell) 

dominance over CD3+CD8+ (cytotoxic T-cell) populations in previous findings aligns with the 

notion that leukaemia treatments can shift the immune response balance (Jiang et al., 2024; Liu 

et al., 2025). The presence of antigen-presenting B cells is particularly significant, as HLA-DR 

upregulation is associated with enhanced immune modulation and response to leukaemia 

treatment (Chaput et al., 2013).  

4.7: Conclusion 

This study highlights important findings on cell death mechanisms and immune response 

during leukaemia treatment. The annexin V and propidium Iodide (PI) dual staining revealed 

high levels of necrosis in both untreated and treated cells, suggesting that the observed cell 

death may not be entirely due to drug effects. Though the apoptosis rate was low, treated cells 

underwent early and late apoptosis, highlighting the contribution of the combination of 

irinotecan and nilotinib to programmed cell death. However, possible limitations in the staining 
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method, such as false-positive results and potential stress from procedural steps, may have 

influenced the accuracy of these results.  

Limitations of this aspect of work included a small number of cells, making it challenging to 

perform important controls like fluorescence minus one (FMO) controls or single stain 

controls.  
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CHAPTER 5:  IN SILICO STUDY OF THE INHIBITION POTENTIAL OF 

IRINOTECAN ON KEY LEUKAEMIA PATHWAYS 

5.1: Introduction 

A hallmark of cancer cells is uncontrolled, rapid division, caused mostly by genetic and 

epigenetic changes in cancer genes or genes linked with signalling pathways, resulting in either 

over-proliferation or evasion of normal cell death mechanisms (Azizidoost et al., 2024). Thus, 

physiologic changes in cell signalling pathways are extensively studied in cancer to understand 

the initiation and progression of tumorigenesis (Hallal et al., 2020). Despite advances in 

treatment, drug resistance and disease relapse remain significant challenges. Signalling 

pathways such as PI3K/AKT/mTOR, JAK/STAT, and MAPK are critical in leukaemia 

pathogenesis and treatment response (Glaviano et al., 2023; Zhu et al., 2022). Developing new 

treatments for precision medicine in cancer, such as small molecule inhibitors and monoclonal 

antibodies targeting cancer-related proteins, is crucial. Irinotecan, a topoisomerase I inhibitor, 

has shown promise in targeting cancer cells, but its effects on leukaemia-specific signalling 

pathways are not fully understood (Kerstjens et al., 2021). In the previous chapters, the 

combination of irinotecan and nilotinib was found to be the most effective against patient cells 

demonstrated by the highest DSS.  Irinotecan is a drug developed to target topoisomerase I in 

solid cancer. However, based on the principle of drug repurposing, a drug can have multiple 

targets.  In silico studies offer a powerful tool to explore these mechanisms, enabling the 

identification of dysregulated pathways and potential therapeutic targets (Sohraby et al., 2017). 

This chapter aims to explore the inhibition potential of irinotecan on key proteins of leukaemia 

signalling pathways compared to nilotinib, a well-known kinase inhibitor in the treatment of 

leukaemia.  

5.1.1: Dysregulated signalling pathways in leukaemia 

The pathogenesis of leukaemia involves the dysregulation of multiple cellular pathways, which 

disrupt normal haematopoiesis and promote uncontrolled proliferation, survival, and 

differentiation of leukemic cells (Hallek et al., 2018). Key pathways implicated in leukaemia 

include signalling cascades, epigenetic regulators, and metabolic alterations, which collectively 

contribute to disease progression and therapeutic resistance. The PI3K/AKT/mTOR (PAM) 
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signalling pathway is a highly conserved signal transduction network found in eukaryotic cells 

that promotes cell survival, proliferation, and cycle advancement (Zhu et al., 2022). The PAM 

axis is the most often active signalling route in human cancer, and it is usually linked to 

anticancer drug resistance (Glaviano et al., 2023). Additionally, the PI3K/Akt/mTOR pathway 

is activated in up to 80% of AML cases and is linked to poor prognosis (Mirabilii et al., 2018). 

 Similarly, the JAK/STAT pathway plays a crucial role in enhancing cell survival through the 

activation of STAT proteins, particularly STAT3, which is often dysregulated in leukemic stem 

cells. STAT3 is known to be upregulated in a significant proportion of tumour types, including 

leukaemia (Brown et al., 2021) and is one of the most extensively studied signalling 

intermediaries in tumour development. It regulates the transcription of multiple genes involved 

in apoptosis inhibition and plays a role in various physiological processes, including cell 

proliferation, apoptosis, differentiation, haematopoiesis, and immune regulation (Ogiya et al., 

2020). Continuous activation of STAT3 has been associated with imatinib resistance in 

leukaemia cells (Shao et al., 2014). Thus, the developing drug that targets STAT3 offers an 

alternative technique for treating imatinib-resistant CML. Additionally, the Notch signalling 

pathway contributes to the self-renewal and expansion of leukemic stem cells by activating 

downstream target genes. Phosphorylation of STAT5A at Ser779/780 (mouse/human) plays a 

critical role in regulating the proliferation and transformation/expansion of hematopoietic stem 

and progenitor cells (HSPCs), demonstrating greater potency compared to STAT5B (Ghanem 

et al., 2017). Additionally, other STAT family members are implicated in both normal and 

leukemic haematopoiesis. For example, STAT1 and STAT3 have been shown to regulate CD38 

expression within the bone marrow microenvironment of multiple myeloma cells (Ogiya et al., 

2020). Likewise, the Wnt/β-catenin pathway is essential for maintaining the stem cell pool and, 

when dysregulated, can drive increased proliferation and resistance to therapy in leukaemia 

(Azizidoost et al., 2024; Siveen et al., 2017). Together, these pathways create a complex 

network that supports leukemic cell survival and therapy resistance, highlighting their potential 

as therapeutic targets. 

5.2: Aim and rationale 

The previous chapter reported irinotecan as the most effective drug for patients in the cohort, 

and its combination with nilotinib was found to be found to be the most effective. Irinotecan is 
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a topoisomerase inhibitor, and nilotinib is a kinase inhibitor. Since dysregulated pathways in 

leukaemia involve many kinases, this study aimed at investigating the interaction of these two 

drugs on selected proteins and their binding mode. Knowing that nilotinib is already a kinase 

inhibitor clinically used in the treatment of leukaemia, the focus of the interpretation and 

conclusion is made on irinotecan. 

5.3: Materials and methods 

5.3.1: Hardware characteristics 

The hardware configuration used for these docking studies consisted of an Intel® Core™ i7-

8550 processor with 16 cores, each operating at a bootable frequency of 2.1 GHz. The system 

had 16 GB of random-access memory (RAM) and 500 GB of storage capacity (ROM). The 

software environment was based on the Windows 10, 64-bit operating system.  

5.3.2: Publicly available databases 

PubChem (pubchem.ncbi.nlm.nih.gov) is the world's largest database of freely available 

chemical-related information. Search for chemicals using their names, molecular formulas, 

structures, and other identifiers. Discover chemical and physical properties, biological 

activities, safety and toxicity data, patents, literature citations, and more. Protein data are 

generally stored in protein databases like the Protein Data Bank (https://www.wwpdb.org). 

5.3.3: Ligand preparation 

The 2D and 3D conformations of nilotinib (PubChem CID: 644241) and irinotecan (PubChem 

CID: 60838) were obtained from PubChem (Figure 5.1). Energy minimisation was performed 

using the conjugate gradient algorithm and the AMBER force field within AutoDockTools 

(Morris et al., 2009). This step aimed to relieve steric clashes and obtain low-energy 

conformations. The minimized structures were then saved in PDBQT format, a file format 

specifically designed for AutoDock. PDBQT format includes the information necessary for 

calculating molecular interactions, such as partial charges and atom types. 

 

 

https://www.wwpdb.org/
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Irinotecan 

PubChem CID: 60838 

C33H38N4O6 

  

Nilotinib 

PubChem CID: 644241 

C28H22F3N7O 

  

Figure 5.12D and 3D structures of Irinotecan and Nilotinib. Downloaded from PubChem 

 

5.3.4: Protein preparation 

The co-crystallised three-dimensional structures of the PI3K (4L23), JAK2 (4GFM), STAT3 

(1BG1), and mTOR (4JSV) proteins were downloaded from the Protein Data Bank (PDB) 

(https://www.wwpdb.org). Once downloaded, they were imported into the Autodock interface, 
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where careful preparation was carried out to optimise their structures. Firstly, water molecules, 

co-crystallised ligands, and ions not directly involved in interactions with the ligand under 

study were removed. Hydrogen atoms were then added automatically to complete the 

molecular geometry of the protein. Partial charges were assigned to each atom using the 

AMBER force field, commonly used in molecular simulations, in order to represent the 

electronic distribution of the molecule and thus enable electrostatic interactions to be calculated 

accurately. Finally, the proteins were saved in PDBQT format, specifically designed for 

docking calculations with AutoDock, containing all the information needed for the simulations, 

such as atom types, hydrogen bonds, and partial charges. 

5.3.5: Molecular docking experiment 

A blind docking was performed on the co-crystallised proteins and the ligands using the grid 

box. The docking algorithm used was the Larckmakian genetic algorithm, and the poses 

generated were evaluated using the Autodock default score affinity function (Azmal et al., 

2024; Rossino et al., 2020). The maximum number of poses retained per ligand was set at 10, 

to capture diverse and energetically favourable conformations. Once the parameters had been 

configured, the docking calculation was launched. Autodock4 generated several poses for 

nilotinib and irinotecan for each protein, each ranked according to its energy score, based on 

receptor binding affinity. The poses were ranked according to docking scores, with the lowest 

values corresponding to the most stable ligand-receptor complexes. To validate the molecular 

docking protocol and ensure the reliability of the docking results, a re-docking experiment was 

performed using the experimentally co-crystallized ligands of the target proteins. The original 

ligands were extracted from the crystal structures and then docked back into their respective 

binding sites using the same docking parameters as described above. The root mean square 

deviation (RMSD) between the heavy atoms of the co-crystallized ligand's original 

conformation and the re-docked conformation was calculated to assess the accuracy of the 

docking protocol. An RMSD value of less than 2.0 Å is generally considered indicative of a 

successful and accurate docking method that can reliably reproduce the experimentally 

observed binding mode (Azmal et al., 2024; Fathima et al., 2021). 
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5.3.6: Visualisation of interactions 

Selected ligand-receptor complexes were visualized using Biovia Discovery Studio version 4.2 

to identify key interactions, such as hydrogen bonds, hydrophobic interactions, and π-π 

interactions. Biovia's Ligand Interactions tool was used to map the residues involved in the 

interactions and generate 2D interaction patterns. 

5.4: Results 

The binding energy values of irinotecan and nilotinib with JAK, mTOR, PI3K, and STAT3 

proteins (Table 5.1) provide insights into their relative binding affinities and potential 

inhibitory interactions. Binding energy, expressed in kcal/mol, reflects the strength and 

stability of the ligand-protein complex, with more negative values indicating stronger binding.  

Irinotecan exhibited variable binding affinities across all four proteins, with the most 

favourable binding energy observed for mTOR (-11.1 kcal/mol), followed closely by PI3K (-

10.3 kcal/mol) and STAT3 (-10.0 kcal/mol). In comparison to irinotecan, nilotinib showed 

weaker binding affinity with mTOR (-10.2 kcal/mol), PI3K (-10.1 kcal/mol), and STAT3 (-9.2 

kcal/mol). However, nilotinib exhibited slightly stronger binding affinity with JAK (-11.1 

kcal/mol) compared to irinotecan (JAK (-10.1 kcal/mol).  

The 3D and 2D structure of the complex formed between mTOR and irinotecan (Figure 5.2) 

and nilotinib (Figure 5.3) revealed a complex network of interactions that stabilise the ligand 

within the active site of the protein. A key feature of the docking interaction is the presence of 

two conventional hydrogen bonds. These are formed between Irinotecan and asparagine (ASN 

B:2147) and glutamine (GLN B:1937). Additionally, a carbon-hydrogen bond was observed 

with leucine (LEU B: 1936), which may further stabilize the binding of irinotecan within the 

active site.   

Van der Waals forces were evident with multiple residues, including arginine (ARG B:1896), 

aspartic acid (ASP B:2145), tyrosine (TYR B:2144), methionine (MET B:2199), isoleucine 

(ILE B:2228), and arginine (ARG B:2224). Furthermore, π-alkyl interactions were identified 

between irinotecan and leucine (LEU B:1936) and proline (PRO B:2146), suggesting 

additional stabilization via π-system interactions, which can enhance ligand retention in the 

active site.   
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The 3D and 2D structures of the interaction of irinotecan and nilotinib with the other proteins 

are given in (Appendix 5.1), their binding energy, the number of hydrogen bonds and amino 

acids involved in the interaction are summarized in Table 5.1 

Table 5.1: Binding energies of nilotinib and irinotecan with STAT3, JAK2, PI3K and 

mTOR 

Protein Compound Binding 

energy 

(Kcal/mol) 

N0 of H bonds 

(drug-protein) 

RMSD 

mTOR 
Irinotecan -11,1 2 1,1 

Nilotinib -10,2 3 0,6 

PI3K 
Irinotecan -10,3 0 0,6 

Nilotinib -10,1 4 1,3 

STAT3 
Irinotecan -10 5 2 

Nilotinib -9,2 1 1,04 

JAK2 
Irinotecan -10,1 2 2,4 

Nilotinib -11,1 0 0,6 
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Figure 5.2: 3D (A) and 2D (B) representation of the interactions established between 

mTOR and irinotecan  
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Figure 5.3 3D (A) and 2D (B) representations of the interactions established between 

mTOR and nilotinb. 
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5.5: Discussion 

The docking simulation demonstrated irinotecan’s strong binding affinity with key proteins 

associated with signalling pathways in leukaemia. Many compounds exert anti-cancer effects 

by interacting with the active sites of key proteins involved in signalling pathways.   

Inhibition potential of irinotecan on PI3K/AKT/mTOR pathway 

mTOR is one of the most important drug targets, which is overexpressed in many cancers, 

including leukaemia, and is closely related to the PI3K/Akt signalling pathway (Das et al., 

2023). The results of this study predict an interesting inhibitory potential of irinotecan, 

particularly for mTOR and PI3K, where the binding energies were the lowest. Many studies 

have reported molecules capable of promoting apoptosis by binding to the catalytic site of 

mTOR. These include  OSI-027 in lymphoma (Bhagwat et al., 2011). Another compound able 

to prevent the activation of mTORC2 is AZD8055 (Mirabilii et al., 2018). This finding 

emphasises the drug repurposing principle of polypharmacology, stating that drugs can have 

multiple biological targets. This finding adds up to the results obtained in previous chapters 

and suggests that irinotecan could be used in the treatment of leukaemia.  

Analysis of hydrogen bonds  

The widespread occurrence and adaptability of hydrogen bonds make them fundamental in bio-

molecular interactions within aqueous environments. These interactions play a crucial role in 

various chemical and biological processes, including ligand binding and enzyme catalysis.  

Hydrogen bonds are weaker than covalent bonds but stronger than Van der Waals interactions 

(Bulusu & Desiraju, 2019). The presence of hydrogen bonds in the complex formed by 

irinotecan and the selected proteins highlights strong electrostatic interactions that contribute 

to ligand affinity. Additionally, carbon-hydrogen bonds were observed that may further 

stabilise the binding of irinotecan within the active site. The active site of an enzyme is a 

specialised region where substrate molecules bind and undergo a chemical reaction. It consists 

of amino acid residues that contribute to substrate binding (binding site) and catalytic activity 

(catalytic site). Structurally, the active site forms a three-dimensional cleft or pocket, composed 

of residues from different regions of the enzyme’s amino acid sequence (Singh et al., 2022). 

Despite occupying only a small portion of the enzyme’s total volume, the active site plays a 

crucial role in enzymatic function (Singh et al., 2022). Substrate binding is mediated by 
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multiple weak interactions, such as hydrogen bonds and van der Waals forces, ensuring 

specificity and stability (Bitencourt-Ferreira et al., 2019). Fathima and co-workers have 

reported that hydrogen bond interactions between paclitaxel and mTOR protein were observed 

at key residues with a binding energy of -6.8 kcal/mol, including GLY 2203, ARG 2224, and 

THR 2207 (Fathima et al., 2021). Another study reported interactions with distinctive mTOR 

residues TRP 2239, LEU 2185, and ASP 2375 for AZD2014 (ligand) (Naveed et al., 2017).  

 In this study, irinotecan established two hydrogen bonds with mTOR at ASN 2147 and GLN 

1937 and five with STAT proteins (Table 5.1). The comparison with nilotinib, a well-known 

kinase inhibitor, showed weaker binding affinity with mTOR, even though there were more 

hydrogen bonds than irinotecan Table 5.1. This could be indicative of different types of 

hydrogen bonds in each of them. In biological systems, both specificity and reversibility are 

essential, as weaker hydrogen bonds facilitate transient interactions, allowing dynamic 

regulation of molecular functions. Additionally, their ability to form and dissociate more 

readily than stronger bonds is critical for maintaining biological flexibility and responsiveness 

(Bulusu & Desiraju, 2019). 

A previous docking study has reported that N4, a STAT3 inhibitor, interacts with the STAT3-

SH2 domain at multiple amino acid residues, including LYS591, SER636, VAL637, and 

GLU638 (Zapevalova et al., 2022). In this chapter, the mechanism of action of irinotecan 

involved binding to the active dimer formed by the tyrosine peptide, as observed in molecular 

docking analyses. Hydrophobic interactions play a significant role in the ligand’s stabilization. 

The observations of the presence of Van der Waals forces with multiple residues suggest an 

additional stabilizing effect by facilitating close molecular contact between irinotecan and the 

surrounding amino acids. Furthermore, π-alkyl interactions identified between irinotecan and 

LEU B:1936 and PRO B:2146 in mTOR suggest additional stabilization via π-system 

interactions, which can enhance ligand retention in the active site.   

5.6: Conclusion 

The docking analysis suggests that irinotecan and nilotinib establish a well-defined interaction 

network within the binding site of the proteins of signalling pathways characterised by 

hydrogen bonds, carbon-hydrogen bonds, multiple Van der Waals contacts, and π-alkyl 

interactions. These findings predict the potential mechanism of action of irinotecan on 
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leukaemia pathways, suggesting mTOR as a new target aside from its primary indication as a 

topoisomerase I inhibitor for solid tumours. 

Some limitations, such as in silico docking studies, only provide valuable preliminary insights 

but do not account for the dynamic nature of protein-ligand interactions in a biological system, 

which is why the results cannot be interpreted alone but must be linked to the in vitro studies 

you have already done. Additionally, the hydrogen bond length was not calculated, making it 

difficult to specifically differentiate and compare them.  
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CHAPTER 6:  GENERAL CONCLUSION AND PROSPECTS 

This thesis explores drug repurposing for leukaemia treatment as a pilot study for precision 

oncology in South Africa. The general introduction and literature review were covered in 

chapter 1. Chapter 2 talked about the demographic and clinical profile of patients. The 

demographic and clinical characteristics of patients were analysed based on data captured in 

patients’ files. The data include age, gender, haematological parameters, and treatment history. 

The drug sensitivity screening on PBMC isolated from patients’ samples was covered in 

chapter 3. Single drug screening of 30 FDA-approved drugs was conducted, and drug 

combinations based on the 10 most potent drugs were done. Additionally, a full matrix drug 

combination was carried out to evaluate the concentration at which each drug of the 

combination exerts the best effect. Chapter 4 focused on flow cytometry to evaluate the impact 

of drug treatment on cell surface markers on some patients. A seven-colour panel was designed 

to analyse CD markers like CD19, CD38, CD3, CD8, and HLA-DR. The in silico analysis of 

the binding affinity of irinotecan and nilotinib on some key leukaemia proteins was presented 

in Chapter 5, where molecular docking of irinotecan on proteins like PIPK, mTOR, JAK, and 

STAT3 was done and compared to nilotinib. This chapter represents the general conclusion 

and perspectives. The findings of this research offer critical insights into the disparities, 

challenges, and opportunities for improving leukaemia diagnosis and treatment. 

 

Demographic and clinical characteristics 

The demographic, clinical, and treatment history findings reported in this study highlight the 

substantial diversity in leukaemia subtypes across patient populations. By analysing leukaemia 

in the context of the South African region, this study uncovers disparities in the molecular 

landscape of leukaemia that underscore the importance of tailoring diagnostic and personalised 

therapeutic approaches. The research demonstrates how demographic and clinical differences 

among leukaemia subtypes, such as age, gender distribution, and treatment histories, 

significantly influence disease response to therapy. These findings emphasise the need for 

personalised, culturally sensitive healthcare models that account for local population-specific 

factors to improve patient outcomes.   
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Drug sensitivity testing 

A panel of already approved drugs was tested on PBMCs isolated from a cohort of South 

African leukaemia patients. Irinotecan, a drug that is not clinically used in the treatment of 

leukaemia in South Africa, has been identified as the most potent drug in the cohort due to its 

superior drug sensitivity score (DSS). In the context of drug sensitivity screening, this research 

makes substantial contributions to leukaemia therapy by identifying effective compounds and 

strategies for their application. This screening approach also enabled the identification of potent 

drug combinations, providing a framework for optimising combination therapies to maximise 

therapeutic outcomes. The DSS framework employed in this study serves as a valuable tool for 

prioritising drug candidates and strategising treatment protocols for personalised medicine. 

 

Expression of immune cell markers 

The investigation into immune profiling through multicolour flow cytometry has expanded the 

understanding of the immune cell dynamics in leukaemia. The study examined markers such 

as CD3, CD8, CD19, CD38, and HLA-DR in peripheral blood mononuclear cells (PBMCs) 

isolated from leukaemia patients, revealing critical differences in immune cell composition and 

apoptotic responses across subtypes. These findings highlight the interaction between the 

immune system and leukaemia pathophysiology, offering potential targets for immune-based 

therapies.  

Additionally, the in silico simulation showed the possible inhibitory effect of irinotecan on 

leukaemia key proteins like mTOR and PI3K, predicting potential new targets. 

Overall, this finding indicates that many drugs that are currently not prescribed clinically for 

the treatment of leukaemia in South Africa can be repurposed to offer more options to patients 

who have exhausted the current drug regimen. 

6.1: Study limitations 

While this thesis provides valuable insights into drug repurposing for the treatment of 

leukaemia in South Africa, several limitations should be acknowledged to provide context for 

the interpretation of the findings and guide future research. 

The limited sample size may limit the generalisability of the findings to broader populations. 

The data were primarily drawn from leukaemia patients in one city, with the majority from a 

public hospital, which may not capture the full spectrum of genetic, environmental, and clinical 
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variability observed in other cities or ethnic groups. A larger, more geographically and 

demographically diverse cohort would enhance the robustness and global applicability of the 

results.   

Furthermore, the heterogeneity in patients' treatment histories, including variations in prior 

therapies, dosages, and treatment durations, introduced variability that could affect clinical and 

drug sensitivity outcomes, complicating direct comparisons across subgroups. Additionally, 

the ex vivo drug sensitivity screening, conducted on PBMCs isolated from leukaemia patients, 

did not fully replicate the complexities of the tumour microenvironment, as factors such as 

stromal interactions, cytokine signalling, and immune evasion mechanisms were not accounted 

for. While irinotecan emerged as a promising therapeutic candidate based on its overall 

superior drug sensitivity score (DSS), the absence of genetic and molecular correlation analyses 

limited insights into the underlying mechanisms driving drug sensitivity differences, 

highlighting the need for genomic and transcriptomic profiling in future studies as well as 

preclinical and clinical validation. Moreover, resource constraints in the South African research 

setting, including limited access to advanced technologies, reagents, and infrastructure, may 

have influenced the scope of experiments and the depth of findings. Despite these challenges, 

the study provides a valuable foundation for future research, underscoring the need for 

expanded cohort sizes, integration of advanced molecular techniques, and longitudinal studies. 

Translating the ex vivo and in silico findings into preclinical and clinical trials will be crucial 

to fully realize the therapeutic potential of the identified drug candidates. 

6.2: Future Directions   

The findings of this study open avenues for further research.  Several future research directions 

can be pursued to enhance the clinical relevance and translational potential of the results. 

Expanding the scope of drug sensitivity screenings to include larger patient cohorts (taking into 

account their molecular/genetic characteristics) and a larger library of drugs could help refine 

therapeutic hierarchies and identify additional repurposable drugs. Furthermore, integrating co-

culture systems or patient-derived xenograft (PDX) models into future studies will help to 

better replicate the tumour microenvironment, accounting for stromal interactions, cytokine 

signalling, and immune evasion mechanisms, thereby improving the predictive power of ex 

vivo drug sensitivity screening. Further investigation into the therapeutic potential of irinotecan 

is warranted. This includes elucidating its mechanism of action at the molecular level, 
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evaluating its efficacy in combination with other agents, and validating its effects in preclinical 

leukaemia models. Employing advanced screening methods such as high-throughput 

combinatorial drug testing and functional genomics could facilitate the identification of 

predictive biomarkers for precision medicine. Correlating drug response data with specific 

genetic alterations will enhance the personalisation of leukaemia treatment strategies and guide 

targeted therapeutic approaches. Longitudinal studies should also be prioritised to capture 

disease evolution, treatment responses, and changes in immune profiles over time. A multi-

timepoint study design would enable the identification of dynamic biomarkers that can predict 

therapeutic outcomes and disease progression more effectively. 

By expanding cohort sizes, integrating multi-omic analyses, and conducting preclinical and 

clinical trials, future research can build upon the foundation established in this study, advancing 

the field of leukaemia therapeutics and improving patient outcomes. 
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APPENDICES 

Appendix 2.1 ECOG interpretation  

ECOG 
Description 

0 Fully active, able to carry on all pre-disease performance without restriction 

1 Restricted in physically strenuous activity but ambulatory and able to carry out 

work of a light or sedentary nature, e.g., light housework, office work 

2 Ambulatory and capable of all selfcare but unable to carry out any work 

activities; up and about more than 50% of waking hours 

3  Capable of only limited selfcare; confined to bed or chair more than 50% of 

waking hours 

4 Completely disabled; cannot carry on any selfcare; totally confined to bed or 

chair 

5 Dead 

Oken MM, Creech RH, Tormey DC, Horton J, Davis TE, McFadden ET, Carbone PP. Toxicity 

and response criteria of the Eastern Cooperative Oncology Group. Am J Clin Oncol. 1982 

Dec;5(6):649-655. PMID: 7165009. 

 

Appendix 3.1 List of the 30 drugs tested 

 Drug name Code Class 

A Cladribine 7-B02 Anti-metabolite; Purine analog 

B 5-Azacytidine 6-D04 DNA methylation 

C Bendamustine 6-E02 DNA-damaging 

D Bortezomib 3-A11 Proteasome inhibitor (26S subunit) 

E Busulfan 6-F05 Alkylating agent 

F Chlorambucil 3-H06 Alkylating agent 

G Cyclophosphamide 

monohydrate 

4-A08 Alkylating agent 

H Cytarabine 4-A09 DNA synthesis 
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I Dasatinib 7-D05 Abl, Src, c-Kit 

J Dexamethasone 2-F04 Interleukin receptor 

K Doxorubicin 2-H10 DNA topoisomerase II 

L Everolimus 8-A07 mTOR inhibitor 

M Fludarabine 8-B04 DNA synthesis, STAT1 

N Fluorouracil 4-C10 Antimetabolite 

O Gemcitabine 3-C10 Antimetabolite; Nucleoside analog 

P Ifosfamide 4-E06 Nitrogen mustard alkylating agent 

Q Imatinib 2-C04 Abl, c-Kit, PDGFRB inhibitor 

R Imiquimod 4-E07 Immune response 

S Irinotecan 8-E07 topoisomerase I inhibitor 

T Lenalidomide 8-F09 Immunomodulation 

U Melphalan 4-F09 Antineoplastic activity 

V Nilotinib 9-E08 BCR/Abl inhibitor 

W Prednisolone 5-A05 Immunomodulatory agent 

X Simvastatin 2-H02 HMG-CoA reductase 

Y Sorafenib 10-D09 Raf-1, B-Raf and VEGFR-2 

Z Tacrolimus 10-E07 FKBP12 (FK506 binding protein) 

AA Temsirolimus 10-F03 binds FKBP12, causes inhibition of 

mTOR 

AB Thalidomide 3-H09 Immunomodulation, E3 ubiquitin 

ligase 

AC Tretinoin 10-H07 Retinoic acid receptor agonist 

AD Vinblastine 3-G05 Mitotic inhibitor 

AE Pyrimethamine 

(Daraprim) 

10-B06  

AF Metformin 2-C09  
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Appendix 3.2 List of drugs for cancer treatment  

INN Brand As Per Contract 

Immunoglobulin, 

Antithymocyte 

(Rabbit) 

ATG-Fresenius 

Azathioprine AZAMUN 50MG 

Busulfan MYLERAN 2MG TAB 100 

Calcium Folinate Rescuvolin 15mg 

Chlorambucil LEUKERAN 2MG TABS 25`S    

Ciclosporin Sandimmun Neoral 100mg 

Ciclosporin Sandimmun Neoral 25mg  

Ciclosporin Sandimmun Neoral 100mg/ml Oral solution 

Ciclosporin Sandimmun Neoral 50mg injection 

Docetaxel Docetere RTU 20mg 1's 

Docetaxel Docetere RTU 80mg 1's 

Everolimus Certican 0.25 

Everolimus Certican 0.75 

Exemestane Aromasin 25mg 

Filgrastim Filgrastim Teva 30MIU 5  

Filgrastim Filgrastim Teva 48MIU 5  

Fludarabine Fludara 10mg Oral Tabs 20's 

Fludarabine Fludara IV 50mg INJ Soln 5's 

Fluorouracil Efudix 

Goserelin Zoladex 3.6 

Granisetron Adco Granisetron 3MG 

Imatinib Sunmatin 400 

Interferon Beta-1a AVONEX SOLUTION FOR INJECTION 

Irinotecan Mylan Irinotecan 100mg/5ml 

Irinotecan Mylan Irinotecan 40 mg / 2ml 

Medroxyprogesterone Provera 100mg 

Mercaptopurine PURI-NETHOL 50MG TABS 25`S 

Methotrexate Abitrexate 1000mg/10ml  

Methotrexate Abitrexate 2.5mg tablets 

Methotrexate Abitrexate 5g 

Mitoxantrone Mitoxantrone Hexal 20mg /10ml Inj 

Mycophenolate 

Mofetil 
Mycocept 250mg Caps 

Mycophenolate 

Mofetil 
Mycocept  500mg Tabs 

Mycophenolic Acid Myfortic 180mg  

Mycophenolic Acid Myfortic 360mg 

Nilotinib Tasigna 200mg 

Ondansetron Zofer Rapitab 4 

Ondansetron ONDANSETRON HEXAL 4 mg INJECTION 

Ondansetron ONDANSETRON HEXAL 8 mg INJECTION 
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Ondansetron Zofer 8 

Oxaliplatin Oxaliplatin PCH 100 mg/20 ml Conc  

Oxaliplatin Oxaliplatin PCH 50 mg/10 ml Conc  

Sirolimus Rapamune 1mg 

Tacrolimus Prograf 0.5mg 

Tacrolimus Prograf 1mg 

Tacrolimus Prograf 5mg 

Thalidomide Thalidomide Celgene 50 mg 

Tioguanine LANVIS 40MG TABS 25`S 

Trastuzumab Ogivri 440 

Tretinoin Vesanoid 10mg Capsules 

Vinblastine Vinblastine Teva 10 

Vinorelbine Sandoz Vinorelbine 10mg/1ml 

Vinorelbine Sandoz Vinorelbine 50mg/5ml 

Zoledronic Acid Zobone 

Anastrozole Accord Anastrozole 1mg 

Bevacizumab Avastin 100mg 

Calcium Folinate Abic Leucovorin 100mg/10ml 

Calcium Folinate Abic Leucovorin 300mg/30ml 

Capecitabine Capexa 150mg 

Capecitabine Capexa 500mg 

Carboplatin Carbosin 150 

Carboplatin Carbosin 450 

Cisplatin Cisacor 50mg 

Cyclophosphamide Endoxan Injection 1 g 

Cyclophosphamide Endoxan Injection 500 mg 

Cyclophosphamide Endoxan 50 mg tablets 

Dacarbazine Dacin 200 

Doxorubicin DOXORUBICIN -SOL PCH 10MG 

Doxorubicin DOXORUBICIN -SOL PCH 50MG 

Gemcitabine Accord Gemcitabine 1g 

Gemcitabine Accord Gemcitabine 200mg 

Goserelin Zoladex 10.8 

Ifosfamide Holoxan 1 g Injection 

Ifosfamide Holoxan 2 g Injection 

Ifosfamide Holoxan 500 mg Injection 

Imatinib Imatinib Accord 100mg  

Interferon Beta-1b Betaferon 

Mesna Uromitexan 400 mg Injection 

Mycophenolate 

Mofetil 
Cellcept OS Suspension 

Paclitaxel Cipla Paclitaxel 100 mg/16,7 ml  

Paclitaxel Cipla Paclitaxel 30 mg/5 ml  

Rituximab Mabthera 100mg 

Rituximab Mabthera 500mg 

Tamoxifen Nolvadex-D 
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Vincristine Accord-Vincristine 1mg/ml  

 

Appendix 3.3 list of drug combination arrangements 

List A  List B  

Nilotinib A  Irinotecan F 

Fludarabine B  Cladribine G 

Dasatinib C  Bortezomib H 

Chlorambucil D  Thalidomide I  

5-Azacytidine E  Everolimus J 

 

Appendix 3.4: Ex vivo Drug sensitivity testing is reproducible as demonstrated in HeLa 

cell lines  
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Appendix 3.5 Table of the drug cluster I 

Drug of cluster I class Patient code/Subtype 

Imiquimod Immune response CML04/CML 

BH08/CML 

BH15/CML 

BH12/AML 

BH26/CML 

BH09/CML 

BH23/CML 

BH05/CML 

BH22/CML 

Fluorouracil Antimetabolite 

Cyclophosphamide 

monohydrate 

Alkylating agent 

Chlorambucil Alkylating agent 

Doxorubicin DNA topoisomerase II 

Gemcitabine Antimetabolite; Nucleoside 

analogue 

Simvastatin HMG-CoA reductase 

Bortezomib Proteasome inhibitor (26S 

subunit) 

Ifosfamide Nitrogen mustard alkylating 

agent 

Vinblastine Mitotic inhibitor  

Thalidomide Immunomodulation, E3 

ubiquitin ligase 

 

Cytarabine DNA synthesis  
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Appendix 4.1: Expression of surface markers on AML04 
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Appendix 4.2: Expression of surface markers on CML04 
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Appendix 5.1: 2D and 3D representation of the interactions established between proteins 

nilotinib and irinotecan 
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                                                                                      Irinotecan and STAT3 

 

  

                                                                            Nilotinib and JAK2 
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                                                                           Irinotecan and JAK2 

   

                                                                             Nilotinib and PI3K 
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141 
 
 

 

APPENDIX A: TURNITIN REPORT 
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APPENDIX B: ETHICS CLEARANCE  
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APPENDIX C: PERMISSION TO CONDUCT RESEARCH 
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APPENDIX D: DATA SHEET 
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APPENDIX E: INFORMATION SHEET 
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APPENDIX F: INFORMED CONSENT 



 

 

 


