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Project summary  

Malaria is an infectious disease brought on by Plasmodium parasites. Resistance development to 

current treatment measures is a significant challenge to the progress made in eradicating malaria. As 
a result, developing new drugs with novel targets and modes of action (MoA) is of utmost importance 

to address this resistance. Phenotypic screening is often used to identify active compounds, but it has 
a low success rate in identifying compound targets or MoAs. Direct and indirect methods can be 

employed to identify a compound's target or MoA. However, most of these methods are time-consuming 
and labour-intensive.  

Machine learning techniques have not yet been widely used in antimalarial drug discovery to identify a 
compound’s MoA. However, recently van Heerden et al. (2021) used classification-based machine 

learning to develop a rationally selected model capable of stratifying compounds into different MoA 
groups with a 77 % accuracy. This model used chemo-transcriptomic fingerprints to indicate that the 

variant expression of only 50 transcripts was sufficient to classify different compounds with similar MoA 
into the same subsets quickly and specifically. This classification could accelerate antimalarial drug 

discovery if only 50 transcripts can be used to evaluate the response of the parasite to any new 
antimalarial agent, thereby indicating MoA classification as either into a known class (with inherent 

increased risk of cross-resistance) or into an unknown, novel class. However, due to the predictive 
nature of machine learning models, the use of the 50 transcripts as ‘biomarkers’ for drug MoA must first 

be validated in vitro and their use in a streamlined platform must be evaluated before they can be used 

extensively for drug discovery purposes.  

To address these needs, this study used real-time, quantitative PCR and the 2-△△Cq relative 
quantification method to investigate the in vitro expression levels of the biomarkers that van Heerden 

et al. (2021) identified as responsive to compound treatment within parasite populations treated with 
antimalarial compounds. The qPCR-based platform was first evaluated using five control compounds, 

each with a known MoA. This established that the qPCR amplification of the biomarkers was sufficient 
to distinguish between the compounds and that compounds with specific targets clustered separately 

from those with non-specific targets. The platform was extended to four clinical candidates with 

dissimilar MoAs to evaluate if the biomarkers can distinguish between compounds not previously 
evaluated in the machine learning model. This solidified that the biomarkers could create distinctive 

chemo-transcriptomic fingerprints for each compound’s MoA. Lastly, a clinical candidate that shares a 
target with a control compound was introduced, proving that compounds with overlapping biological 

activity showed similarities in their chemo-transcriptomic fingerprints. This data indicated that the 
biomarkers identified using machine learning could be predictive biomarkers for compound MoA 

classification. The limited number of biomarkers, as well as the established qPCR-based platform 
parameters in this study, provides a rapid and scalable means to determine a compound’s MoA, 

therefore greatly benefiting antimalarial drug discovery by allowing drug candidates to be evaluated for 
unfavourable MoAs and ensuring that the MoA remains unchanged during lead optimisation. 
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1 Chapter 1: Literature Review 

1.1 The impact of malaria 

Malaria is a serious infectious disease caused by a protozoan parasite of the Plasmodium genus that 
has a potentially lethal effect on the human population. In 2022, there were approximately 249 million 

malaria cases and over 608,000 deaths, as stated by the World Malaria Report 2023 (1). A large 
proportion of cases is attributed to the African region as defined by the World Health Organisation 

(WHO) (1). Malaria is considered a disease of poverty due to the severe economic burden caused by 
attempting to control malaria (2). Notably, the lack of sufficient resources to combat malaria in Africa 

contributes to the disease susceptibility of the continent (3). 
 

Young children under the age of five are especially vulnerable due to their lack of acquired immunity, 
while the placentas of pregnant women are exploited by the parasite, leading to an increase in 

miscarriages (3). Malaria has varying severity and can be asymptomatic, uncomplicated, or severe 

(also referred to as complicated). Common symptoms of malaria include fever, sweating, chills, 
headaches, and symptoms of digestive upset. Additionally, severe malaria can lead to anaemia, organ 

damage, and coma due to parasite sequestration in the microvasculature (3, 4).  
 

Plasmodium species that can infect humans include Plasmodium falciparum, Plasmodium 
vivax, Plasmodium malariae, Plasmodium ovale curtisi, Plasmodium ovale wallikeri, Plasmodium 

knowlesi and more recently Plasmodium cynomolgi (2, 5). Of these species, the most severe infections 
are caused by P. falciparum parasites, which are most prevalent in sub-Saharan Africa (2). It is the 

most severe because of P. falciparum parasites’ ability to adhere to microvasculature and evade the 
host’s immune system (6).  
 

1.2 The life cycle of P. falciparum parasites 

P. falciparum parasites are transmitted by the female Anopheles mosquito, which is mostly attributed 

to the Anopheles gambiae complex in Africa (7). The parasites’ life cycle spans various developmental 
stages within the mosquito vector and the human host (Figure 1) (8). 
 

When an infected mosquito bites a human, sporozoites are injected into the host and enter the 
bloodstream (9). The extraerythrocytic development cycle (EDC), lasting 2-10 days, starts when the 

sporozoites reach the liver. The sporozoites traverse the liver sinusoids and invade hepatocytes, 

allowing the parasites to evade the host’s immune system (8, 10, 11). The parasites establish a 
parasitophorous vacuole (PV) and undergo their first round of asexual replication (8). In other species 

of Plasmodium, i.e., P. ovale and P. vivax, non-replicating hypnozoites can be formed in place of 
schizonts, leading to a period of dormancy. This enables the parasites’ lasting survival and can cause 

disease relapse (8). During the EDC, hepatic schizont maturation occurs, forming multinucleated exo-
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erythrocytic hepatic schizonts (also known as meronts) that lead to the production of thousands of 

hepatic merozoites (1N). 

 

x 
Figure 1. The life cycle of P. falciparum parasites. Shown is the progression of the parasite from the injection 
of sporozoites into the vertebrate host's bloodstream through each developmental stage until the mature 
gametocytes are again consumed by the mosquito for further development in the vector. This figure was created 
in Procreate (https://procreate.art) and modified from Connacher et al. (2022) (10). EDC = extraerythrocytic 
development cycle and IDC = intraerythrocytic development cycle. 
 

When the hepatic schizonts burst, thousands of hepatic merozoites are released into the bloodstream, 
where they invade the host’s erythrocytes (8, 10). This is the start of the 48 h intraerythrocytic 

development cycle (IDC), where malaria symptoms arise due to the rupture of erythrocytes at the end 
of each cycle (10, 12). P. falciparum parasites infect a large number of the host’s erythrocytes, creating 

a high parasite burden and contributing to the severity of the disease (8). During the IDC, parasites 

undergo development in a PV that forms during the invasion of erythrocytes and supports a second 
round of asexual proliferation (13). Merozoites develop into ring-stage parasites that import 

haemoglobin via a cytostome. This is followed by the development of the parasites into trophozoites, 
wherein haemoglobin digestion occurs, which leads to the formation of a crystallised by-product called 

haemozoin. Haemoglobin digestion takes place in the parasite’s digestive vacuole, primarily serving as 
a source of amino acids for protein biosynthesis in the parasite (14). Additionally, this creates space in 

the erythrocyte for the parasite to develop and grow. In mature trophozoites, DNA synthesis 
commences (1N to 2N) and the trophozoites develop into schizont-stage parasites (> 2N) by undergoing 
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nuclear division (4, 13, 15, 16). During schizogony, multiple rounds of asynchronous DNA replication 

and nuclear division without cytokinesis take place, which form multinucleated schizonts. The last round 
of DNA replication and segregation, however, are synchronous, leading to the formation of individual 

daughter merozoites (1N) encapsulated in parasite plasma membranes and inner membrane 
complexes (17, 18). The mature schizonts then rupture and up to 32 merozoites are released into the 

bloodstream by a single schizont, where each can invade other erythrocytes, initiating the next cycle 

(8). 
 

A small proportion of asexual parasites (< 10 %) commit stochastically to sexual differentiation during 

each cycle (10). P. falciparum parasites remain in this development stage for approximately 8-10 days 
while differentiating through five distinct stages (9). Similarly to asexual parasites, early gametocyte 

stages (I-III) digest haemoglobin and form haemozoin deposits. However, gametocytes do not undergo 
DNA replication and nuclear division. During stage I-IV, the gametocytes are not circulated in peripheral 

blood but rather instead sequester in the bone marrow and spleen of the host (10, 19, 20). Stage I 
gametocytes morphologically resemble trophozoites, however, as the parasites progress through 

gametocytogenesis, the distinctive crescent shape of P. falciparum parasites emerges. Stage II 
gametocytes become lemon-shaped, while stage III gametocytes start to elongate and become D-

shaped. Stage IV gametocytes are elongated and thin, with male and female gametocytes becoming 
distinguishable. Female gametocytes usually have dense haemozoin distribution, while male 

gametocytes have dispersed haemozoin distribution (19, 21). After maturation, the stage V male and 

female gametocytes are released back into the bloodstream, where they can remain for several days 
to increase their likelihood of being transmitted to the mosquito upon its next blood meal (8, 22, 23).  
 

Gametogenesis takes place in the mosquito midgut after ingestion of mature stage V gametocytes and 

is triggered by a pH change, temperature drop, and exposure to xanthurenic acid that is present in the 
mosquito midgut. The male gametocytes undergo three swift rounds of DNA replication that result in an 

octoploid nucleus. Subsequently, eight flagella are assembled, which results in eight motile male 
microgametes that are released by exflagellation (6, 24). In contrast, female gametocytes develop into 

a single immotile macrogamete (20). Fertilisation of the macrogamete (1N) by the microgamete (1N) 
creates a diploid zygote, which matures into a motile ookinete (22). Ookinetes can traverse the mosquito 

midgut and form oocysts, where the parasites undergo a third round of asexual replication to form 
sporozoites. The sporozoites undergo maturation and are released into the haemolymph, from where 

they can migrate to the salivary glands of the mosquito (8). The mosquito’s next blood meal allows the 
transmission of the sporozoites to a new host (8, 25). 

 

1.3 Prevention and treatment  

The complex life cycle of P. falciparum parasites, which spans many distinct developmental stages, 
provides many opportunities for intervention to prevent and treat malaria.  
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1.3.1 Prevention of malaria 

The first form of defence against malaria is through vector control, which targets the Anopheles 

mosquito. An. gambiae favours human blood to complete its egg production cycle and mainly bites and 
rests indoors (26). Bite prevention can be an effective means of disease control, and this is primarily 

achieved by using insecticide-treated nets, long-lasting insecticide-treated nets, and indoor residual 
spraying (27). The primary chemical component that makes these measures lethal is the mosquito-

repellent pyrethroid, which is not harmful to mammals and stays in the environment (26, 28). The 
lingering effect of the pyrethroid in the environment, however, results in mosquitoes’ behavioural 

changes and resistance to insecticides (29, 30).  
 

Chemoprophylaxis is another useful measure to prevent infection, as these drugs are typically ingested 

before exposure to malaria (31). Chemoprophylaxis in malaria targets the parasites during the EDC 

and IDC stages (32). These drugs have shown efficacy in reducing morbidity and mortality and are 
often used by travellers, pregnant women, and children (33, 34). Common examples of 

chemoprophylactic drugs include mefloquine, primaquine, and sulfadoxine-pyrimethamine. However, 
these drugs are often accompanied by unpleasant side effects and resistance has been shown to 

develop (35). Chemoprophylaxis has not been widely used for individuals living in moderate/high 
transmission areas. This is due to the high cost of acquiring and delivering chemoprophylactic drugs to 

large populations, requiring multiple doses, potential accelerated drug resistance, and potentially 
compromised development of naturally acquired immunity (36).  
 

Developing a vaccine is considered to be of great importance in the malaria community and will provide 

a means of long-term protection that is not possible using chemical intervention (28). The current 
frontrunners are the RTS,S/AS01 subunit vaccine and the newly introduced R21/Matrix-M vaccine. The 

RTS,S/AS01 vaccine was approved by the WHO in 2021 for use in children who have a high risk of 
exposure, with the rollout of this vaccine approved in 18 countries (1). The R21/Matrix-M vaccine 

became the second WHO-recommended vaccine for use in children in high-risk areas in 2023. This 

vaccine is meant to assist in the shortage of RTS,S/AS01 vaccine supply, as it has great potential for 
large-scale and low-cost manufacturing (1, 37). The R21/Matrix-M vaccine displays greater efficacy 

(77 % at 12 months after vaccination) compared to RTS,S/AS01 (56 % at 12 months after vaccination 
and 33 % at 18 months after vaccination) (37). Although the efficacy of these vaccines seems 

encouraging, malaria elimination still requires a multifaceted approach (38).  
 

1.3.2 Treatment of malaria 

1.3.2.1 Severe Malaria 

Malaria chemotherapy targets the parasites to alleviate symptoms and prevent death. For severe cases 

of malaria, it is recommended to administer artesunate parenterally. Severe malaria is caused by the 
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sequestration of mature parasites in erythrocytes in the vasculature, causing reduced blood flow to vital 

organs (39). Artesunate shows activity against circulating ring-stage parasites and has been proven to 
reduce the incidence of death by approximately a third in clinical trials (40). Parenteral administration 

of artesunate allows the rapid removal of parasites from the blood (50 % parasite clearance after 6-9 h) 
and can be administered even while the patient is in a coma, as with cerebral malaria (3, 34, 41). This 

pharmacodynamic advantage of artesunate kills the parasites before sequestration (39).  
 

1.3.2.2 Uncomplicated malaria 

Uncomplicated malaria cases caused by P. falciparum parasites are currently treated by artemisinin 
combination therapies (ACTs). ACTs comprise a derivative of artemisinin (dihydroartemisinin (DHA), 

artemether, and artesunate) and an accompanying drug, where the artemisinin component is 
responsible for the rapid clearance of parasites while the accompanying drug is responsible for clearing 

the remaining parasites. Artemether-lumefantrine is most commonly used and can even be 
administered during pregnancy (42). Artemisinin inhibits the parasite’s metabolic processes (glycolysis, 

nucleic acid, and protein synthesis) and requires the endoperoxide bridge of the drug to be activated 
by haem derived from haemoglobin digestion (43, 44).   
 

ACTs were considered to have high efficacy, however, resistance has emerged recently (34). Other 
antimalarials are available and the ones currently in use target diverse processes of the parasites 

across multiple life cycle stages, most commonly the IDC of the parasite that is responsible for malaria 
symptoms. These antimalarials include antifolates (e.g. pyrimethamine), atovaquone, antibiotics, 

chloroquine derivatives, and quinolone derivatives (e.g. mefloquine) (28). However, resistance has also 

threatened their efficacy as antimalarials. 
 

1.3.2.3 Drug resistance 

Antimalarial drug resistance has been a great impediment in the fight against malaria with many 

antimalarials used currently and historically eventually experiencing resistance development (45). 
Chloroquine, which inhibits haem detoxification, was the standard treatment for malaria as it displayed 

rapid action, good tolerability, and simple dosing. However, resistance to chloroquine developed soon 
after its implementation (~10 years) due to a single nucleotide polymorphism in the chloroquine 

resistance transporter gene (pfcrt) (46). Chloroquine was also prescribed for pregnant women in 
malaria-endemic areas as a chemoprophylactic treatment against P. falciparum malaria, however, with 

the spread of chloroquine resistance, it was replaced with sulphadoxine-pyrimethamine in some African 

countries (39). Pyrimethamine is an antifolate that inhibits dihydrofolate reductase (DHFR) and is 
partnered with sulphadoxine, which inhibits dihydropteroate synthase (DHPS), affecting the parasite’s 

folate biosynthesis pathway. A mutation of the pfdhfr gene conferred widespread pyrimethamine 
resistance, while a mutation of the pfdhps gene conferred resistance to sulphadoxine (39, 46, 47).  
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The decreased efficacy of chloroquine and sulphadoxine-pyrimethamine led to their replacement by 

ACTs (39). However, the development of resistance against artemisinin and its derivatives, largely due 
to the non-compliance of patients, is a growing threat to the progress made against malaria (48). 

Mutations in the kelch13 gene (encoding the PfK13 protein) confer partial resistance to artemisinin by 
permitting a portion of the treated early rings to survive, as the mutation leads to impaired haemoglobin 

uptake and, therefore, reduced artemisinin activation (49, 50). Clinically, partial artemisinin resistance 

is observed by delayed parasite clearance (parasites present after 72 h) (51). This delayed parasite 
clearance places greater pressure on the combination’s partner drug, as a larger population of parasites 

that remain after the artemisinin component has been cleared leads to a greater potential for resistance 
mutant selection (39). Temporary measures to curb the effect of drug resistance include a prolonged 

course of treatment and evaluation of triple combination therapies (32). Triple combination therapies 
entail two slow-acting partner drugs to protect against resistance development and have proven to be 

safe and effective (39). 
 

Despite effective antimalarials currently available to combat malaria, the potential for widespread 

resistance development, specifically against ACTs, remains a great threat. New antimalarials are under 
development, however, they will only become readily available within a few years.  

 

1.4 Drug Discovery  

The need for novel antimalarials drives antimalarial drug discovery to produce new drugs that can 

combat the emerging resistance while also considering the drug's safety (51). The Medicines for Malaria 

Venture (MMV) is a non-profit organisation that actively coordinates and drives the discovery and 
development of new antimalarials by partnering with experts in drug discovery and parasitology 

(https://www.mmv.org). Potential therapies are designed based on specific Target Product Profiles 
(TPPs) (32, 51).  
 

1.4.1 Target Product Profiles  and Target Candidate Profiles 

A TPP refers to the final product that can contain two or more active compounds. TPPs fall into two 
categories: TPP1’s intended use is case management, while TTP2’s intended use is chemoprotection. 

Both consider different target candidate profiles (TCPs) (Figure 2). A TCP outlines the candidate’s (a 
compound’s) qualities (52). Some compounds can achieve multiple TCPs. For example, the compound 

can target hypnozoites (TCP3) and have transmission-blocking activity (TCP5), as with Primaquine 

(51).  
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Figure 2. An outline of TPPs and TCPs. Two target product profiles (TPPs) that consider five different target 
candidate profiles (TCPs) are outlined in the figure. The information was adapted from the MMV 
(https://www.mmv.org) and Burrows et al. (2013) (52), and the figure was created using Procreate 
(https://procreate.art). IDC = intraerythrocytic development cycle. 
 

TPP1, which concerns case management, usually considers compounds classified as TCP1, TCP3, 
and TCP5 (32). TCP1 would represent the basis of malaria treatment and indicate compounds that are 

responsible for the clearance of parasites in the IDC to alleviate malaria symptoms and prevent death 
(45, 51, 53). TCP2 is a retired profile that was used to consider antimalarials with sustained antiparasitic 

activity (45). Compounds classified as TCP3 would prevent relapse by targeting dormant liver-stage 

parasites (hypnozoites) in P. vivax and P. ovale infections (45, 51, 52). Compounds classified as TCP5 
would prevent the development of gametocytes and block transmission. This goes hand in hand with 

compounds classified as TCP6 that would target the mosquito vector to decrease transmission and 
defend the uninfected population (53). Choosing which compounds to combine is dependent on their 

safety, resistance potential, capacity to be co-formulated, and efficacy (compounds could work 
synergistically or even antagonistically).  
 

TPP2 concerns chemoprotection and is used by travellers entering malaria-endemic areas and 

occasionally during epidemic outbreaks. It mostly considers compounds classified as TCP4 and is at 
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times accompanied by compounds classified as TCP1 (32, 51). Chemoprotection is accomplished by 

targeting sporozoites, hepatic schizonts, or hepatic merozoites. TCP4 is the key profile in TPP2 and 
has presented some challenges as different antimalarials must be used for chemoprotection and 

treatment of active malaria cases in the same region to avoid resistance development. The 
administration of these antimalarials also needs to be taken into account and should preferably only be 

administered once in an outbreak (52).  
 

Identifying clinical candidates that fulfil these TPPs and TCPs requires continued investigative efforts. 

Once identified, these compounds move through the drug discovery pipeline to hopefully advance to 

preclinical and clinical development stages. 
 

1.4.1.1 Preclinical and clinical candidates for malaria treatment 

There are several antimalarial candidates currently under investigation that fit the clear criteria for 

development, including 1) their efficacy against multidrug-resistant parasites, 2) novel mode of action 
(MoA), and 3) having the ability to target multiple life cycle stages of the parasite. Particularly interesting 

is the number of antimalarial candidates with a broad range of target proteins as discussed below.  
 

The aminopyridine compounds MMV390048 (MMV048) and its derivative UCT943 (both targeting 

phosphatidylinositol 4-kinase (PI4K) in the parasite) were promising candidates that were investigated 
for their antimalarial potential. PI4K is an attractive, novel drug target as these kinases play a key role 

in intracellular signalling by catalysing the conversion of phosphatidylinositol to phosphatidylinositol-4-
phosphate (54). MMV048 was the first PI4K inhibitor to undergo clinical development and has been 

investigated in phase II clinical trials, where it showed multi-stage activity against the parasite (except 
against the hypnozoite stages). Parasites treated with MMV048 did, however, show recrudescence in 

a subset of participants (45, 55). MMV048 showed a good safety profile in initial investigations, however, 

embryo-foetal development studies in rats indicated teratogenicity (development of diaphragmatic 
hernias and cardiovascular malformations) (56).   
 

M5717, a quinoline diamine, is another promising clinical candidate that showed multi-stage activity 

against EDC and IDC parasites, as well as transmission-blocking activity and activity against resistant 

strains (45). M5717 targets P. falciparum translation elongation factor 2 (EF2), therefore affecting 
protein synthesis as it is responsible for the translocation of mRNA and tRNA (57). In preclinical studies, 

M5717 showed good pharmacokinetic properties such as long plasma half-life, good oral availability, 
and minimal side effects, promoting its further investigation in phase II clinical trials (45).  
 

DSM265, a triazolopyrimidine, was evaluated in phase II clinical trials. DSM265 shows multi-stage 
activity (EDC and IDC parasites) by inhibiting dihydroorotate dehydrogenase (DHODH) that catalyses 

pyrimidine nucleotide formation for nucleic acid synthesis. DSM265 is well tolerated, shows good safety 
in humans, and has a long half-life (58). However, DSM265’s propensity for inducing resistance 
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development made it a less favourable candidate as it showed the development of multiple mutations 

capable of conferring resistance (59, 60). 
 

MMV030084 (MMV084), a trisubstituted imidazole that targets cGMP-dependent protein kinases (PKG) 

in P. falciparum parasites, is a promising potential candidate. MMV084 showed potent activity against 
the IDC of the parasite by inhibiting merozoite egress and the EDC by inhibiting hepatocyte invasion, 

and showed promising results for resistance selection, where it was denoted as resistance-refractory 
(61, 62). 
 

To investigate parasite biological and, in turn, identify new druggable targets, tool compounds can be 
used as biological probes. These compounds are often effective in cancer or other parasitic diseases 

and are investigated for their potential activity against P. falciparum parasites. One such compound 
was difluoromethylornithine (DFMO), which was used as a lead compound along with other inhibitors 

of ornithine decarboxylase (ODC) to investigate polyamine metabolism as a drug target after the 

success of DFMO in cancer and African sleeping sickness management (63-65). DFMO did have 
activity against asexual P. falciparum parasites, however, it was found to be cytostatic and merely 

prevented the parasites from entering the schizont stage during the IDC. This inhibition was also 
reversible upon the addition of polyamines to the culture (63). Another compound that showed good 

efficacy in cancer is suberoylanilide hydroxamic acid (SAHA), which is a histone deacetylase (HDAC) 
inhibitor that has a key role in gene expression regulation (66). SAHA does show activity against 

P. falciparum parasites below the range that is considered clinically relevant for this compound and 
moderate selectivity towards the parasite (67). These compounds have not undergone clinical testing 

to be implemented as antimalarials, but they have provided insight into druggable targets in the parasite.  
 

The discovery of new drugs with novel targets and MoAs is of utmost importance. These drugs must 

have novel targets to reduce the likelihood of pre-existing resistance affecting their efficacy (51). This 
holds particular importance for P. falciparum parasites, which have, to various extents, developed 

resistance against all currently implemented antimalarials and will undoubtedly do so again (28).  
 
 

1.4.2 Antimalarial drug discovery  

Diverse approaches to antimalarial drug discovery can encompass the phenotypic screening of 
compound libraries as well as the design of inhibitors for established druggable targets (target-based 

discovery). Phenotypic screening, however, has led to the discovery of most clinical antimalarial 
candidates currently under development (45) since it overcomes the challenge of compound uptake 

experienced because P. falciparum parasites are obligate intracellular parasites enclosed in three 
different membrane systems (68). Although target-based screening has identified strong protein 

inhibitors, the majority of these did not show any activity against the parasite simply because they were 
not able to enter the parasite to engage their target.   
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Phenotypic screening takes place in biological systems that mimic physiological conditions and are 

unperturbed as far as possible, and often exploits a disease-related characteristic to screen large 
compound libraries for hit compound identification (69). It, therefore, provides an objective approach to 

identifying compounds that have a desired effect or phenotype and has the additional advantage of 
considering cell permeability (51, 70, 71). The in vitro activity of compounds is assessed using whole-

cell parasites, cultured to the desired life cycle stage, and often leads to identifying compounds that can 

target various proteins and signalling pathways (51). Examples of antimalarials currently in the drug 
discovery pipeline that were discovered using phenotypic screening include cipargamin (KAE609) and 

M5717, the latter of which retains activity against parasites resistant to current antimalarials (45). 
 

Although highly successful in identifying compounds with clear activity against Plasmodium parasites 

during the hit identification phase, phenotypic screening is challenged since hits identified this way 
cannot progress as preclinical candidates in the drug discovery pipeline unless their target is known 

(53, 70). This is for several reasons: 1) it would be almost impossible to motivate the progress of a 
compound with an unknown MoA in the possibility of pre-existing resistance in parasites if the 

compound acts on known drug targets, 2) different compounds targeting different proteins/MoAs will be 
combined to prevent resistance development, and 3) not knowing the target or the MoA of the 

compounds makes rational improvement of the potency and safety of the compound challenging as it 
is unknown which part of the compound interacts with the target protein (51, 72). It is, therefore, critical 

that a compound’s MoA or target be elucidated as early on as at the hit-to-lead phase of discovery. If 

successful, the compounds progress to toxicology evaluations and, eventually, clinical trials (Figure 3).  

 
Figure 3. The drug discovery pipeline. The phenotypic drug discovery pipelines that shows when target 
identification (pink) takes place. This figure was adapted from Zheng et al. (2013) (73) and created using Procreate 
(https://procreate.art). SAR = structure-activity relationship, ADME = Absorption, distribution, metabolism, and 
excretion and MoA = mode of action. 

1.5 Target identification and MoA determination 
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Target identification and MoA determination of antimalarial compounds are complex and time-

consuming processes and a wide variety of approaches have been developed by international consortia 
like the Malaria Drug Accelerator (MalDA, https://www.malariada.org) (72).  
 

1.5.1 Target identification strategies 

1.5.1.1 A genomics-based strategy 

In vitro evolution and whole genome analysis (IVIEWGA) is a frequently applied forward-genomics 
approach (enhanced evolution) that allows for the evaluation of potential resistance mechanisms, and 

if resistance-conveying mutations are within the target protein, this allows for target identification. It 
involves exposing asexual P. falciparum parasites to sublethal levels of the compounds repeatedly until 

recrudescent, resistant parasites emerge (72, 74). The resistant parasite clones can then undergo 
whole genome sequencing to allow the identification of mutations such as single nucleotide variants 

(SNVs) or copy number variants (CNVs) that bestow resistance compared to the parent clone. The 

mutations often directly relate to measures taken by the parasite to overcome the pressure conferred 
by compound treatment or to compensate for the effect of compound treatment, which can result in a 

mutation in the gene of the compound’s target protein (75, 76).  
 

This method has led to the successful identification of numerous targets, however, despite this success, 

some compounds do not easily develop resistance or develop resistance through non-specific 
mutations such as mutations in the P. falciparum multi-drug resistance 1 transporter (51, 72). When the 

compound does not lead to resistance development, it is denoted as ‘irresistible’, an attractive quality 
during drug development (72). Additionally, the development of resistance could potentially only 

indicate the resistance mechanism instead of the target.  
 

The identified mutations must be validated by reintroducing the mutation in wild-type parasites or 

lengthy mechanistic studies to verify that the identified SNVs/CNVs are what confers the resistant 
phenotype (76, 77). One way to validate the mutations identified during IVIEWGA is by introducing the 

mutant allele into a wild-type parent parasite clone. Clustered regularly interspaced short palindromic 
repeats/Cas9 (CRISPR/Cas9) allow the introduction of double-stranded breaks at a specified sequence 

directed by gRNAs and the donor-repair sequence can then incorporate the identified SNV followed by 
monitoring the parasites to discover if the mutation had the desired effect (72). When resistance cannot 

be induced, alternative target identification approaches can be applied.  
 

1.5.1.2 Proteomics-based strategies 

Chemical proteomics can provide evidence of direct interaction between the investigative compound 
and its target and can be applied to asexual and gametocyte-stage parasites. One approach is to use 

parasite cell extracts to identify protein interactions with the compound covalently immobilised on 
magnetic beads. The proteins identified in this manner undergo quantification via mass spectrometry 
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and are considered putative drug targets (72). This approach assisted in confirming the target of 

MMV048 in P. falciparum parasites as PI4K (78). This method is simplistic and can identify targets that 
bind with medium and high affinity to the compound with minimal uncertainty. However, the 

disadvantages of this method include not being able to immobilise certain compounds on a matrix or 
the compounds losing their activity due to the modification, not being able to release the target due to 

the compound covalently modifying the target and the added difficulty of working with protein complexes 

and low abundance proteins (79).  
 

When a compound cannot be immobilised or the immobilisation compromises the target-binding ability 

of the compound, a cellular thermal shift assay (CETSA) can be applied to investigate a compound’s 
target. The assay is built on the principle of the thermodynamic stabilisation acquired by the protein 

upon binding of a ligand. CETSA can be performed using intact cells (P. falciparum parasite-infected 
erythrocytes) or a lysate of the soluble protein fraction, the distinction being the environment of the 

drug-target interaction (80). Lysate CETSA only monitors the binding of the ligand to the target protein, 
while intact-cell CETSA provides greater insight into the complexity of the intracellular environment of 

the interaction (80).  
 

In addition to the two sample preparation methods above, there are two assay versions. Isothermal 
dose response (ITDR) CETSA tests ten different concentrations of the compounds at three set 

temperatures, while in melt-curve CETSA a single compound concentration is tested across a thermal 
gradient of ten temperatures. The temperatures for the ITDR-CETSA heat challenge are dependent on 

the protein’s thermal stability. As a starting point, 51 ℃ and 57 ℃ are recommended as 51 ℃ is the 
average melting temperature of P. falciparum parasites’ proteome, whereas 57 ℃ allows the detection 

of thermostable proteins. A control temperature (37 ℃) where denaturation does not occur is also 

included (80). For melt-curve CETSA a high drug concentration to ensure ligand-induced protein 
stabilisation and a range of 37-73 ℃ is suggested for Plasmodium proteins. CETSA shows limitations 

with low abundance proteins and membrane-bound proteins and has to be accompanied by 
downstream efficacy and functionality studies (81).  
 

The Drug Affinity Responsive Target Stability (DARTS) assay overcomes the challenge of working with 
membrane proteins faced by CETSA. It detects protein-ligand interactions based on the principle that 

some ligands protect their target protein from proteolysis (82). A sample of the cell lysate is treated with 
the compound under investigation together with either the vehicle control or an inactive analogue, 

followed by subsequent protein-limited digestion using proteases. The samples are then separated by 
sodium dodecyl-sulphate polyacrylamide gel electrophoresis (SDS-PAGE), where a non-degraded 

band that shows protection from proteolysis is the target protein, the protein is then identified using 
mass spectrometry (83). DARTS is advantageous as it does not require the modification or 

immobilisation of the compound (83). It is, however, limited by the binding affinity of the compound for 
its target and how susceptible the protein is to proteolysis (84).  
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The genomic and proteomic approaches mentioned are expensive, labour-intensive, and sometimes 

the target is not discovered. When the identification of a specific target is not possible, the MoA can be 

determined to ascertain to some extent what the compound-induced effect is to enable the successful 
progression of the compound through the drug discovery pipeline.  
 

1.5.2 MoA determination strategies 

1.5.2.1 A metabolomics-based strategy 

Inhibition of metabolic-associated enzymes can lead to the diminution of their products and 

accumulation of the substrates used by the enzyme. These changes can then be used to probe the 

compound’s target by comparing the untreated and treated metabolome (85). Biochemical pathway 
analysis after compound treatment using metabolomics has proven effective in identifying the MoA of 

several antimalarials found in the MMV Malaria Box. Metabolic effects of the compounds were 
evaluated using ultra-high-performance liquid chromatography-mass spectrometry (UHPLC-MS) and 

the data were represented as metabolic fingerprints (86). Metabolome coverage, however, tends to be 
much lower than that of genomes, transcriptomes, and proteomes (86, 87). This is owed to metabolites’ 

fluctuating complexity, large dynamic in vivo concentration ranges, and the sheer number of metabolites 
in existence (87). 
 

1.5.2.2 Transcriptomics-based strategies  

Compound-induced fluctuations in transcriptional response provide an objective approach to probing 

the compound’s MoA (88). Transcriptomics are useful to determine the rapid and long-lasting effects of 
compound treatment because the transcriptome provides dynamic insight into the changes in the cell’s 

requirements after compound treatment (85). The rationale behind this method is that compounds that 
have overlapping biological effects or targets will show similar transcriptional responses. 

Transcriptomics has proven to be a useful tool for MoA deconvolution in other fields of clinical research, 
such as oncology and tuberculosis, and will be discussed in more detail below. 
 

1.6 Transcriptomics for drug MoA studies 

In oncology research, the Connectivity Map (CMap) is an example of a database of genome-wide 

expression profiles obtained from human cancer cell lines after compound treatments. The CMap 
database can be applied to drug repositioning, lead identification, and as an indication of compound-

induced transcriptional effects (89). This approach allowed the identification of a breast cancer stem 

cell-targeting compound, lovastatin, to combat tumour growth and recurrence (90).  
 

Baillif et al. (2020) investigated large publicly available compound-induced gene expression datasets 
to predict a compound’s activity by building machine-learning models with the data (91). The authors 

showed that compounds elicited similar transcriptional responses in one or multiple different cell lines 
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independently of their chemical structures. Iorio et al. (2010) also developed a method that uses 

similarities in compound-induced gene expression fluctuations to predict MoA (92). They used a 
network theory to stratify compounds into groups of interconnected nodes/communities, which are 

enriched for compounds impacting the same biological pathways or that share MoAs. Using this 
method, Iorio et al. accurately predicted the MoA of nine anticancer compounds (92). Similarly, 

Mashima et al. (2015) showed that transcriptional responses could be used to reflect the anticancer 

compounds’ MoAs (93). The authors treated human lung cancer cell lines with various commonly used 
anticancer compounds and promising clinical candidates, followed by gene expression analysis using 

microarrays. Hierarchical clustering of the expression profiles revealed that compounds that target the 
same or related pathways cluster together, such as HDAC inhibitors and oncogenic kinase inhibitors 

(93).  
 

In the tuberculosis research field, Boshoff et al. (2004) generated a set of 430 microarray profiles of the 

transcriptional response of Mycobacterium tuberculosis to compounds. They successfully grouped the 
microarray profiles of the compound treatments with similar MoAs using unbiased grouping and 

predicted the MoA of multiple compounds that were previously uncategorised (94). Similarly, Murima 
et al. (2013) developed a microfluidics-based miniaturised gene expression assay to assist in MoA 

deconvolution. They successfully identified a minimum gene set to function as biomarkers for MoA 
deconvolution by analysing the transcriptional responses of the whole Mycobacterial genome to 

antibacterial compounds. They used unsupervised hierarchical clustering to group compounds that 

have similar MoAs (95).  
 

The success of transcriptomics-based methods for MoA identification in other disease models, such as 
oncology and tuberculosis, made it an attractive avenue to investigate the MoA of antimalarials in the 

drug discovery pipeline similarly.  
 

1.6.1 Transcription and transcriptional regulation in the IDC of P. falciparum parasites   

P. falciparum parasites developed an exceptionally specialised method of transcriptional regulation that 

creates a continuous cascade of gene expression (Figure 4) (96). This periodic gene expression during 
the IDC follows a “just-in-time” expression profile wherein the parasite only expresses a gene during a 

development stage when it is specifically required.  
 

The different developmental stages of IDC parasites have tightly regulated gene expression that is 

distinctive to each stage. During the ring stages, there is low transcriptional activity due to the compact 
nature of the DNA and the greater presence of nucleosomes (96, 97). The trophozoite stages are 

accompanied by erythrocyte remodelling and many morphological changes. Trophozoites have 
substantially increased genome volume and euchromatin conformation, correlating to the active 

transcription seen in trophozoites (96). In schizont-stage parasites, there is reduced transcription as 
nucleosomes are repacked, leading to chromatin compaction, which is required to form daughter 
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merozoites for the next IDC (97). However, the merozoites show highly active transcription for genes 

that contribute to invasion despite the compact nature of the DNA (97). To achieve this continuous 
cascade of gene expression, which changes based on parasite development and environmental 

conditions, tightly coordinated transcriptional control is crucial during every stage. Transcriptional 
control is facilitated by the interplay between chromatin organisation, epigenetic marks and transcription 

factors (TF). 

 
Figure 4. The IDC transcriptome of P. falciparum parasites. The representative morphology of the parasites 
throughout the intraerythrocytic development cycle (IDC) is shown on the left and on the right, 2712 genes were 
ordered by their phase of expression on the y-axis to create a phaseogram showing the tightly regulated 
transcription of P. falciparum parasites during the IDC. For the log2(Cy5/Cy3) scale green indicates downregulated 
gene expression while red indicates upregulated gene expression. Figure obtained from Bozdech et al. (2003) 
(96) (Copyright © 2003 Bozdech et al.).  

P. falciparum parasites possess relatively few sequence-specific TFs, with the largest classified family 

being the Apicomplexan APETALA2 (ApiAP2) family, which contains less than 30 members (98). The 
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ApiAP2 family are master regulators responsible for the stage-specific transcription of hundreds of 

genes (97). The AP2 TFs regulate specific subsections of genes such as AP2-I, which is important for 
the expression of invasion-related genes, while AP2-G regulates gametocytogenesis and AP2-O 

regulates expression in ookinetes (99). Another important TF family in P. falciparum parasites are the 
Myb (from myeloblastosis) proteins, which regulate growth and differentiation (100). TFs have DNA-

binding domains that can bind to promoter regions or enhancers to recruit chromatin remodelling 

complexes and the pre-initiation complex.  
 

Genomic DNA is wrapped around nucleosomes in eukaryotes, including P. falciparum parasites, which 

allows for compacted chromatin and plays a regulatory role in gene expression. Nucleosome-depleted 

regions of active promoters are generally present upstream of the transcription start site for binding of 
the pre-initiation complex. In contrast, silenced genes have higher nucleosome occupancy to obstruct 

pre-initiation complex interaction (97, 101). Additionally, the histones that make up nucleosomes have 
protruding N-terminal tails, which can undergo post-translational modifications (PTMs) to assist in gene 

expression regulation (97). PTMs contribute to the interaction of nucleosomes with DNA and, therefore, 
chromatin conformation and, ultimately, gene expression (102).  

 

1.6.2 Transcriptomics in antimalarial MoA deconvolution 

Hu et al. (2010) measured the independent response of P. falciparum parasites’ transcriptome after 

exposing the parasites to 20 active compounds, followed by transcriptional analysis using microarrays 
(Figure 5) (103). Three compound classes were identified, and compounds were sorted into classes 

based on their transcriptional responses and the number of genes in the parasites that were affected 

(minimum 3-fold difference) by treatment with the compound.   
 

Compounds in the first class induced < 50 genes with an overall transcriptional impact on < 250 genes. 

Parasite populations treated with compounds in the first class, like quinine and chloroquine, showed 
reproducible low levels of transcription (overall showing Log2 fold change (FC) in transcription close to 

0) in response to compound treatment, possibly due to their high level of toxicity. Chloroquine was used 
to treat at three different concentrations and showed a dose-dependent response. Compounds in the 

second class induced > 50 genes and had an overall impact on 250-500 genes and typically inhibited 
the development of schizont-stage parasites, which included ML-7 and W-7, which inhibit 

calcium/calmodulin-dependent protein kinases (CDPKs) and cyclosporine A, which inhibits the 
calcineurin pathway. There was minimal overlap in transcriptional responses between CDPK and 

calcineurin pathway inhibitors, which indicated the signalling pathways have non-overlapping functions, 
but both ultimately influenced the regulation of transcription. Compounds in the third class induced 

transcription in > 250 genes, had an overall impact on > 500 genes and arrested IDC development, 

which indicated that they interfered with life cycle regulations and included staurosporine and 
trichostatin A (TSA), which both inhibit HDACs (103).  
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Figure 5. P. falciparum parasites’ transcriptional responses due to compound treatments. The top bar 
graph indicates the number of genes showing a minimum of 3-fold change in gene expression in response to 
treatment with each of the compounds. The bottom heatmap shows the transcriptional response of 3125 genes 
elicited by each of the compounds in their set, which displays distinctive profiles for each compound. The yellow 
dashed lines indicate the three different compound classes. For the log2 fold change scale, green indicates 
downregulated gene expression, while red indicates upregulated gene expression.  Figure obtained from Hu et 
al. (2010) (103) (Copyright © 2010 Nature America, Inc.). 

Hu et al. (2010) then investigated co-transcriptional properties of functionally related genes through the 

Pearson correlation coefficient of a subsection of the genes investigated between the compound-
induced transcription profiles. This led them to conclude that there was a high level of transcriptional 
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co-regulation between genes that had related functions. This meant that this approach could provide 

insights into P. falciparum parasites’ functional genome that was not possible when simply looking at 
gene expression throughout the IDC (103). They additionally observed that treatment with the 

compounds showed distinguishable expression profiles, allowing them to identify differentially 
expressed genes. DNA microarray-based profiling of compound-induced effects in P. falciparum 

parasites can, therefore, be applied to generate a high-resolution transcriptional dataset that shows 

functional relationships between genes. Additionally, the compound-induced effect is reproducible and 
dose-dependent (103). 
 

Another study by Siwo et al. (2015) also showed that exposure of P. falciparum parasites to different 
compounds results in a transcriptional response specific to the MoA and chemical structure of the 

compound (104). They used microarrays to estimate genome-wide transcript abundance in response 
to treatment with the individual compounds to create genome-wide response indices (a ratio between 

the average transcript levels of the gene of interest (GOI) after compound treatment and the average 
of the transcript levels of the GOI across all the compound treatments). These indices were then 

hierarchically clustered, which led to the discovery that similarities in chemical structure and more often, 
similarities in MoA between compounds produced similar transcriptional responses (Figure 6). This 

provided a framework for relating compound MoA to transcriptional responses in P. falciparum 
parasites.   

 
Figure 6. P. falciparum parasites’ transcriptional responses to compound treatment show a relation to 
chemical structure and MoA. The compounds were hierarchically clustered based on their genome-wide 
response indices. For the colour scale indicating the correlation of each compound pair using the genome-wide 
response index scale, green indicates positive correlation while red indicates negative correlation. The red and 
green colour of the compound name was used to indicate that compounds of the same colour show a positive 
correlation while different colours show a negative correlation. Figure obtained from Siwo et al. (2015) (104) 
(Copyright © Siwo et al. 2015. (http://creativecommons.org/licenses/by/4.0/)). MoA = mode of action. 
 

This study proved that there are two main contributors to similarities in transcriptional responses, 

similarities in chemical structures and similarities in targeted proteins or pathways (Figure 7). Notably, 
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not all compounds that share chemical structures induce similar transcriptional responses, while 

compounds that have overlapping biological effects do have similar transcriptional responses. With a 
principle component analysis, Siwo et al. (2015) determined that 65 % of the variation in correlation 

was explained by the first variation dimension (Dim 1), where the compounds were divided into Class I 
and II, which corresponded to the clusters observed in the heatmap (Figure 7) (104).  

  

Figure 7. The principle component analysis of compound-induced transcriptional profiles. The compounds 
are divided into two main clusters by the first component of variation (Dim 1), which indicates compounds in class 
I and class II (based on chemical substructure differences). Dimension 2 (dim 2) indicates small molecule 
transcriptional response. The plot indicates that chemical similarities and converging modes of action lead to 
similar transcriptional responses. Figure obtained from Siwo et al. (2015) (104) (Copyright © Siwo et al., 2015. 
(http://creativecommons.org/licenses/by/4.0/)).  

 

Together, the Hu et al. (2010) and Siwo et al. (2015) studies provided proof of concept that compound-
induced transcriptional profiling was compound-specific and dose-dependent, providing insight into the 

biological effects of a compound, which will allow the MoA to be elucidated. Such insights have been 
applied in other studies to interrogate the on-target MoA of antimalarial candidates, including kinase-

specific inhibitors (105, 106). This revealed the MoA of new chemical compounds in a series to still 
target the same drug target as the parent compound since they had similar transcriptome fingerprints. 

Whilst these studies are highly informative and support the hypothesis that transcriptional profiling is 
useful to describe the MoA of antimalarial candidates, similar to what is seen in tuberculosis and 

oncology research fields, these data were all based on whole transcriptome analyses by e.g. DNA 
microarrays. However, such transcriptome-associated approaches would not be conducive to routine 

drug discovery because they are time- and labour-intensive and possess inherent complexities.  
 

This underscores the potential of using these transcriptional profiles to extract a limited set of transcripts 

to function as biomarkers for MoA stratification. van Heerden et al. (2021) used the basis of these 
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studies to explore if machine learning could be applied to extract biomarkers for MoA stratification from 

pre-existing compound-induced transcriptional response data. Machine learning to classify compounds 
based on their MoA has not been established in the antimalarial drug discovery process until van 

Heerden et al. (2021) recently developed a model to do so (107).  
 

1.7 A chemo-transcriptomic MoA classification model in P. falciparum parasites 

van Heerden et al. (2021) developed a rational gene selection approach that could identify a limited set 
of predictive biomarkers for MoA classification to accelerate and inform antimalarial drug discovery. 

They aimed for their machine learning model and biomarkers to provide a medium-throughput approach 
to MoA deconvolution. The predictive features could then be used to generate and train machine-

learning models to accurately classify compound MoA (107).  
 

Meta-analysis of published gene expression profiles of IDC P. falciparum parasites after compound 
treatment was performed (103, 108-111). From these gene expression profiles, they could identify 

differentially expressed (upper or lower 5th percentile expression) transcripts that would be useful for 
compound MoA classification to build machine-learning models based on the feature selection criteria 

set out. Feature selection for the rational selection models included: 1) removal of non-informative 
transcripts that did not show significant differential expression, 2) removal of differentially expressed 

genes that show sporadic profiles throughout compound treatment and time points, 3) genes 
differentially expressed at all time points of treatment were selected, and 4) genes that are shared 

between compound treatments were not considered further as they potentially show general drug stress 

and are not specific to a MoA (107). The transcripts were ranked by MoA stratification variable 
importance, indicating how reliant the machine learning model is on a specific transcript for accurate 

classification. The same number of transcripts as was identified using the rational selection approach 
were obtained using a machine-learning-inferred approach to evaluate which set of transcripts 

performed better. 
 

van Heerden et al. (2021) used 80 % of the compounds to build the models and the remaining 20 % to 

test the models. They compared the two different gene selection approaches, machine-learning-inferred 
and rationally-selected, using a sliding gene-scale method. This entails building smaller models (mini 

models) using sequentially fewer transcripts to ascertain the minimum number of transcripts that allows 
for accurate MoA stratification. Most of their models showed acceptable accuracy (~70 %) (Figure 8A). 

However, some of the models overfit the data, leading to too many differences in accuracy when the 
training sets were compared to the test sets, while other models had undesirable variability. When 

choosing the best-performing model, they considered the model’s performance with the test set of 
compounds, the accuracy and variability of the model, and the minimum number of transcripts used to 

train the model. They identified the rational selection 50 transcript model as the optimum minimum 
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transcripts that were still capable of stratifying compounds having similar MoAs with an accuracy of 

76.6 ± 6.4 % (red block Figure 8A).  
 

 
Figure 8. Identification of the best model, the rational selection 50 transcript model. (A) Investigating the 
minimal number of transcripts needed for compound MoA stratification by machine learning models. In the red 
block is the model investigated in this project. (B) Evaluating the correlation between different compounds using 
the top 50 transcripts (biomarkers). Figure obtained from van Heerden et al. (2021) (107) (Copyright © 2021 van 
Heerden, van Wyk and Birkholtz). 

 

The 50 identified, potential biomarkers from the rational selection model were evaluated for each 
compound from the data set to ascertain the compound-specific transcriptional profiles. From this, it 

was clear that each compound treatment had distinguishable transcriptional responses for the different 
compounds and that each of the 50 biomarkers identified in the rational selection model was unique 

(Figure 8B). The 50 transcripts they selected as biomarkers represent specific compound classes and, 

therefore, MoAs (Table 1).  
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Table 1. The top 50 transcripts identified as potential biomarkers for the rational selection 50 transcript 
model. The compounds from which the biomarkers were obtained are also shown, as well as the MoA associated 
with them.  

Biomarker (PlasmoDB 
Gene ID) Compound Reference Mode of Action 

1. PF3D7_0108700 

ML-7 & W7  (112) Calcium/calmodulin-dependent protein 
kinase (CDPK) inhibitors 

2. PF3D7_0203700 
3. PF3D7_0206700 
4. PF3D7_0508700 
5. PF3D7_0618100 
6. PF3D7_1308500 
7. PF3D7_0322100 

Trichostatin A (TSA), 
suberoylanilide hydroxamic acid 
(SAHA) and 2-aminosuberic acid 

derivative (ASA-9)  
(108, 112) Histone deacetylase (HDAC) inhibitors that 

perturb the transcriptome 

8. PF3D7_0614300 
9. PF3D7_1015500 
10. PF3D7_1039000 
11. PF3D7_1112700 
12. PF3D7_1323800 
13. PF3D7_1438000 
14. PF3D7_0623900 

Febrifugine  (112) Targets P. falciparum prolyl-tRNA 
synthetase activity 

15. PF3D7_1030600 
16. PF3D7_1467400 

17. PF3D7_0206100 

Staurosporine A  (112) Serine/threonine kinase inhibitors, reduces 
merozoite invasion 

18. PF3D7_0619800 
19. PF3D7_0806600 
20. PF3D7_1220400 
21. PF3D7_1317100 
22. PF3D7_1325400 

Artemisinin  (112) 
Involved in the production of carbon-

centered free radicals that alkylate haem 
and proteins (hypothesised) 23. PF3D7_1475100 

24. PF3D7_0503400 

Difluoromethylornithine (DFMO)  (109) Inhibits ornithine decarboxylase (ODC) 
causing parasite arrest 

25. PF3D7_0509100 
26. PF3D7_1019800 
27. PF3D7_1242700 
28. PF3D7_1425800 
29. PF3D7_1440500 
30. PF3D7_0317300 

Cyclosporine A  (112) Inhibits merozoite invasion by binding 
sphingomyelin 

31. PF3D7_1013500 
32. PF3D7_1127900 
33. PF3D7_1352000 
34. PF3D7_1474500 
35. PF3D7_0612600 

Chloroquine (112) Inhibits haem polymerase enzyme 36. PF3D7_0704500 
37. PF3D7_1324000 
38. PF3D7_0604100 

Quinine  (112) 
Accumulates in the digestive vacuole of 
parasites (possible inhibition of haem 

detoxification) 
39. PF3D7_1322200 
40. PF3D7_1427000 
41. PF3D7_0511800 

Phenylmethylsulfonyl fluoride 
(PMSF)  (112) Serine protease inhibitor 

42. PF3D7_0717800 
43. PF3D7_0823800 
44. PF3D7_1115400 
45. PF3D7_1458900 
46. PF3D7_1038400 Ionomycin  (110) Calcium-binding ionophore 
47. PF3D7_0213000 

MMV048 & UCT943  (111) Inhibits phosphatidylinositol 4-kinase (PI4K) 48. PF3D7_0301800 
49. PF3D7_1340900 
50. PF3D7_1404400 
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Self-organising maps (SOMs) were used to cluster and condense the expression patterns of the 

biomarkers and allow their visualisation as two-dimensional (2D) suprahexagonal chemo-transcriptomic 
fingerprints (further referred to as chemo-transcriptomic fingerprints) (Figure 9A). SOMs are a form of 

artificial neural network and function based on unsupervised learning (113). Within the fingerprints, 
each small hexagon represents a cluster of genes with either the same or very similar expression levels, 

as there are fewer hexagons than biomarkers. 
 

Biomarkers with the most influence are located at the edge of the fingerprint, while biomarkers with 

small or no changes in gene expression levels will be located at the centre. Where the hexagons are 

located in the fingerprint shows how similar the hexagon is to the neighbouring hexagons. These 
chemo-transcriptomic fingerprints are unique to each compound, and compounds with similar targets 

or MoAs will cluster together. The unique fluctuation in transcriptional responses between the different 
compounds could differentiate between the compounds based on their MoA, which allowed separation 

between CDPK inhibitors and PI4K inhibitors, for example (Figure 9B).  
 

This model provides a new means to indicate compound MoA quickly and specifically using their 
chemo-transcriptomic fingerprints and would, therefore, help to accelerate antimalarial drug discovery 

by highlighting the most viable drug candidates with preferential MoAs to be investigated. These 
potential biomarkers still need to be validated in vitro before they can be used for drug discovery 

purposes.  

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 24 

 
Figure 9. Clustering of the suprahexagonal chemo-transcriptomic fingerprints of different compounds 
according to their MoAs. (A) Self-organising maps (SOMs) depicted as a suprahexagonal chemo-transcriptomic 
fingerprint where a single hexagon within the chemo-transcriptomic fingerprint represents a cluster of biomarkers 
having the same/similar expression patterns. The colour of the individual hexagons represented the log2 fold 
change in gene expression, values > 0 represented increased transcriptional abundance, while values < 0 
represented decreased transcriptional abundance. This figure was created using Procreate (https://procreate.art). 
(B) SOMs were used to cluster and condense the data followed by hierarchical clustering of the compound 
treatments using Ward linkage on Euclidian distance of expression. The colour of the individual hexagons 
represents the log2 fold change in gene expression. This figure was obtained from van Heerden et al. (2021) (107) 
(Copyright © 2021 van Heerden, van Wyk and Birkholtz). CDPK = calcium/calmodulin-dependent protein kinase, 
Ser/Thr kinase = serine/threonine kinase, Ser protease = serine protease, HDAC = histone deacetylase, 
PI4K = phosphatidylinositol 4-kinase, ODC = ornithine decarboxylase, Stauro = staurosporine, Iono = ionomycin, 
CQ = chloroquine, Art = artemisinin, Febr = febrifugine, Quin = quinine, ASA-9 = 2-aminosuberic acid derivative, 
CylcoS = cyclosporine A, PMSF = phenylmethylsulfonyl fluoride, TSA = trichostatin A, SAHA = suberoylanilide 
hydroxamic acid, DFMO = difluoromethylornithine, TSA1 = data from Hu et al. (2009) (112), TSA2, data from 
Andrews et al. (2012) (108). 
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1.8 Aim, hypothesis, and objectives 

1.8.1 Aim  

Design and optimise a real-time qPCR-based platform to validate chemo-transcriptomic profiles of 
antimalarial compounds generated using machine learning as a means of predicting a compound’s 
mode of action.  

1.8.2 Hypothesis 

The machine learning predicted biomarkers can separate compounds based on transcriptional profiling 

into specific mode of action classes.  
 

1.8.3 Objectives: 

1. To generate a real-time qPCR platform for chemo-transcriptomic fingerprints from the predicted 
50 biomarkers obtained from the machine learning model. 

• Build and optimise a qPCR-based platform to evaluate the biological relevance of the 50 
predicted biomarkers.  

• Introduction of control compounds from the van Heerden et al. (2021) dataset to evaluate the 

platform’s capabilities. 

2. Introduction of clinical candidates not previously associated with the model. 

3. Introduction of compounds with shared MoAs to evaluate the clustering capacity of the platform.  

1.9 Research outputs 

Natanya Venter, Ashleigh van Heerden, and Lyn-Marié Birkholtz. In vitro validation of chemo-

transcriptomic profiles for drug mode of action classification. 28th South African Society for Biochemistry 
and Molecular Biology Congress 2024. Poster presentation, Polokwane, July 2024. 
 

Natanya Venter, Ashleigh van Heerden, and Lyn-Marié Birkholtz. In vitro validation of chemo-
transcriptomic profiles for drug mode of action classification. 9th Southern Africa Malaria Research 

Conference. Poster presentation, Pretoria, July 2024. 
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2 Chapter 2: Materials and Methods  

2.1 Ethical clearance statement 

This project holds approval from the University of Pretoria research ethics committee of the Faculty of 
Health Sciences and the Faculty of Natural and Agricultural Sciences for in vitro cultivation of 

intraerythrocytic P. falciparum parasites (NAS040/2023). Human A+ blood for the cultivation of 
intraerythrocytic P. falciparum parasites was obtained from the South African National Blood Service 

(SANBS). All research using human blood was performed in a biosafety level 2 (BSL2) certified culturing 
facility (registration number 39.2/ University of Pretoria -23/160). Additionally, all project-specific work 

was performed with approval from the University of Pretoria research ethics committees of the Faculty 

of Health Sciences and the Faculty of Natural and Agricultural Sciences (both under NAS062/2023).  
 

2.2 Culturing of IDC P. falciparum parasites  

Drug-sensitive P. falciparum NF54 parasites (certified mycoplasma free) were obtained in a 
cryopreserved state from The Malaria Research and Reference Reagent Resource Center ((MR4) 

https://www.beiresources.org/About/MR4Home.aspx), thawed, and maintained in vitro as previously 
established (114, 115). Parasites were maintained under shaking conditions (60 rpm) in a hypoxic 

environment (5 % O2, 5 % CO2, and 90 % N2, Afrox, RSA) at 37 ℃ to replicate the physiological 
environment. Parasites were cultured in A+ human erythrocytes at 5 % haematocrit in complete culture 

medium (RPMI 1640 culture medium (Gibco or Sigma-Aldrich, USA), supplemented with 5 g/L AlbuMax 

II (lipid-rich bovine serum albumin that served as a substitute for human serum) (Gibco, USA), 25 mM 
HEPES at pH 7.5 (Sigma-Aldrich, USA), 24 µg/mL gentamicin (Fresenius Kabi, Germany), 200 µM 

hypoxanthine (Sigma-Aldrich, USA), 11 mM D-glucose (Sigma-Aldrich, USA), and 0.2 % (w/v) sodium 
bicarbonate (Glentham Life Sciences, UK)). The parasites' progression through the IDC was examined 

using light microscopy and a Rapi-Diff staining kit (composed of methanol fixative, eosin, and methylene 
blue) (Clinical Sciences Diagnostics, RSA). The Rapi-Diff staining kit was used to fix a dry, thin blood 

smear to the microscope slide with methanol, followed by the eosin stain to stain the DNA of the parasite 
pink and methylene blue stain to stain the cytoplasm blue. All microscopy pictures were taken using a 

Nikon Eclipse 50i light microscope (Nikon, Japan) with the 100× oil immersion objective and a Nikon 
D5-Fi1 camera (Nikon, Japan) accompanied by the NIS-elements F software. Parasite cultures were 

maintained at a parasitaemia (the proportion of infected erythrocytes compared to all erythrocytes 

counted) between 2-5 %.  
 

2.3 Sorbitol synchronisation of IDC P. falciparum parasites  

P. falciparum parasites possess the ability to synchronise their development in vivo, this allows the 
parasites to delay their development or enter dormancy due to drug treatment or nutrient starvation 

(116). Parasites cultivated in vitro lose their natural in vivo synchronicity after multiple asexual life 
cycles, this leads to multiple developmental stages being present in a culture. Therefore, when 
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synchronous parasites were required for experiments, intraerythrocytic asexual parasites were treated 

twice with 5 % (w/v) D-sorbitol (Sigma-Aldrich, USA) 8 h apart, 48 h before an experiment to yield a 
> 90 % ring-stage parasite population (117). Sorbitol causes trophozoite and schizont parasite stages 

to lyse because of their greater erythrocyte membrane permeability caused by the formation of new 
permeation pathways as the parasites mature, leaving only intact ring-stage parasites (118, 119). The 

parasites were incubated in sorbitol for 15 min at 37 ℃. Afterwards, the culture was centrifuged at 

3200 ×g for 3 min to pellet the culture and the supernatant aspirated. The remaining pelleted culture 
was washed twice with culture medium (without AlbuMax II) and then resuspended in fresh complete 

culture medium to a 5 % haematocrit. 
 

2.4 In vitro inhibition of asexual proliferation of parasites 

A SYBR Green I asexual proliferation assay was used to determine the in vitro activity of the compounds 

(120). SYBR Green I is a DNA intercalating dye that allowed the quantification of double-stranded DNA 
(dsDNA) and, subsequently, parasite proliferation since erythrocytes lack nuclei (121). The following 

compounds were tested at the indicated starting concentrations: 200 nM chloroquine (Sigma-Aldrich, 
USA), 160 nM artemisinin (Sigma-Aldrich, USA), 1 mM DFMO, 12 µM SAHA (Cayman, Estonia), 

400 nM MMV048 (UCT, RSA), 600 nM UCT943 (UCT, RSA), 75 nM DSM265 (Malaria Box, MMV, 

Switzerland (https://www.mmv.org/mmv-open/malaria-box/about-malaria-box)), 250 nM pyrimethamine 
(Malaria Box, MMV, Switzerland), 25 nM M5717 (Malaria Box, MMV, Switzerland), and 1.75 µM 

MMV084 (MMV, Switzerland). The test compounds underwent a two-fold serial dilution in complete 
culture medium (three-fold for UCT943 and chloroquine) for nine dilutions total in a 96-well plate.  A 

background control (500 nM chloroquine) and a positive for proliferation control (untreated parasites in 
complete culture media) were included in the experiments. A > 95 % synchronised ring-stage parasite 

culture suspension (1% parasitaemia, 1% final haematocrit) was prepared for the assays and incubated 
with the test compounds (prepared as stated above) at 37 ℃ for 96 h under hypoxic conditions (5 % 

O2, 5 % CO2, and 90 % N2, Afrox, RSA) to allow the progression of the parasites through two IDCs.  
 

After the incubation period, plates were frozen to assist with cell lysis. An equal volume of SYBR Green 

I lysis buffer (containing 20 mM Tris-HCl (pH 7.5) (Sigma-Aldrich, USA), 5 mM EDTA (Merck, USA), 
0.008 % (w/v) Saponin (Sigma-Aldrich, USA), 0.08 % Triton X-100 (Sigma-Aldrich, USA), and 0.2 µL/mL 

10 000× SYBR Green I dye (Thermo Fisher Scientific, USA)) was added to the incubated parasite 

suspension. An additional 15 min of incubation in the dark at room temperature was done before 
measuring the fluorescence of the SYBR Green I dye on a Fluoroskan Ascent FL microplate fluorometer 

(Thermo Labsystems, USA). An excitation wavelength of 485 nm and an emission wavelength of 
538 nm were used.  
 

The background fluorescence was accounted for by subtracting the average of the chloroquine control 
from all data. These adjusted values were then normalised using the average of the corrected untreated 
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(positive for proliferation) control and the data was expressed as a percentage of parasite proliferation 

compared to the untreated control. The data was further analysed using GraphPad Prism 10 to generate 
a four-parameter dose-response curve from which the half maximal inhibitory concentration (IC50), as 

well as 90 % of the maximum inhibition concentration (IC90) (using the Find EC anything function on 
GraphPad Prism 10 (F = 10 % proliferation)), was determined.  
 

2.5 RNA isolation and cDNA synthesis 

2.5.1 NucleoZOL RNA isolation 

A 10 mL asexual NF54 culture (5 % haematocrit, 10 % parasitaemia for method optimisation (~33-37 

hours post-invasion (hpi) parasites) and 4-10 % parasitaemia for compound treatments, depending on 
the incubation period (see section 2.7)) was sedimented. Thereafter, the culture medium was aspirated, 

leaving only the parasite pellet. Mid to late trophozoite-stage parasites were used for optimisation and 

comparison to the RNeasy Mini kit (Qiagen, Germany), as this is where P. falciparum parasites are the 
most metabolically and transcriptionally active (122). The fresh parasite pellet was homogenised by 

lysing the erythrocyte pellet with the addition of 500 µL per 5 × 106 cells NucleoZOL one-phase RNA 
isolation reagent (Macherey-Nagel, Germany) and pipetting. UltraPure™ DNase/RNase-free distilled 

water (Thermo Fisher Scientific, USA) (200 µL per 500 µL NucleoZOL) was added to the lysate, shaken 
vigorously, and incubated at room temperature for 5 min. The samples were centrifuged using an 

Eppendorf Minispin Plus (Eppendorf, Germany) for 15 min at 12 000 ×g  to form a pellet containing 
DNA, polysaccharides, and proteins. The supernatant was removed and combined with an equal 

volume of 100 % isopropanol (Glentham Life Sciences, UK) to precipitate the RNA, followed by an 
incubation at room temperature for 10 min. The samples were then centrifuged for 10 min at 12 000 ×g 

and the supernatants were discarded. The RNA pellet was washed twice with 75 % ethanol (500 µL 

per 1000 µL supernatant in the previous step) and the supernatant was removed after centrifugation at 
8 000 ×g for 3 min. The RNA pellet was reconstituted in 35 µL UltraPure™ DNase/RNase-free distilled 

water (Thermo Fisher Scientific, USA) and vortexed for 3 min at room temperature to dissolve the RNA 
pellet.  
 

2.5.2 Qiagen RNeasy Mini kit RNA isolation 

A 20 mL asexual NF54 culture (5 % haematocrit, ~10 % parasitaemia (~33-37 hpi parasites)) was 

sedimented, the pellet was washed three times with 1× PBS (3 mM KCl (MINEMA Chemicals, RSA), 
0.137 M NaCl (Glentham Life Sciences, UK), 8.1 mM Na2HPO4, 1.9 mM NaH2PO4 (Merck, Germany)) 

and frozen at -80 ℃ overnight to allow better cell lysis when using a RNeasy Mini kit (Qiagen, 

Germany). The RNA isolation was performed as per the manufacturer’s guidelines. To 500 µL of the 
still frozen pellet, 700 µL buffer RLT (a lysis buffer with guanidium isothiocyanate and β-

mercaptoethanol) was added and the sample was then transferred to a Qiashredder column (Qiagen, 
Germany) and centrifuged for 90 s at 14 000 ×g. The full pellet did not fit in a single column, therefore 
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the flowthrough of each column was transferred to a single clean nuclease-free tube and 600 µL 

TRIzol™ LS Reagent (Thermo Fisher Scientific, USA) was added, followed by vigorous vortexing for 
~20 s. TRIzol™ LS Reagent is a monophasic solution containing phenol and guanidium isothiocyanate 

to allow the isolation of RNA, DNA, and proteins in separate fractions. The samples were then incubated 
at room temperature for 5 min, after which 400 µL chloroform (Associated Chemical Enterprises, RSA) 

was added and the samples were vortexed vigorously again for ~20 s. The samples were incubated for 

10 min at room temperature and centrifuged for 15 min at 14 000 ×g. The addition of chloroform and 
the subsequent centrifugation allowed the separation into an aqueous phase and an organic phase. 

The upper aqueous phase that contains the RNA was transferred to a new nuclease-free tube; care 
was taken to leave the lower phases completely undisturbed. An equal volume of 70 % (v/v) ethanol 

was added to the aqueous phase and mixed using inversion.  
 

The sample was loaded onto an RNeasy column and centrifuged for 15 s at 14 000 ×g. Buffer RW1 

(700 µL) was loaded to wash the column and samples were centrifuged again for 15 s at 14 000 ×g. 
This was followed by the addition of a mixture of 70 µL buffer RDD and 10 µL RNase-free DNase (to 

allow on-column digestion of DNA and to ensure the RNA stays column bound) and a 15 min room 
temperature incubation. Buffer RW1 (700 µL) was loaded onto the column again, followed by 

centrifugation for 15 s at 14 000 ×g. Buffer RPE (500 µL) was loaded to remove contaminating salts 
from previous buffers, and samples were centrifuged for 2 min at 14 000 ×g. The column was then 

transferred to a new nuclease-free tube and 35 µL RNase-free water from the kit was pipetted directly 

onto the column, followed by a 3 min incubation. Finally, RNA was eluted by centrifugation at 14 000 ×g 
for 90 s.  
 

2.5.3 RNA integrity evaluation 

The RNA concentration as well as the A260/A230 and A260/A280 ratios were measured 

spectrophotometrically using a Nanodrop OneC (Thermo Fisher Scientific). The integrity of the RNA was 
evaluated by non-denaturing agarose gel electrophoresis using a 1.5 % (w/v) agarose (Thermo Fisher 

Scientific, USA) gel dissolved in 1× TAE (40 mM tris-acetate pH 8.0 (Sigma-Aldrich, USA), 1 mM EDTA 
(Merck, USA)), and pre-stained with 0.75 µg/mL ethidium bromide (EtBr) (Invitrogen, USA) before 

proceeding with downstream experiments. The RNA samples (300-500 ng) were heated to 70 ℃ 
(Accublock digital dry bath) for 5 min to denature the RNA before loading into the solidified gel along 

with 6× TriTrack DNA loading dye (10 mM Tris-HCl (pH 7.6), 0.03 % (w/v) bromophenol blue, 0.03 % 

(w/v) xylene cyanol FF, 0.15 % (w/v) orange G, 60 % (v/v) glycerol, and 60 mM EDTA) (Thermo Fisher 
Scientific, USA)) at a final concentration of 1× TriTrack DNA loading dye. A GeneRuler 1 kb DNA ladder 

(500 ng) (Thermo Fisher Scientific, USA) was included for size reference. The gel was then visualised 
using a Gel Doc XR+ imaging system (Bio-Rad, USA). The RNA samples were either directly converted 

to cDNA or stored at -80 ℃ until cDNA synthesis could be performed. 
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2.5.4 cDNA synthesis 

For cDNA synthesis, 1 µg of RNA was used in each sample and 5 pmol/µL random N9 primers 
(Promega, USA) and 5 pmol/µL oligo (dT) primers (Integrated DNA Technologies, USA) were added in 

the same tube and mixed. The samples were incubated at 70 ℃ for 5 min to allow annealing of the 
primers, followed by an incubation at 4 ℃ for 5 min. ImProm-II 1× reaction buffer (50 mM Tris-HCl 

pH 8.3, 75 mM KCl, and 10 mM DTT) (Promega, USA), 0.5 mM dNTP mix (KAPA Biosystems, USA), 
3 mM MgCl2 (Promega, USA), and 15 U/µL ImProm-II reverse transcriptase (Promega, USA)) was 

added to the samples. The samples were placed in the Thermal Cycler (Applied Biosystems, USA) 
under the following conditions: 25 ℃ for 5 min to allow primer annealing, first strand extension at 42 ℃ 

for 60 min, 70 ℃ for 15 min to allow inactivation of the reverse transcriptase and cooling to 4 ℃. RNA-
DNA hybrids are formed during reverse transcription; therefore, RNA hydrolysis was performed by 

adding 6 µL NaOH (1M) (Sigma-Aldrich, USA) and 6 µL EDTA (0.5 M) (Merck, USA) to each 20 µL 

cDNA reaction followed by a 15 min incubation at 65 ℃ in the Thermal Cycler (Applied Biosystems, 
USA).  
 

cDNA clean-up was performed using the NucleoSpin Gel and PCR clean-up kit (Macherey-Nagel, 
Germany) according to the manufacturer’s specifications. To the cDNA samples, 300 µL buffer NT was 

added to assist with binding to the column. The solution was transferred to a NucleoSpin Extract II 
column followed by a 5-min incubation at room temperature. The samples were then centrifuged at 

13 000 ×g for 1 min, and the flow-through was discarded. The column-bound cDNA was washed thrice 
with wash buffer NT3 (500 µL) and centrifuged for 2 min at 13 000 ×g to dry the membrane. The cDNA 

was eluted using 30 µL of pre-warmed (70 ℃) elution buffer to increase cDNA yields. The cDNA 
concentration as well as the A260/A230 and A260/A280 ratios were measured spectrophotometrically using 

a Nanodrop OneC (Thermo Fisher Scientific), and samples were stored at -20 ℃ until downstream use. 	
 

2.6 Primer design and validation  

2.6.1 Primer design 

Specific primers for the 50 biomarkers were required to perform qPCR. The PlasmoDB (available at: 
https://plasmodb.org/plasmo/app) accession codes for the genes were used to obtain the mRNA 

Sequences (Introns spliced out; UTRs highlighted) of the 50 potential biomarkers and seryl-tRNA 
synthetase (PF3D7_0717700). Seryl-tRNA synthetase is used as it is a housekeeping gene that is 

constitutively expressed throughout the life cycle and is further referred to as the endogenous control 
gene (ECG) (123, 124). These sequences were then imported into Benchling (available at: 

https://benchling.com/editor), a cloud-based platform that was used for primer design using its primer 

Wizard application, based on Primer3. Primers were designed to have a predicted melting temperature 
(Tm) (as calculated by Benchling) as close to 60 ℃ as possible (range of 57.5 ℃ to 60.5 ℃). Melting 
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temperatures between primer pairs should preferably not differ more than 1-3 ℃. P. falciparum 

parasites have an A-T rich genome, which meant that a wider range of temperatures needed to be 
considered. Primers were designed to ideally be between 15-30 base pairs (bp). The 3’ end of the 

primers was adjusted to end on a Guanine/Cytosine (GC clamp) to allow for better binding of the primer 
to the template. When the primers predicted by the Wizard function could not be adjusted to meet the 

requirements, primers were manually designed according to the parameters. The primers were 

evaluated for the formation of secondary structures using the minimum Gibbs free energy (△G) of the 
Homodimer and Monomer functions and a cut-off ΔG < -37.7 kJ/mol at 50 ℃ was used (125). 
	

2.6.2 End-point PCR and agarose gel electrophoresis for primer validation 

To assess the primers Ta and their ability to produce a singular band of the expected size, a PCR was 
performed using cDNA obtained as per section 2.5.4. Each PCR sample contained 30 ng of cDNA 

template, 0.5 pmol/µL of the forward primer and 0.5 pmol/µL reverse primer (Inqaba Biotec, RSA) 
specific to each transcript, 1× standard Taq reaction buffer (New England Biolabs, USA), 200 µM dNTPs 

(KAPA Biosystems, USA), and 1.25 U/50 µL Taq DNA polymerase (New England Biolabs, USA). 
UltraPure™ DNase/RNase-free distilled water (Thermo Fisher Scientific, USA) was added to achieve 

reaction volumes of 10 µL. The reactions were subjected to 30 cycles of PCR under the following 

conditions: 95 ℃ initial denaturation for 5 min, denaturation at 95 ℃ for 30 s, annealing at 58 ℃ for 
30 s, extension at 68 ℃ for 30 s, and a final extension at 68 ℃ for 5 min. The samples were stored at 

4 ℃ until they could undergo electrophoretic analysis. 
 

To visualise the PCR products and to establish whether products of expected band sizes were obtained, 

agarose gel electrophoresis was used. A 2 % (w/v) agarose gel was prepared by dissolving agarose 
(Thermo Fisher Scientific, USA) in 1× TAE (40 mM tris-acetate pH 8.0 (Sigma-Aldrich, USA) and 1 mM 

EDTA (Merck, USA)) assisted by heating of the solution in a microwave (LG). The samples were loaded 
into the solidified gel with 6× TriTrack DNA loading dye (10 mM Tris-HCl (pH 7.6), 0.03 % (w/v) 

bromophenol blue, 0.03 % (w/v) xylene cyanol FF, 0.15 % (w/v) orange G, 60 % (v/v) glycerol and 
60 mM EDTA)) (Thermo Fisher Scientific, USA) at a final concentration of 1× TriTrack DNA loading 

dye. A GeneRuler 100 bp DNA ladder (500 ng) (Thermo Fisher Scientific, USA) was included for size 
reference. The gel was pre-stained using 0.75 µg/mL EtBr (Invitrogen, USA) and electrophoresis was 

performed at 100 V for approximately 30 min. The gel was then visualised using a Gel Doc XR+ imaging 
system (Bio-Rad, USA). Reactions that yielded multiple bands or no bands at all were eliminated from 

downstream experiments.  
 

2.7 Compound treatment  

Before compound treatment, cultures were synchronised twice (8 h apart) as per section 2.3 to ensure 

a tightly synchronised parasite population. The culture was left to recover for a life cycle (48 h) before 
compound treatment.  
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The in vitro parasite reduction ratio (PRR) assay data and stage-specific activity were used to inform 

the treatment periods for each compound. PRR is a measure of parasite viability in response to drug 

treatment and provides insight into pharmacodynamic parameters, including the PRR value, lag phase 
(the period before the compound notably affects the parasite), and parasite clearance time (PCT) 

(clearance of 99.9 % of parasites) (126). Artemisinin and chloroquine are fast-acting with PRR ≥ 4, 
DSM265, pyrimethamine, MMV084, and M5717 have intermediate rate of action with 3 ≤ PRR < 4 and 

MMV048 and UCT943 are slow-acting with PRR < 3 or lag of > 48 h.  
 

A ~6-9 hpi ring culture was treated at IC90 (obtained as per section 2.4) with the respective compounds 

and incubated for a time that fits their stage of activity and PRR (Table 2). For DFMO and SAHA that 
do not have PRR data, the time was customised to fit their peak activity stage (trophozoites). The 

starting parasitaemia was chosen to not induce stress due to proliferation and to ensure sufficient 
parasite starting material for RNA isolation. Treatments lasting 12 h and 24 h had a starting 

parasitaemia of ~7 %, while 30 h and 48 h treatments were done at 3-5 % parasitaemia. After 
incubation, the cultures underwent RNA isolation and cDNA synthesis. 
 

Table 2. Activity profiles for each of the compounds in this study. 

Compound Stage of activity Ref. Parasite reduction ratio (PRR) Ref. Treatment period 

Chloroquine 
Trophozoites and early 

schizonts are most 
susceptible 

(123) PRR: 4.6 – 4.9 
PCT: 29.4 – 31.1 h (122) 12 h 

Artemisinin Rings, trophozoites and 
early schizonts (124) PRR: 8.0 – 8.7 

PCT: 18.8 – 18 h (122) 12 h 

DFMO Trophozoites (112) Not available N/A 24 h 
SAHA Trophozoites (104) Not available N/A 24 h 

MMV048 Schizonts (125) PRR: 2.7 (125) 48 h 

DSM265 Late trophozoites (55) PRR: 3.1 
PCT: 85 h (126) 30 h 

Pyrimethamine Early schizonts (127) PRR: 3.4 – 4.2 
PCT:  51.3 – 59.4 h (122) 30 h 

MMV084 Schizonts (56) PKG inhibitors have PRRs similar 
to pyrimethamine (56) 30 h 

M5717 
Treated rings only 

develop into abnormal 
trophozoites 

(128) Lag of 24-48 h, rapid killing after 
48+ h of exposure (128) 30 h 

UCT943 Schizonts (125) PRR: 2.5 (125) 48 h 
PRR = parasite reduction ratio, Ref. = reference, PCT = parasite clearance time, DFMO = difluoromethylornithine, 
and SAHA = suberoylanilide hydroxamic acid. 
 
The parasite populations’ stage distribution was determined by counting a minimum of three microscope 

fields, 1000 erythrocytes and 30 parasites per sample. Two-tailed unpaired Student’s t-tests were 
applied to calculate statistical significance between samples, considering each microscope field 

separately.  

 

 

 

 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 33 

2.8 Real-time amplification of the genes of interest 

cDNA (1.5 ng per reaction) was used with a final reaction volume of 10 µL to a 384-well plate. qPCR 

was performed using a QuantStudio 5 Dx real-time PCR system (Applied Biosystems, USA) using 
1× PowerUp SYBR Green master mix (SYBR Green dye, Dual-Lock Taq DNA Polymerase, dNTPs with 

dUTP/dTTP blend, heat-labile uracil-DNA Glycosylase (UDG), ROX passive reference dye) (Thermo 
Fisher Scientific, USA)) with 0.5 pmol/µL forward primer and 0.5 pmol/µL reverse primer (Inqaba Biotec, 

RSA), respectively, specific to each transcript. Heat-labile UDG prevents carryover contamination, while 
the Dual-Lock Taq DNA Polymerase is a combination of two hot-start mechanisms to prevent premature 

activity. Plates were centrifuged to collect the contents at the bottom of the plate before insertion into 
the QuantStudio 5 Dx real-time PCR system (Applied Biosystems, USA). The cycling conditions were: 

UDG activation at 50 ℃ for 2 min, Dual-lock Taq DNA polymerase at 95 ℃ for 2 min, followed by 40 
cycles of denaturation at 95 ℃ for 15 s, annealing at 58 ℃ for 2 min and extension at 72 ℃ for 1 min. 

Reactions were run in technical duplicate and a single biological repeat was done for each experiment.  
 

Standard curves for each biomarker and the ECG were generated by plotting the mean quantitative 

cycle (Cq) values against the log (amount of cDNA (ng) present in the reaction) over a range of 5 cDNA 

quantities starting at 1.5 ng to 0.1 ng using a 2-fold dilution series. The slope of each curve was 
determined using a linear regression line of best fit. The individual primer efficiencies were calculated 

using the formula E = 10(–1/slope) from the curves. The formula to express efficiency as a percentage was: 
% Efficiency = (E – 1) x 100.  
 

Two methods of relative quantification of expression were applied. The data were first analysed using 
the well-known 2-△△Cq  method (127), which assumes primer efficiencies close to 100 %.  In this method, 

△Cq for the treated and untreated samples were calculated using Equation 1. This was followed by 
normalising the treated samples to the untreated control using Equation 2. The △△Cq could then be 

converted to the fold change in gene expression using Equation 3. The data were finally represented 
as the log2FC in gene expression.  

 

The Pfaffl method of relative quantification was additionally included to evaluate the effect of differences 

in primer efficiencies on the qPCR-based platform as it considers the primer efficiency of a specific 
primer set and represents the change in gene expression as a ratio, defined in Equation 4 (128). This 

method was only applied to the set of five control compounds to investigate the effect of primer 
efficiency on relative quantification. The efficiency was calculated using the equation E = 10(-1/slope), this 
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value was converted to a percentage when discussing efficiency but left as is when incorporated into 

the Pfaffl equation. The data were finally represented as the log2FC (Log2ratio) in gene expression. 

 
2.8.1 Data visualisation 

The log2FC values were visualised using SOMs created in R with the R package SupraHex (version 

1.28.1), which uses a self-organising learning algorithm and only the input features to identify the 
underlying structure and patterns of the data (129). Clustering was performed on a distance matrix 

using median distance and average cluster linkage (average between all items). These maps were 

used to compress and cluster the data, reducing the dimensionality to make it easier to observe trends 
within the data that were obscured when using heatmaps. The data were capped at 1 and -1 Log2FC 

and the SOMs were visualised as suprahexagonal chemo-transcriptomic fingerprints.  
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3 Chapter 3: Results  

3.1 In vitro culturing of asexual P. falciparum parasites 

P. falciparum parasites (drug-sensitive NF54 strain) were cultured and used for downstream 
applications, which included proliferation inhibition studies, RNA isolation, and subsequent PCR and 

qPCR. The development of the parasites through the IDC was monitored using Rapi-Diff-stained thin 
blood smears to establish that the parasites progressed through the life cycle as expected (Figure 10). 

The acidic eosin dye component of the Rapi-Diff staining kit stains the parasite’s chromatin pink, while 
the cytoplasm is stained blue by the basic methylene blue dye component (130). 

 

Figure 10. Development of IDC P. falciparum parasites over 48 h. Representative pictures of the progression 
of asexual IDC parasites through the life cycle. The stained thin blood smears were viewed with a light microscope 
using the 100× oil immersion objective. hpi = hours post-invasion. 
 

A single IDC of the parasites lasts ~48 h, wherein the parasites progress through three distinct 
morphological stages. The cycle starts when a merozoite invades an erythrocyte (0 hpi) and develops 

into a ring-stage parasite (Figure 10A and B), with the older ring-stage parasite showing two distinctive 
dark pink dots (chromatin) common to P. falciparum parasites and a clear vacuole in the middle 

(Figure 10B). This is followed by the trophozoite-stage parasite (~18 hpi), early-stage trophozoites also 
show a clear vacuole and the definite fine ring shape of the ring stages starts to thicken and becomes 

more irregular as the parasite matures into trophozoites (Figure 10C). During the later trophozoite stage 
of development (30-37 hpi), the vacuole becomes less noticeable, and the parasites show the formation 

of haemozoin crystals (brown), a by-product of active haemoglobin digestion, as is evident in the second 

trophozoite picture (Figure 10D). Schizont-stage parasites (~38 – 48 hpi) are characterised by multiple 
pink dots (> 2N) as nuclear division commences (116). This is evident in the young schizont, where four 

nuclei (pink dots) are visible (Figure 10E). The mature schizont has already segregated into individually 
packaged merozoites, which each have a pink dot with blue cytoplasm around them (Figure 10F).  
 

3.2 Establishing the in vitro activity of the test compounds  

To allow downstream assessment of the compound-induced effect on gene expression, it was 

necessary to generate dose-response curves for each compound investigated using the SYBR Green 
I asexual proliferation assay. After 96 h of incubation with the compounds, which cover two IDCs, the 

IC50 and IC90  were determined. Only a single biological repeat was performed for each compound as 
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the compounds used here have well-established activities against P. falciparum parasites and we only 

confirmed pre-existing activity data to ensure the correct concentration to be used in downstream 
experiments. Five compounds (artemisinin, chloroquine, DFMO, SAHA, and MMV048) were chosen 

from the van Heerden et al. (2021) paper as control compounds to test the platform as they are well-
characterised compounds from different clusters in the dendrogram (Figure 11).  

 

 
Figure 11. The activity of control compounds included in the rational selection 50 transcript model. The 
dose-response curves of (A) artemisinin, (B) chloroquine, (C) DFMO, (D) SAHA, and (E) MMV048 against 
intraerythrocytic asexual parasites. The red lines indicate the IC90 and the blue lines indicate the IC50. The dose-
response curves, IC50, and IC90 values are provided by GraphPad Prism 10. Data are from one biological repeat 
(n = 1) and are represented as the mean ± SD. Where error bars are not visible, they fall within the symbol. 
DFMO = difluoromethylornithine, SAHA = suberoylanilide hydroxamic acid, IC50 = half maximal inhibitory 
concentration, and IC90 = 90 % of the maximum inhibition concentration.  
 

The IC50 values for the control compounds featured in van Heerden et al. (2021) were compared to 

literature values (Table 3) and were found to be similar. The dose-response curves are, therefore, an 
accurate representation of the activity of the compounds in vitro.  
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Table 3. Literature IC50 values for the control compounds. 

Compound Obtained IC50 Literature IC50 Reference 

Artemisinin 3.70 ± 0.48 nM 2.2 nM (131) 

Chloroquine 154 ± 52 pM 10 ± 3 nM (132) 

DFMO 361 ± 28 µM ~560 µM (116) 

SAHA 818 ± 31 nM ~100 nM (108) 

MMV048 11.5 ± 1.5 nM 28 nM (78) 
DFMO = difluoromethylornithine and SAHA = suberoylanilide hydroxamic acid. 
 

In addition to the control antimalarial compounds evaluated above, four antimalarial clinical candidates 
with different MoAs, DSM265 (targets DHODH) (133), pyrimethamine (targets DHFR) (134), MMV084 

(targets PKG) (62), and M5717 (targets EF2) (62), were selected to further evaluate the performance 
of the platform. Additionally, UCT943 was also included to evaluate how the platform deals with 

compounds that share a target/MoA with another tested compound (MMV048). Their inhibitory 
concentrations were again verified (Figure 12). 

 

Figure 12. The activity of clinical candidates with known MoAs that are unfamiliar to the model. The dose-
response curves of (A) DSM265, (B) pyrimethamine, (C) MMV084, (D) M5717, and (E) UCT943 against 
intraerythrocytic asexual parasites. The red lines indicate IC90 and the blue lines indicate IC50. The dose-response 
curves, IC50, and IC90 values are provided by GraphPad Prism 10. Data are from one biological repeat (n = 1) and 
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are represented as mean ± SD. Where error bars are not visible, they fall within the symbol. IC50 = half maximal 
inhibitory concentration and IC90 = 90 % of the maximum inhibition concentration.  

The IC50 values obtained for the clinical candidates with distinct MoAs are comparable to those obtained 

in the literature and could, therefore, be used to inform the concentrations required downstream (Table 
4). The IC50 of UCT943 is 3.26 nM, which also closely resembles the activity in the literature of 5.4 nM 

against asexual P. falciparum parasites.  
 

Table 4. Literature IC50 values for the clinical candidates. 

Compound Obtained IC50 Literature IC50 Reference 

DSM265 4.19 ± 0.16 nM 8.9 nM (0.01 µg/mL) (135) 

Pyrimethamine 6.49 ± 0.52 nM < 10 nM (136) 

MMV084 140.3 ± 3.3 nM 109 nM (62) 

M5717 242 ± 12 pM ~810 pM (62) 

UCT943 3.26 ± 1.1 nM 5.4 nM (137) 

 

3.3 NucleoZOL allows for efficient RNA isolation and cDNA synthesis  

A critical first step when building the qPCR-based biomarker transcription analysis platform was to 
optimise the isolation of RNA from small amounts of parasite starting material to obtain a large enough 

yield for downstream qPCR. NucleoZOL uses a no-chloroform and no-phase separation approach to 
simplify RNA isolation and has successfully extracted RNA from a wide variety of sources, including 

bacteria, yeasts, plants, cultured cells, and human tissue. The singular phase RNA isolation provided 

a rapid and scalable procedure, minimising the effect of technical variability between samples 
introduced during RNA isolation. To evaluate the use of NucleoZOL for RNA isolation from P. falciparum 

parasites, the yield, purity, and integrity of the RNA were compared to an established method that uses 
a Qiagen RNeasy mini kit (Table 5). 
 

Table 5. Comparison between the NucleoZOL and RNeasy methods of RNA isolation. 

Sample Concentration Total RNA yield A260/A280 ratio A260/A230 ratio 

RNeasy Mini kit 1.28 µg/µL 37 µg 2.27 2.29 

NucleoZOL 2.22 µg/µL 64 µg 2.19 2.69 

 

RNA was isolated from 10 and 20 mL IDC P. falciparum parasite cultures (NucleoZOL and RNeasy, 

respectively) of ~10 % parasitaemia. The cultures were majority trophozoites at ~33-37 hpi, which are 
the most transcriptionally active and provided the greatest chance for high yields of RNA. The 

NucleoZOL sample had an RNA concentration 1.7-fold greater than the RNeasy sample (1.28 and 
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2.22 µg/µL, respectively). Therefore, the total yield from the NucleoZOL method was greater than that 

of the RNeasy method (64 µg vs. 37 µg, respectively).  
 

The purity of the samples obtained for both methods was assessed using the A260/A280 and A260/A230 

ratio. The A260/A280 ratio assesses the amount of protein contamination, measured at 280 nm, in the 
samples and should ideally be above 1.9. The A260/A230 assesses the presence of contaminants like 

guanidine, phenol, or other organic substances at 230 nm, and this value should be above 1.8. The 
NucleoZOL sample had a lower A260/A280 ratio than the RNeasy sample (2.19 and 2.27, respectively) 

but a higher A260/A230 ratio (2.69 and 2.29, respectively). The samples from the NucleoZOL and RNeasy 

methods, however, both had purity ratios well above the required values, indicating both samples are 
pure (Table 5).  
 

The integrity of the isolated RNA was subsequently determined using agarose gel electrophoresis. The 

RNA was denatured (heated to 70 ℃) and ran on an agarose gel (1.5 % (w/v) agarose) (Figure 13). 

Intact RNA shows two distinct bands on an agarose gel, which correspond to the ribosomal RNA (rRNA) 
subunits (28S rRNA and 18S rRNA) present in eukaryotes.  
 

 
Figure 13. Evaluation of the established RNeasy method vs. the NucleoZOL method of RNA isolation. (A) 
The RNeasy mini kit RNA samples with the 28S and 18S rRNA indicated. (B) The NucleoZOL RNA samples with 
the 28S and 18S rRNA indicated. The RNA and a 1 kb ladder (A) and 100 bp ladder (B) (MM) (Thermo Fisher 
Scientific, USA) were separated by a 1.5 % (w/v) agarose gel and visualised using EtBr (0.75 µg/mL). bp = base 
pairs. 

 

Both the NucleoZOL and RNeasy samples show distinct bands that correspond to 28S and 18S rRNA 

(Figure 13A and B), indicating both samples are intact. The faint smearing observed for the NucleoZOL 
sample does not indicate degradation and is most likely due to using non-denaturing agarose gels and 

a large amount of RNA (Figure 13B). There were fainter bands present at the top of the NucleoZOL 
RNA sample, and these are potentially long non-coding RNA found in P. falciparum parasites seemingly 

characteristic of RNA isolation using NucleoZOL (138). It is not likely to be genomic DNA contamination 
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as that is typically observed as a singular band. The additional faint band at the bottom of the 

NucleoZOL sample represents a low concentration of low molecular weight RNAs (small RNAs) (139).  
 

 

3.3.1 RNA isolated using NucleoZOL can be converted to functional cDNA 

The ability of the RNA to be converted to cDNA was evaluated by end-point PCR using the primers for 

the ECG (seryl-tRNA synthetase) as it is considered constitutively expressed throughout the P. 
falciparum parasites’ IDC (140).  
 

The RNeasy and the NucleoZOL samples produced bands of the expected sizes (~160 bp), indicating 
that the cDNA is functional (Figure 14). The band in the no-template control (NTC) lane (< 100 bp) 

corresponds to primer dimers formed in the absence of cDNA template, a band of the same size is 
faintly present for the RNeasy samples. This means that NucleoZOL provides a rapid and scalable 

approach for RNA isolation from small amounts of P. falciparum parasites. Therefore, this method of 
RNA isolation was applied to all further samples.  
 

 

Figure 14. Functionality evaluation of cDNA synthesised from samples from both methods of RNA 
isolation. The cDNA and a 100 bp ladder (MM) (Thermo Fisher Scientific, USA) were separated by a 1.5 % (w/v) 
agarose gel and visualised using EtBr (0.75 µg/mL). The endogenous control gene was used to evaluate the 
RNA’s ability to produce functional cDNA. cDNA was obtained using RNA from the RNeasy mini kit and 
NucleoZOL, respectively. NTC = no-template control and bp = base pairs. 
 

3.4 The RNA is of sufficient quality for downstream experiments 

IDC P. falciparum parasite cultures (6-9 hpi) were treated with the respective compounds and RNA was 

isolated at the time points indicated in Figure 15. For each incubation period (12, 24, 30, or 48 hours 
post-treatment (hpt)) an untreated control is included as it is used for normalisation purposes in qPCR 

to ascertain a compound-induced effect compared to an untreated population at the same 
developmental stage. Different time points were chosen based on the activity profiles of the compounds 

(Table 2, section 2.7), a single time point could not be chosen because the compounds act on different 
developmental stages in the parasites’ IDC.  
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Figure 15. Schematic overview of compound treatment and subsequent RNA isolation time points. 
Compounds in yellow are control compounds, compounds in blue are clinical candidates included to extend the 
platform and UCT943, indicated in red, shares a target with MMV048 and was added to evaluate how the platform 
deals with shared MoAs. This figure was created using Procreate (https://procreate.art). IDC = intraerythrocytic 
development cycle, hpi = hours post-invasion, hpt = hours post-treatment, UT = untreated control, IC90 = 90 % of 
the maximum inhibition concentration, and MoA = mode of action.  
 

3.4.1 Control compounds  

All RNA samples for the control compounds were spectrophotometrically evaluated (as per 

section 2.5.3) to obtain their concentrations and purity ratios (A260/A280 and A260/A230) to ensure the RNA 
is fit for downstream experiments (Table 6).  
 

Table 6. Control compound and untreated control samples’ RNA concentrations and purity values. 

Sample Concentration (ng/µL) A260/A280 A260/A230 

Untreated 12 h 24 1.34 0.22 

Artemisinin 15 1.35 0.37 

Chloroquine 49 1.69 0.47 

Untreated 24 h 1420 2.18 2.45 

DFMO 134 2.03 0.37 

SAHA 491 2.16 2.71 

Untreated 48 h 1280 2.14 2.65 

MMV048 1547 2.17 2.46 

Untreated 48 h (for ~6× IC90) 1061.9 2.12 2.88 

MMV048 (~6x IC90) 532.0 2.08 2.60 
DFMO = difluoromethylornithine and SAHA = suberoylanilide hydroxamic acid. 
 

The RNA samples, except for the untreated control sample at 12 h and the artemisinin and chloroquine 
treatment samples, showed purity ratios greater than 1.9 and 1.8, respectively, and high RNA 

concentrations (Table 6). In the cases of treatment with artemisinin and chloroquine (and their untreated 
control), RNA isolation was performed on early-stage trophozoites that are less transcriptionally active, 
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contributing to lower RNA yields. It has been shown that lower concentrations of nucleic acids do cause 

decreased purity ratios (141). DFMO also had a lower RNA concentration (134 ng/µL) and showed a 
similar trend for the A260/A230 ratio. The integrity of the RNA samples was maintained, as was evident 

by the two distinctive bands representing 28S and 18S rRNA for each sample (Figure 16). 
 

 
Figure 16. RNA integrity evaluation of the control compound samples. The RNA and 1 kb ladder (MM) 
(Thermo Fisher Scientific, USA) were separated by a 1.5 % (w/v) agarose gel and visualised using EtBr 
(0.75 µg/mL). The 28S and 18S rRNA bands are indicated. UT = untreated and bp = base pairs. 
 

3.4.2 Clinical candidates 

The RNA samples for the clinical candidate treatments were also spectrophotometrically evaluated (as 

per section 2.5.3) in the same manner as for the control compound treatments (Table 7).  
 

Table 7. Clinical candidate and untreated control samples’ RNA concentrations and purity values. 

Sample Concentration (ng/µL) A260/A280 A260/A230 

Untreated 30 h 1244 2.18 2.80 

DSM265 635 2.19 2.78 

Pyrimethamine 1231 2.10 2.70 

MMV084 1377 2.10 2.53 

M5717 577 2.18 2.74 

Untreated 48 h 1280 2.14 2.65 

UCT943   1382 2.15 2.63 
 

The A260/A280 and A260/A230 ratios of the untreated control (30 h) parasites RNA sample and the 

compound-treated parasites RNA samples were acceptable and deemed free of contaminants. The 
integrity of the samples was evaluated using agarose gel electrophoresis (Figure 17). All RNA samples 

showed two distinctive bands representative of the 18S and 28S rRNA, and the RNA was, therefore, 
intact and could be used for downstream qPCR evaluation.  
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Figure 17. RNA integrity evaluation of the clinical candidate treatment samples. The RNA and 1 kb ladder 
(MM) (Thermo Fisher Scientific, USA) were separated by a 1.5 % (w/v) agarose gel and visualised using EtBr 
(0.75 µg/mL). The 28S and 18S rRNA bands are indicated. UT = untreated, bp = base pairs, and 
PYR = pyrimethamine. 
 

3.5 Primers for the predicted biomarkers were designed and validated for qPCR 
analysis 

3.5.1 Primer design 

To use primers for qPCR in parallel, under uniform conditions, it was important to design them to fall 
within set parameters. The primers were all designed to have amplicons of roughly the same size, 

80-200 bps, as large variations in size can lead to variations in the efficiency of amplification in qPCR. 
Another important parameter was the Tm of the primers. However, P. falciparum parasites have an A-T 

rich genome that presented some challenges for Tm. The primers were designed to have a 1-3 ℃ 
difference in Tm between all primer pairs and a < 1 ℃ difference in Tm between primers of the same set 

(Figure 18). Minimising differences in Tm allowed for uniform conditions between genes when doing 
qPCR, which should decrease variability in amplification. A full list of primer sequences and other 

primer-specific information is available in Supplementary Table 1. 

 
Figure 18. Key primer design factors. Indicated using the pink block is the desired range of Tm (57.5 – 60.5 ℃) 
and indicated using the blue block is the desired range of primer length (15-30 bp). The overlap between the 
blocks shows the ideal range of both parameters.  
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The optimal primer length of 15-30 bp (indicated in blue) was in some cases exceeded in favour of the 

primer having a Tm that falls within the specified range (indicated in pink) as Tm has a greater effect on 
the efficiency of amplification compared to primer length (Figure 18). This was the case with nine 

primers outlined in Table 8. Three primers fell outside both parameters (transcript 20 forward primer, 
transcript 42 forward primer, and transcript 47 reverse primer), resulting from the primer length already 

exceeding the maximum and the Tm not increasing closer to the minimum required Tm, even with further 

lengthening (Table 8).  
 

Table 8. Primers that do not fall within the parameters of Tm and primer length. 
Indicated in red is the parameter not within the specified range of 57.5 – 60.5 ℃ or 15-30 bp.  

Primer Tm Length 

Biomarker 3 reverse 58.5 32 

Biomarker 18 forward 57.8 34 

Biomarker 18 reverse 58 34 

Biomarker 20 forward 57.4 34 

Biomarker 26 forward 58.6 34 

Biomarker 26 reverse 57.6 33 

Biomarker 37 forward 57.9 31 

Biomarker 40 reverse 58.4 33 

Biomarker 42 forward 60.6 25 

Biomarker 43 reverse 57.8 33 

Biomarker 45 forward 57.1 31 

Biomarker 47 forward 57.5 37 

Biomarker 47 reverse 57.2 34 

Biomarker 49 reverse 58.4 32 
 

The △G of the homodimer is a measure of the probability that a primer will form a dimer between the 
two identical primers, while the △G of the monomer measures the probability the primer will fold on 

itself and have secondary structure formation at a given temperature. Each of the primers was evaluated 
for their probability of forming secondary structures that could impede the amplification process. Out of 

the 102 primers, 99 primers fell within the set parameter for the △G of the homodimer and the monomer 
(Figure 19). 
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Figure 19. Gibbs free energy (△G ) of the primers. The △G of the homodimer is indicated in black and the △G 
of the monomer in red for each primer. The dotted line indicates the cut-off (-37.7 kJ/mol). 
 

The △G of the monomer for the primers, on average, were in the range of 0 to -11.5 kJ/mol, indicating 

the primers are not likely to fold on themselves. Primer dimer formation is more likely, as is seen by the 
△G of the homodimer for the primers, which were in the range of -6.3 to -48.8 kJ/mol. Some primers 

(biomarker 12 reverse primer, biomarker 14 reverse primer, and biomarker 35 forward primer) fell 
outside the design parameter for the △G of the homodimer (< -37.7 kJ/mol) suggested for qPCR primers 

as these were the only suitable primers for those biomarkers. All the primers were evaluated using 
PCR, followed by qPCR, as it was deemed more important to keep as many biomarkers included in the 

set of 50 predicted biomarkers as possible.  
 

3.5.2 Primer validation 

The primers’ specificities were evaluated using end-point PCR to determine whether the primer sets 

could function under uniform conditions. The primers were examined for their ability to produce a single 
amplicon of the expected size. The Ta of each primer was calculated using Ta = 69.3 °C + 0.41(GC 

content) – 650/primer length) as it considers the GC content and the number of nucleotides in the primer 
(142). The primer sets that had a Ta of < 64 ℃ (for the forward primer) were initially tested at a Ta of 

58 ℃ while primer sets that had a Ta of > 64 ℃ (for the forward primer) were initially tested at a Ta of 
60 ℃ (Figure 20). Primer sets for biomarkers 14 and 44 were tested at 58 ℃ and 60 ℃ as they were 

close to 64 ℃.  
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Figure 20. Primer validation at a Ta of 58 ℃ and 60℃, respectively. The DNA amplicons and 100 bp ladder 
(MM) (Thermo Fisher Scientific, USA) were separated by a 2 % (w/v) agarose gel and visualised using EtBr 
(0.75 µg/mL). In black is primer sets tested at a Ta of 58 ℃, while blue indicates primer sets tested at a Ta of 
60 ℃. ECG = endogenous control gene, NTC = no-template control for ECG, Ta = annealing temperature, and 
bp = base pairs. 

 

Most of the primer sets produce single bands at their respective Ta. However, at a Ta of 60 ℃ (blue 

biomarker numbers), some primer sets did not produce a single band (biomarker 46) or any amplicon 
at all (biomarker 14 and 44 at 60 ℃). A single Ta would have allowed all reactions to be run under 

uniform qPCR conditions to decrease variability between reactions. For this reason, all primers were 
re-evaluated at a Ta of 58 ℃ (Figure 21).  
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Figure 21. Primer validation at a uniform Ta of 58 ℃. The DNA amplicons and 100 bp ladder (MM) (Thermo 
Fisher Scientific, USA) were separated by a 2 % (w/v) agarose gel and visualised using EtBr (0.75 µg/mL). 
ECG = endogenous control gene, NTC = no-template control for ECG, and bp = base pairs. 
 

At a Ta of 58 ℃, primers for 45 of the biomarker sets and the ECG showed a single amplification band, 

indicating that only one product of the expected size is amplified. Primer sets for biomarkers 31, 32, 45, 
and 46 showed multiple bands and, therefore, multiple amplicons. This led to these biomarkers being 

excluded from further investigation. The primer set for biomarker 28 produced no amplicon and was 
also excluded from further investigation. Since the primers will be investigated further using qPCR, it 

was not concerning that some amplicon bands were fainter than others. Only primers that produced 
multiple bands or no bands were not examined further. 
 

3.6 Primer sets efficiency and specificity 

In addition to evaluating the primer sets’ specificity using end-point PCR, a melt curve analysis was 

also performed using qPCR. Melt curves provide a means of detecting any non-specific amplification. 
The ECG and the remaining primer sets produced single melt curve peaks, which indicated a single 

amplicon is being amplified (Figure 22 and Supplementary Table 3). This meant that no additional 

primer sets needed to be excluded based on the melt curve data.  
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Figure 22. Melt curve analysis of the ECG primers using qPCR. As an example, the ECG was used as a 
representative of the melt curves to indicate specificity towards the intended target.  
 

Primer efficiency is an important factor that provides insight into the quantification accuracy, quality, 

and reliability of the qPCR as it influences the replication efficiency. In qPCR, the template should ideally 
double in quantity every cycle, which indicates an efficiency of 100 %. The 2-△△Cq method assumes that 

both primer sets have an efficiency equal to 100 % and primers should, therefore, be as close to 100 % 
efficient as possible. Primer efficiency is determined using standard curves with the slope of the 

standard curve converted into a percentage efficiency for the individual primer sets (Figure 23).   

 
Figure 23. Evaluation of primer efficiencies using standard curves. The standard curves of the primers for 
the ECG (A) with preferable efficiency, biomarker 3 (B) with too high efficiency, and biomarker 49 (C) with too low 
efficiency. (D) The primer efficiencies for the full set of biomarkers are on the left y-axis (the grey dotted lines on 
the graph indicate the literature-suggested range of primer efficiencies) and the coefficient of determination (R2) 
for each standard curve is on the right y-axis (indicated by the red line is 0.95). Data are from one biological repeat 
(n = 1) and A, B and C are represented as the mean ± SD. Where error bars are not visible, they fall within the 
symbol.  ECG = endogenous control gene. 
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The curve for the ECG indicated a preferable primer efficiency of 91 % and an R2 of 0.98 (Figure 23A). 

By contrast, biomarker 3 had a primer efficiency almost double that of any other biomarker at 219 % 
efficiency, this seemed to be independent of technical variability (R2 = 0.95) and it was also not due to 

non-specific amplification (Figure 23B). A BLAST search using the primers for biomarker 3 showed that 
the sequence of biomarker 3 was located within the untranslated region of another gene 

(PF3D7_0206800), potentially explaining the abnormally high primer efficiency. Biomarker 49 had a 

negative efficiency, possibly because of a poor linear fit (R2 = 0.61) (Figure 23C). The remaining 
standard curves all showed good linearity with coefficients of determination (R2) > 0.95 (indicated by 

the red dotted line), except for primer set 42 (R2 = 0.94) (Figure 23D). The remainder of the standard 
curves are available in Supplementary Table 3. The grey dotted lines on this graph (Figure 23D) indicate 

the literature-suggested primer efficiency range of 90-110 %. However, only primer sets that were very 
far out of the range, biomarker 3 and biomarker 49, were excluded from further analysis and 

optimisation. 
 

3.7 Evaluation of the chemo-transcriptomic fingerprints of the selected biomarkers 

van Heerden et al. (2021) defined 50 predictive biomarkers to allow for chemo-transcriptomic 

fingerprinting of antimalarial compounds. To evaluate if the removal of the seven biomarkers that were 
identified as performing poorly in the qPCR would affect the chemo-transcriptomic fingerprints, the 

microarray data presented by van Heerden et al. (2021) were re-evaluated. SOMs were again used to 
generate chemo-transcriptomic fingerprints for the original set of 50 predicted biomarkers (Figure 24A), 

and this was compared to fingerprints generated with a set of 43 biomarkers that remained after 
performing the quality checks described above. (Figure 24B). In each case, the resultant chemo-

transcriptomic fingerprints were hierarchically clustered to identify groupings of compounds with 
similar/related MoAs.  
 

The grouping of the nodes (smaller hexagons) within the larger chemo-transcriptomic fingerprints of the 
compound-treated parasites are not evidently changed between Figure 24A and B and showed barely 

any visual distinction between the original set of 50 biomarkers and the set of the remaining 43 
biomarkers. This was expected as a single node can contain multiple biomarkers with similar or the 

same expression, and the removal of some biomarkers should not detrimentally affect the chemo-
transcriptomic fingerprint as the remaining biomarkers should compensate for the removed biomarkers. 

This showed that the exclusion of the seven biomarkers does not have a detrimental effect on the 

chemo-transcriptomic fingerprints’ ability to distinguish between different compound treatments and it 
will, therefore, not affect the platform’s ability to differentiate between compounds and their respective 

MoAs using chemo-transcriptomic fingerprints.  
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Figure 24. Evaluating the effect caused by the exclusion of biomarkers on the ability of chemo-
transcriptomic fingerprints to cluster compound treatments based on their MoAs. (A) The original set of 50 
predicted biomarkers (107) and (B) the reduced 43 predicted biomarkers. The chemo-transcriptomic fingerprints 
are created using self-organising maps (SOMs). The colour of the individual hexagons represents the log2 fold 
change in gene expression. Hierarchical clustering of the compound treatments was performed using Ward 
linkage on Euclidian distance of expression. DFMO = difluoromethylornithine, ODC = ornithine decarboxylase, 
PI4K = phosphatidylinositol 4-kinase, ASA-9 = 2-aminosuberic acid derivative, CDPK = calcium/calmodulin-
dependent protein kinase, Ser/Thr kinase = serine/threonine kinase, ser protease = serine protease, 
PMSF = phenylmethylsulfonyl fluoride, TSA = trichostatin A, TSA1 = TSA data from Hu et al. (2009) (112), 
SAHA = suberoylanilide hydroxamic acid, TSA2 = TSA data from Andrews et al. (2012) (108), and HDAC = histone 
deacetylase.  
 

However, it shows a change in where the MMV048 treatment clusters within the dendrogram. 

Biomarker 49, excluded during primer validation, is a biomarker identified from the MMV048 and 
UCT943 treatment datasets. It, along with three other predicted biomarkers (biomarkers 47, 48, and 

50), are associated with PI4K inhibition as a MoA. Removing this biomarker may affect the resultant 
clustering of the chemo-transcriptomic fingerprints of parasites treated with compounds that target 

PI4K. UCT943 (that also targets PI4K) is more potent than MMV048 and the difference in potency 
between the compounds is reflected in the degree of increased or decreased transcript abundance, 

possibly also contributing to these two compound treatments’ chemo-transcriptomic fingerprints 
clustering separately when using 43 predicted biomarkers. The remaining MoA clusters (grouped by 

colour in Figure 24) remained intact, but there was some change in where the individual clusters were 

located after removing the seven biomarkers. This was seen with the homeostasis and metabolism 
cluster (indicated in light blue in Figure 24) that switched with the branches containing the CDPK and 

serine/threonine kinase inhibitors clusters. This could be attributed to the specific biomarkers that were 
removed, for example, the removal of biomarker 46, which is associated specifically with treatment with 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



 51 

ionomycin and its MoA, most likely contributed to the relocation of the associated cluster (indicated in 

dark blue in Figure 24). However, provided that the chemo-transcriptomic fingerprints resulting from 
treatment with compounds that share MoAs remain clustered together, it should be sufficient to predict 

new compounds’ MoAs downstream. 
 

3.8 Evaluation of the influence of the parasite’s life cycle progression on the 
biomarker detection 

The biomarkers’ ability to distinguish between parasite populations treated with compounds with 

different MoAs and, therefore, their potential use as biomarkers was first evaluated by using compounds 
that were already included in the rational selection model developed by van Heerden et al. (2021). 

These compounds (artemisinin, chloroquine, DFMO, SAHA, and MMV048), therefore, have MoAs that 
are recognised and distinguished by the model. The transcription of P. falciparum parasites is tightly 

regulated, and genes are only expressed in the stage that they are needed by the parasite. Since 
compound treatment was performed using multiple incubation periods to ensure that a compound-

induced transcriptional response could be observed, the stage-specific expression profile of transcripts 
had to be considered. We, therefore, evaluated the parasite populations’ stage distribution and 

morphology after treatment with the control compounds to evaluate if stage distribution was severely 

affected (Figure 25).  

 
Figure 25. The parasite populations after treatment with the control compounds. (A) The stage distribution 
and (B) the morphology of the parasite populations after compound treatment. Compound-treated samples were 
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treated at their respective IC90 values as determined by the SYBR Green I asexual proliferation assay. The 
Rapi-Diff-stained thin blood smears were viewed using a light microscope and the 100× oil immersion objective. 
The data represents the mean ± SD between microscope fields counted (a minimum of 60 parasites across three 
or more microscope fields of 200-300 erythrocytes(~1000 erythrocytes total)). DFMO = difluoromethylornithine, 
SAHA = suberoylanilide hydroxamic acid, UT = untreated, hpt = hours post-treatment, and IC90 = 90 % of the 
maximum inhibition concentration.  
 

From the stage distribution of the parasite populations after the compound treatments, there were no 
statistically significant (P > 0.05, Student’s t-test) deviations in the parasite populations between the 

compound-treated and untreated control samples of the 12 and 24 h incubation periods, respectively 
(Figure 25A and Supplementary Table 5a and b). However, for the MMV048-treated parasite 

population, there was a statistically significant difference (P < 0.001, Student’s t-test) in the number of 
ring-stage parasites present compared to the untreated control, which is expected as the untreated 

parasites would have completed their life cycle and new ring-stages parasites in the next life cycle is 
evident, which is not present in the MM048-treated samples (Supplementary Table 5c). However, it is 

unlikely this would affect the biomarkers’ expression as they were originally selected because their 

expression is not adversely affected across different treatment time points. 
 

3.9 Evaluation of the concentration dependency of the chemo-transcriptomic 

fingerprints  

MMV048 was used to evaluate the effect of the compound concentration on the transcriptional response 
of the predicted biomarker set. A 6-9 hpi ring-stage NF54 P. falciparum parasite culture was drug-

treated with MMV048 at IC90 (22 nM) and ~6× IC90 (140 nM) and incubated for 48 h.  

 
Figure 26. The concentration effect on the parasite population. (A) The stage distribution and (B) the 
morphology of the parasite population after the compound treatments. The stained thin blood smears were viewed 
using a light microscope and the 100× oil immersion objective. The data represents the mean ± SD between 
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microscope fields counted (a minimum of 30 parasites across three or more microscope fields of 200-300 
erythrocytes (~1000 erythrocytes total)). Where not visible, the error bars fall within the column. 
 

The stage distribution and morphology of the parasites after compound treatment (Figure 26A and B) 
show that a higher compound concentration prevented the parasites from entering schizogony and 

affected the trophozoites, indicative of cell stress and pyknosis. This translated to a severe change in 
the chemo-transcriptomic fingerprint for MMV048-treated parasites to a decreased transcript 

abundance compared to the fingerprint at IC90 (Figure 27). This is indicative of a global cellular stress 
event associated with cell death. However, by contrast, parasites treated with MMV048 at IC90 can still 

progress to schizonts, and the evaluation of the biomarkers indicates a compound-induced change in 
the transcriptome, distinct from a global death response, as seen when using a higher concentration. 

This solidifies the use of IC90 in the platform, and all subsequent treatments were also at IC90. 

 

Figure 27. Concentration effect on the transcriptional responses of the biomarkers. The effect of different 
compound concentrations on the chemo-transcriptomic fingerprints. The colour of the individual hexagons 
represents the log2 fold change in gene expression. Data are from one biological repeat (n = 1). 
 

3.10 Evaluating the biomarkers’ ability to distinguish the MoA of control compounds  

The biomarkers were subsequently used to assess if they could distinguish the MoA of control 

compounds, each with known targets or biological profiles when they were used in qPCR analysis. 
P. falciparum parasites were treated with artemisinin, chloroquine, DMFO, SAHA, and MMV048 for a 

specific time period associated with their rate of action, RNA isolated, and the qPCR performed with 
the set of 43 biomarkers on each sample. The relative abundance of the biomarkers in each of these 

samples was thus determined. However, we evaluated two different relative quantification methods: 1) 
the well-established 2-△△Cq method that assumes equal primer efficiencies and 2) the Pfaffl method that 

takes the primer efficiency of each biomarker into account. This allowed the assessment of the effect 

of primer efficiency differences on the platform’s ability to distinguish between compounds with different 
MoAs (Figure 28). 
 

The two methods of relative quantification show a positive correlation between the quantified values of 
the biomarkers for all compounds (Pearson r > 0.7), with most of the compound treatments having 

Pearson r values > 0.9 (Figure 28). Treatment with artemisinin (Pearson r = 0.78) and chloroquine 
(Pearson r = 0.91) had the lowest correlation between the quantified values of the biomarkers analysed 
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using the two methods of relative quantification. However, both treatments still show a positive 

correlation (Pearson r > 0.7).  
 

 
Figure 28. The correlation between the quantified values of the biomarkers analysed using different 
methods of relative quantification. The Pearson correlation between the quantified values of the biomarkers 
obtained using the 2-△△Cq method of relative quantification and the Pfaffl method of relative quantification 
(95 % confidence interval), respectively. Data are from one biological repeat (n = 1). 

 

The relative quantification levels obtained for each biomarker with the two methods above were 

subsequently used to generate chemo-transcriptomic fingerprints followed by hierarchical clustering to 
identify related MoAs as before (Figure 29). K-means clustering was also evaluated as a clustering 

method, however, when the silhouette analysis was performed to identify the optimum number of 

clusters, k = 2 was identified (Supplementary Figure 1). Grouping the compounds into two main clusters 
would not create the necessary separation to allow insight into their MoA and, therefore, hierarchical 

clustering would be more informative. Unique chemo-transcriptomic fingerprints were obtained after 
IDC P. falciparum parasites were treated with the control compounds, as is evident from specific 

fingerprints for each compound evaluated (Figure 29). Additionally, the biomarker analysis successfully 
separated these fingerprints into specific categories that correlate with their known MoA classifications. 
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Figure 29. Chemo-transcriptomic fingerprints of the control compound-treated parasites when using 
different methods of relative quantification. (A) The 2-△△Cq method of relative quantification that does not 
account for differences in primer efficiencies and (B) the Pfaffl method of relative quantification that considers the 
primer efficiency of each primer set. Hierarchical clustering of the compound treatments was performed using 
Ward linkage on Euclidian distance of expression. The chemo-transcriptomic fingerprints were created using self-
organising maps (SOMs) that reduce the dimensionality of the transcriptional responses. The colour of the 
individual hexagons represents the log2 fold change in gene expression. Positive values indicate increased 
transcript abundance, while negative values indicate decreased transcript abundance (data was capped at -1 and 
1 for the SOMs). Data are from one biological repeat (n = 1). DFMO = difluoromethylornithine, ODC = ornithine 
decarboxylase, SAHA = suberoylanilide hydroxamic acid, HDAC = histone deacetylase, and 
PI4K = phosphatidylinositol 4-kinase. 

 

The biomarkers facilitated distinctive chemo-transcriptomic fingerprints for each of the compound 

treatments, with the target-specific chemo-transcriptomic fingerprints (DFMO, SAHA, and MMV048 
treatments) separating from the non-specific target chemo-transcriptomic fingerprints (chloroquine and 

artemisinin treatments). The chemo-transcriptomic fingerprints resulting from the two different relative 
quantification methods were not substantially affected by deviations in primer efficiencies between 

biomarkers since the separation between the fingerprint classes was still evident. The 
chemo-transcriptomic fingerprints for the artemisinin- and chloroquine-treated parasites showed the 

greatest reorganisation. When using the 2-△△Cq method, more logical clustering of the chemo-
transcriptomic fingerprints was obtained for treatment with artemisinin and chloroquine, clustering the 

fingerprints together (both compounds affect metabolism and homeostasis), with the next closest 

cluster being that associated with MMV048 treatment, which has an MoA partly associated with 
affecting haemoglobin catabolism (86). This showed that the distinctive transcriptional responses 

observed when using the 2-△△Cq method are compound-induced and not an artefact caused by 
differences in primer efficiencies and data analysis. The 2-△△Cq method was preferable to the Pfaffl 

method, which had more complicated data analysis than the 2-△△Cq method. The 2-△△Cq method allows 
for a more scalable, high-throughput approach to data analysis while still showing distinctive chemo-

transcriptomic fingerprints and was applied to the remainder of the data.  
 

The data indicated that the 43 predictive biomarkers could be successfully evaluated with qPCR to 

reveal the MoA of a set of control compounds and showed desirable results, such as grouping the 

BA
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chemo-transcriptomic fingerprints of parasites treated with compounds that share an MoA together and 

separating the non-related MoAs.  
 

3.11 Evaluating the biomarkers’ ability to distinguish the MoA of clinical candidates 

To investigate whether the qPCR-based evaluation of the abundance profiles of the 43 biomarkers can 
distinguish between compound treatments that were not included in the original rational selection 

transcript model from van Heerden et al. (2021), we evaluated the transcriptional responses of the 

biomarkers brought on by an additional set of compounds. This included known antimalarials or clinical 
candidates with known MoAs such as DSM265 (a DHODH inhibitor), pyrimethamine (a DHFR inhibitor), 

MMV084 (a PKG inhibitor), and M5717 (an EF2 inhibitor). The stage distribution and morphology of the 
parasite populations were again examined after parasites were treated with these compounds for 

specific time periods associated with their rate of action (Table 2 section 2.7) to ensure that life cycle 
stage differences would not complicate the interpretation of the data (Figure 30).  
 

 
Figure 30. The parasite populations after treatment with the clinical candidates. (A) The stage distribution 
and (B) the morphology of the parasite populations after the compound treatments. Compound-treated samples 
were treated at their respective IC90 concentration as determined by the SYBR Green I asexual proliferation assay.  
The Rapi-Diff-stained thin blood smears were viewed using a light microscope and the 100× oil immersion 
objective. The data represents the mean ± SD between microscope fields counted (a minimum of 40 parasites 
across three or more microscope fields of 200-300 erythrocytes (~1000 erythrocytes total)). UT = untreated, 
hpt = hours post-treatment, and IC90 = 90 % of the maximum inhibition concentration. 

 

The parasite populations treated with the clinical candidates showed no statistically significant 

difference (P > 0.05, unpaired Student’s t-test) in the majority-stage parasites (> 90 % trophozoites) 
between all samples, including the untreated control parasite population (Figure 30A and 

Supplementary Table 6a). This indicated that the parasites were affected due to compound treatment 
but were still alive and able to progress to trophozoites.  A statistically significant difference in the ring 

populations for the untreated control 30 hpt and M5717-treated parasites (P < 0.05, unpaired Student’s 
t-test), as well as pyrimethamine- and M5717-treated parasites (P < 0.05, unpaired Student’s t-test), 
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were observed (Figure 30A and Supplementary Table 6a). However, the M5717-treated parasites had 

a ring-stage parasite population of 7.7 ± 7.2 %, while the untreated 30 hpt and the pyrimethamine-
treated parasite populations did not have any ring-stage parasites. The deviation in stage distributions 

is, therefore, not biologically relevant as there was a small subset of trophozoites present in the starting 
population (untreated 0 hpt) at the time of compound treatment that would have developed into ring-

stage parasites by the conclusion of the experiment. The parasites were affected by the compound 

treatments but could still progress to trophozoites, indicating that the fingerprints would not reflect a 
death phenotype (Figure 30B). The stage distribution of the parasites would, therefore, not influence 

the biomarkers’ transcriptional response due to compound treatment in downstream expression 
analysis.  
 

To investigate whether the qPCR-based analysis of the 43 biomarkers’ expression maintained the 
ability to create the necessary separation between the chemo-transcriptomic fingerprints of parasites 

treated with compounds with different MoAs the data were hierarchically clustered (Figure 31).  
 

The newly introduced treatments with clinical candidates with distinct MoAs show unique transcriptional 

responses due to the compound treatment and well-separated chemo-transcriptomic fingerprints are 
observed for each MoA (Figure 31). The clustering also shows a clear separation between the different 

compound treatments and their respective MoAs. This indicates that the 43 predictive biomarkers 
evaluated using qPCR could successfully differentiate between treatments with compounds that the 

rational selection model had no previous interaction with and distinguish between MoAs not previously 
integrated into the model. This solidified the use of the 43 predicted biomarkers to distinguish between 

MoAs even when the MoA is novel to the model.  
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Figure 31. Evaluating the platform’s ability to distinguish between MoAs upon adding clinical candidate 
treatments. The chemo-transcriptomic fingerprints are created using self-organising maps (SOMs) that reduce 
the dimensionality of the transcriptional responses. The colour of the individual hexagons represents the log2 fold 
change in gene expression. Hierarchical clustering of the compound treatments was performed using Ward 
linkage on Euclidian distance of expression. Data are from one biological repeat (n = 1). 
DFMO = difluoromethylornithine, ODC = ornithine decarboxylase, SAHA = suberoylanilide hydroxamic acid, 
HDAC = histone deacetylase, PI4K = phosphatidylinositol 4-kinase, DHODH = dihydroorotate dehydrogenase, 
DHFR = dihydrofolate reductase, PKG = cGMP-dependent protein kinase, and EF2 = translation elongation factor 
2. 
 

3.12 Evaluating the biomarkers’ ability to show similarities between compounds with 

the same MoA 

Treatment with the clinical candidate UCT943 was additionally introduced to assess how the qPCR-

based biomarker transcription analysis platform deals with compounds with the same MoA. UCT943 
has the same target as MMV048, both inhibit PI4K. Both compounds underwent the same treatment 
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protocol as they inherently act against the same parasite development stage. The stage distribution 

and morphology of the parasite populations were evaluated after 48 h of incubation with the compounds 
(Figure 32). 

 
Figure 32. Evaluation of parasite populations treated with compounds with a shared MoA. (A) The stage 
distribution and (B) the morphology of the parasite populations after the compound treatments. Cultures were 
treated at IC90. The Rapi-Diff-stained thin blood smears were viewed using a light microscope and the 100× oil 
immersion objective. The data represents the mean ± SD between microscope fields counted (a minimum of 50 
parasites across three or more microscope fields of 200-300 erythrocytes (~1000 erythrocytes total)).  
UT = untreated, hpt = hours post-treatment, and IC90 = 90 % of the maximum inhibition concentration. 
 

There was no statistically significant difference (P > 0.05, unpaired Student’s t-test) in the stage 
distributions of the parasite populations between the MMV048 and UCT943 treatments (Figure 32A and 

Supplementary Table 6b). A statistically significant difference in ring-stage parasites in the populations 
of the untreated 48 hpt and the MMV048 treatment (P < 0.001, unpaired Student’s t-test) and the 

untreated 48 hpt population and the UCT943 treatment (P < 0.01, unpaired Student’s t-test) were 

observed. This is due to the compounds’ greatest activity on schizont-stage parasites, leading to fewer 
rings in the next IDC, as previously established for MMV048 (78). Both compound-treated parasite 

populations progressed to schizonts, indicating that the parasites were affected but not dead (Figure 
32B). Stage-specific transcription would not lead to differences in the chemo-transcriptomic fingerprints 

resulting from compound-treated parasites in downstream qPCR analysis. 
 

The metabolism and homeostasis classification defined by van Heerden et al. (2021) typically contains 

chemo-transcriptomic fingerprints of parasites treated with compounds that influence multiple biological 
processes or have less clearly defined targets. This is observed for the chemo-transcriptomic 

fingerprints of artemisinin- and chloroquine-treated parasites, which do not share a target but have a 
broader compound-induced effect (Figure 33). The clustering of these two compound treatments 

mimics what was shown by van Heerden et al. (2021), who saw a similar clustering for artemisinin and 
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chloroquine treatments when the full set of 50 predicted biomarkers was used (Figure 9 from section 

1.7). The chemo-transcriptomic fingerprint that represents treatment with M5717 clusters separately 
from the other compound treatments, reflecting what was seen in metabolic fingerprinting, where M5717 

treatment was listed as unclassified as it affects translation by inhibiting EF2, an MoA that does not 
overlap directly with the other compounds in this dataset (108). 

 
Figure 33. The predicted biomarker set shows distinctive chemo-transcriptomic fingerprints and early 
signs of clustering by MoA. Red blocks indicate the two compounds, MMV048 and UCT943, that share an MoA. 
The chemo-transcriptomic fingerprints are created using self-organising maps (SOMs) that reduce the 
dimensionality of the transcriptional responses. The colour of the individual hexagons represents the log2 fold 
change in gene expression. Hierarchical clustering of the compound treatments was performed using Ward 
linkage on Euclidian distance of expression. Data are from one biological repeat (n = 1). PKG = cGMP-dependent 
protein kinase, PI4K = phosphatidylinositol 4-kinase, DHODH = dihydroorotate dehydrogenase, EF2 = translation 
elongation factor 2, DHFR = dihydrofolate reductase, DFMO = difluoromethylornithine, ODC = ornithine 
decarboxylase, SAHA = suberoylanilide hydroxamic acid, and HDAC = histone deacetylase.   
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The chemo-transcriptomic fingerprints resulting from treatment with MMV048 and UCT943 cluster 

apart. The limited size of this compound data set could exacerbate this effect, along with the removal 

of a biomarker specific to the PI4K inhibition MoA. This did, however, raise the question of whether the 
transcriptional responses due to the two compound treatments show similarities. Treatment with 

compounds that share a target or MoA should ideally produce chemo-transcriptomic fingerprints that 
bear similarities in transcriptional responses. Therefore, the chemo-transcriptomic fingerprints resulting 

from treatment with the two compounds were investigated (Figure 34).  

 
Figure 34. Evaluation of chemo-transcriptomic fingerprints due to treatment with compounds with a 
shared MoA. The chemo-transcriptomic fingerprints of the MMV048 and UCT943 treatments, both targeting 
phosphatidylinositol 4-kinase.  Samples were treated at their respective IC90 concentration as determined by the 
SYBR Green I asexual proliferation assay. The colour of the individual hexagons represents the log2 fold change 
in gene expression. Positive values indicate increased transcript abundance, while negative values indicate 
decreased transcript abundance. Data are from one biological repeat (n = 1). IC90 = 90 % of the maximum 
inhibition concentration. 

The chemo-transcriptomic fingerprints resulting from treatment with MMV048 and UCT943 were similar, 

with both showing a majority increased transcript abundance (pink) and a region of decreased transcript 
abundance (light blue) on the right (Figure 34). Treatment with UCT943 results in a slightly more 

prominent transcriptional response, possibly due to its increased potency compared to treatment with 
MMV048. This solidifies that treatment with compounds with similar MoAs shows similar chemo-

transcriptomic fingerprints when using 43 biomarkers for MoA classification.  
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4 Chapter 4: Discussion 

Transcriptomics provides a dynamic insight into cellular environmental changes and the evaluation of 

transcriptional responses due to drug pressure offers new insight into a compound’s MoA. In this study, 
a biomarker set from van Heerden et al. (2021) was investigated for its biological relevance as a tool to 

predict compound MoA. This was accomplished by building a qPCR-based biomarker transcription 
analysis platform that provided a medium-throughput approach to MoA deconvolution. In this platform, 

the parasite’s transcriptional responses to specific compound treatments were monitored relative to an 
untreated control population using qPCR and the established 2-△△Cq relative quantification method.  
 

Several studies have indicated that even though P. falciparum parasites possess tightly regulated 
transcription, it is possible to elicit a measurable transcriptional response due to compound treatment 

(104, 112). Hu et al. (2010) have shown that P. falciparum parasites’ transcriptome is sensitive to 
chemical probing and that genes related by function show similar transcriptional responses due to 

chemical stimulus (112). This led them to conclude that functionally related genes have the same 
regulatory mechanisms when exposed to external stimuli, allowing insight into P. falciparum parasite’s 

functional genomics. Additionally, Siwo et al. (2015) showed that both similarities in chemical structures 

and MoAs contributed to similarities in transcriptional responses due to compound exposure (104).  
 

Transcriptional profiling is an established and invaluable resource for functional studies and drug 
discovery in the malaria field, however, applying this whole-genome approach is not conducive to a 

high-throughput environment. The use of a limited set of transcripts to circumvent the challenges 

presented regarding throughput has been established in other fields. This especially regards 
tuberculosis, where Murima et al. (2013) identified a minimum set of 90 transcripts that proved sufficient 

to elucidate the MoA of compounds identified using phenotypic screens (95). This provided the 
groundwork to establish a similar platform to be used in antimalarial drug discovery.  
 

van Heerden et al. (2021) used machine learning and already available compound-induced 
transcriptional response data to identify biomarkers for MoA classification. The predicted biomarkers 

additionally ensured compound-specific responses and that the chemo-transcriptomic fingerprints do 
not merely reflect general drug stress that would be common to most compounds. The rational selection 

approach of the model ensured that the top 50 biomarkers did not contain transcripts shared between 
multiple MoAs (107). The high level of co-regulation among functionally related genes that were 

established by Hu et al. (2010) may suggest that the 50 transcripts could additionally serve as a 
representative set of all the genes that show functional relations to the biomarkers. This could also give 

an indication of the responsiveness of all the co-regulated genes. The connectedness of the biomarkers 

to other functionally related genes would have to be investigated to ascertain the full implication of this.  
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In the pursuit of building a qPCR-based biomarker transcription analysis platform that functions under 

uniform conditions and allows for swifter and scalable MoA classification, there was the need to remove 
some of the predicted biomarkers from the set. These biomarkers performed unfavourably in this 

platform and often showed limited availability of primers that fit the parameters. It was, however, 
established by van Heerden et al. (2021) that 50 biomarkers were the minimum number of biomarkers 

needed to allow for robust prediction of a compound’s MoA. The removal of seven biomarkers 

(3. PF3D7_0206700, 28. PF3D7_1425800, 31. PF3D7_1013500, 32. PF3D71127900, 
45. PF3D7_1458900, 46. PF3D7_1038400, and 49. PF3D7_1340900) throughout the process of 

primer validation, made it essential to verify that the SOMs used to construct the chemo-transcriptomic 
fingerprints could still display clear separation between compounds using the original microarray data. 

Herewith it proved that even 43 biomarkers were sufficient to separate between compounds and their 
MoAs using chemo-transcriptomic fingerprints, displaying a minimal shift in the appearance of the 

chemo-transcriptomic fingerprints after removing the seven biomarkers.  
 

A set of five control compounds (artemisinin, chloroquine, DFMO, SAHA, and MMV048) were 

introduced to the qPCR-based biomarker transcription analysis platform. These compounds are well 
characterised and familiar to the rational selection 50 transcript model with specific biomarkers 

pertaining to their MoAs. This showed that the predicted biomarkers maintained their ability to 
distinguish between treatments with compounds that have dissimilar MoAs in vitro. Additionally, this 

helped clarify that the biomarkers stand when translated to qPCR and that the between-platform 

variance created when microarray data was replaced by qPCR was not concerning. As expected, the 
predicted biomarkers could show compound-specific responses not merely due to deviations in life 

cycle stages, proving that they are robust at any stage in the IDC. This was ensured by van Heerden 
et al. (2021) as the transcripts selected were differentially expressed throughout the treatment period 

of individual compounds. This served to prove that transcriptional fingerprinting using a limited set of 
biomarkers can be applied to P. falciparum parasites, therefore validating the machine-learning model 

developed by van Heerden et al. (2021). 
 

The introduction of clinical candidates that were not previously exposed to the rational selection 50 

transcript model verified the biomarkers’ ability to distinguish between MoAs as the newly introduced 
clinical candidate treatments showed separation from the control compound treatments. The clinical 

candidates exhibit MoAs distinct from any of the control compounds. This meant that the chemo-
transcriptomic fingerprints could discern compounds MoAs not showing similarities to MoAs already 

established within the model, allowing the identification of novel MoAs. This is impressive as the original 
model was built from biomarkers that are associated with specific MoAs, further solidifying that this 

limited set of biomarkers provides robust chemo-transcriptomic fingerprints pertaining to a compound-

specific response.  
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The compound UCT943 is a derivative of MMV048 with improved solubility and anti-plasmodial activity, 

and the compounds share chemical characteristics (137). The chemo-transcriptomic fingerprints of the 
two compound treatments show shared trends in transcriptional response. Treatment with UCT943 

does induce a marginally stronger transcriptional response in the parasites compared to treatment with 
MMV048, likely due to UCT943’s increased potency and pharmacodynamic properties (137). This same 

phenomenon has been observed by Siwo et al. (2015), where small molecule inhibitors that share 

chemical substructures and MoAs induce similar transcriptional responses, further validating this 
approach (104). This could be a beneficial characteristic as it can prove useful when compounds are 

modified for better potency, selectivity, and pharmacodynamic properties during the drug discovery 
process to ensure that there is no deviation from the compound’s original MoA or the development of 

off-target effects. 
 

It is important to note that while this platform provides a promising medium-throughput approach, there 

are limitations in its current state. Removing biomarkers from the limited set can compromise the 
platform’s separation ability for specific MoAs including inhibition of CDPK, ODC, merozoite invasion, 

serine protease, calcium-binding ionophore, and PI4K. However, there are multiple biomarkers 
associated with each MoA within the rational selection 50 transcript model (except for inhibition of 

calcium-binding ionophores) that should compensate for the removed biomarkers. Extending the 
platform to the set of 100 potential biomarkers identified by van Heerden et al. (2021) could contribute 

to much greater separation between treatments with different compounds and the compounds’ 

respective MoAs. Additionally, the limited set of compound treatments currently introduced to the 
platform also means that hierarchical clustering could infer a relationship between compound 

treatments where there is none. This, however, should start to resolve as a larger compound treatment 
pool is introduced and the number of MoAs is expanded. Machine learning models have the added 

benefit of being dynamic and with the generation of new data, such as introducing new MoAs and 
chemical classes, they can be continuously updated, improving the model and its predictive capabilities.  
 

The ability to condense the compound effects into chemo-transcriptomic fingerprints with the 
combination of machine learning and transcriptional profiling can substantially accelerate antimalarial 

drug discovery by providing a greater throughput approach than the genome-wide approach often 
employed by microarrays. Additionally, a multiplexing qPCR-based approach can be considered to 

further improve the platform’s throughput. This streamlined approach to MoA deconvolution allows for 
enhanced predictive capabilities in the early stages of drug development that would ensure the 

prioritisation of compounds that meet the requirements for clinical implementation. A severe impediment 
to the drug discovery process is the challenges inherent to the deconvolution of a compound’s MoA. 

Knowing the MoA is, however, extremely beneficial to ensure that a clinical candidate does not progress 

throughout most of the pipeline only to be excluded due to an unfavourable MoA or off-target effects. 
This minimises the waste of time, resources, and often substantial funds linked to developing new 
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antimalarials. Therefore, the collaboration of computational approaches and experimental validation 

ensures that only the most viable candidates progress through the drug discovery pipeline, ultimately 
reducing late-stage failure.  
 

Herewith we contribute a medium-throughput, scalable approach to MoA stratification using a limited 
set of biomarkers and eliminate the uncertainties and ambiguities that often accompany MoA and target 

identification pursuits. This platform would, in turn, also assist in streamlining antimalarial drug 
development and provide a more efficient and economical approach to the identification of a 

compound’s MoA. 
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5 Chapter 5: Conclusion 

With the persistent development of drug resistance to current antimalarials, there is a constant need to 

investigate new compounds with novel MoAs. During the drug discovery process, compounds progress 
through distinct stages before they can be investigated by clinical trials. The hit-to-lead and lead 

optimisation stages tend to be more successful if the compound’s target or MoA is known. Target and 
MoA deconvolution are, however, challenging processes and have low success rates. To address this, 

van Heerden et al. (2021) developed a rational selection 50 transcript model that can stratify 
compounds based on their MoA with an accuracy of 77 %.  
 

Using the treatment parameters established above, we demonstrated that the identified biomarkers 
function as indicators of compound MoA, creating a clear distinction between different MoAs and 

showing similar chemo-transcriptomic fingerprints for compounds that share an MoA. This proved that 
the predicted biomarkers identified using machine learning are biologically relevant for MoA 

stratification. This study offers a medium throughput approach to antimalarial drug MoA deconvolution 
using a limited set of predictive biomarkers. It can also guide future, more in-depth studies into a 

compound’s target and MoA, possibly reducing ambiguity and providing a starting point for MoA and 

target deconvolution studies. 
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7 Supplementary 

Supplementary Table 1. Primer information. 
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Supplementary Table 2. cDNA NanoDrop OneC readings. 

Sample Concentration (ng/µL) A260/A280 A260/A230 

Untreated 12 h 4.8 1.36 0.5 

Artemisinin 7.5 1.32 0.74 

Chloroquine 10.1 1.37 0.84 

Untreated 24 h 11.6 1.62 1.14 

DFMO 7.8 1.43 0.63 

SAHA 15.4 1.69 0.74 

Untreated 48 h 14.7 1.43 1.83 

MMV048 16.6 1.51 1.75 

UCT943 21.4 1.29 0.32 

Untreated 30 h 25.8 1.20 1.00 

DSM265 15.9 1.71 0.68 

Pyrimethamine 14.5 1.75 1.14 

Untreated 30 h (2) 13.9 1.64 1.27 

MMV084 18.2 1.61 1.25 

M5717 15.5 1.58 1.25 
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Supplementary Table 3. Melt curves of each biomarker.  
The numbers in the top corners correspond to the biomarker numbers.  
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Supplementary Table 4. Standard curves to assess primer efficiencies. 
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Supplementary Figure 1. K-means clustering. (A) Silhouette analysis for an optimal number of clusters and (B) 
K-means clustering. The optimal number of clusters was determined as 2 (k = 2) that shows a silhouette score of 
0.7. Silhouette scores fall between -1 and 1.  

 
Supplementary Table 5a. Unpaired Student’s t-test between parasite developmental stages of the 12 h 
incubation control compound treatments. 
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Supplementary Table 5b. Unpaired Student’s t-test between parasite developmental stages of the 24 h 
incubation control compound treatments. 

 

Supplementary Table 5c. Unpaired Student’s t-test between parasite developmental stages of the 48 h 
incubation control compound treatments. 

 
Supplementary Table 6a. Unpaired Student’s t-test between parasite developmental stages of the 30 h 
incubation clinical candidate treatments. 
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Supplementary Table 6b. Unpaired Student’s t-test between parasite developmental stages of the 48 h 
incubation clinical candidate treatments. 
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