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ABSTRACT OF THE DISSERTATION 

 

Leveraging computational approaches for the identification of  

therapeutic drug target candidates in Plasmodium parasites 

 

 

by 

 

Karla Patricia Godinez Macias 

 

Doctor of Philosophy in Bioinformatics and Systems Biology 

 

 

University of California San Diego, 2025 

 

 

Professor Elizabeth A. Winzeler, Chair 

Professor Nathan E. Lewis, Co-Chair 
 

 

Genomic databases help in the understanding of how genetic changes alter a phenotype 

and herein are linked to a disease. Similar resources are needed to study small molecules; they can 

alter a target gene’s normal activity (e.g., drugs, ligands, inhibitors). But, contrary to genomic 

databases, chemogenomic databases are limited and less annotated. Furthermore, molecule 
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identifiers are not standardized and there are variations in naming depending on the database. This 

poses a challenge when trying to identify how a drug interacts with its biological target and whether 

it results in the desired phenotypic response. Knowledge on drugs’ mechanism of action (MoA) or 

biological target helps translating those candidates into therapeutic treatments.  In this dissertation, 

we use in silico methods to support the translation of genomic data into effective new drugs, by 

analyzing chemical libraries for early identification of research efforts that uses previously used 

compounds, close analogs or existing literature; and drug targets/MoA predictions. We find that 

by chemical querying and chemical comparisons we could provide target hypothesis for scaffold 

families and, paired with validation studies (e.g., in vitro evolution), it results in faster and more 

efficient drug development. 

In Chapter 1, we describe CACTI, a tool that explores the chemical and biological space 

pragmatically, to provide an understanding of chemical structures and their impact on a biological 

system. This sets the basis for querying, comparing, clustering, and predicting potential targets for 

chemical compounds.  In Chapter 2, we demonstrate that small molecules could have liabilities. 

Through the analysis of 724 Plasmodium falciparum genomes resistant to one of 118 small 

molecules, we show commonalities between resistant clones setting the foundation for machine 

learning predictive approaches.  Chapter 3 describes the use of data mining and protein structure 

prediction to identify novel antimalarial drug targets, supporting the development of drugs that 

differ in MoA and resistance liabilities.  Lastly, in Chapter 4, we explore the use of single-cell 

sequencing to provide clues about the mechanism for uncharacterized chemotypes. Contrasting 

transcriptomic profiles of P. falciparum parasites and drug-treated parasites, we found 

upregulation of biological pathways for atovaquone and artemisinin. 

 



1 

INTRODUCTION 
 

Understanding how a drug interacts with its biological target and whether its inhibition 

results in the desired phenotypic response is a critical step in drug discovery1-3. One area where 

this is particularly true is for infectious diseases where many of the hits that are advanced for drug 

discovery come from phenotypic, organismal screens as described in a recent review4. For malaria 

parasites, tens of thousands of compounds with parasite killing activity have been placed in the 

public domain. This has led to medicinal chemistry programs and molecules entering clinical 

trials4, 5. While understanding the mechanism of action or knowing the target is not strictly essential 

for a compound series to advance, knowing the target and ideally having a crystal structure for the 

target can make subsequent medicinal chemistry optimization much more efficient: fewer 

compounds need to be made and evaluated, and biochemical assays are typically more robust and 

lower cost. Furthermore, screening and assay costs can be many orders of magnitude lower for a 

biochemical target relative to whole organism work. 

 

Because of the huge-cost savings that can come from knowing a target, substantial effort 

is often invested into target discovery. Biochemical and genetic approaches (e.g. in vitro evolution) 

are two examples of methods used for target identification. However, these tend to be lengthy and 

are resource-consuming4, 5. For malaria parasites, in vitro evolution has been a successful method 

but can often take six months or more4. It thus makes sense to accomplish as much computationally 

as possible. For example, molecular docking is commonly pursued to predict small molecule 

ligand binding to key therapeutic proteins prior to biochemical or phenotypic assays, and though 

it tends to have a high false positive rate6, drug targets for some antimalarial inhibitors have been 

identified through this approach7-9. Similarly, virtual screening is a commonly applied. Singh et 



2 

al.10 describes how this approach can drastically reduce the chemical space to provide a focused 

library for subsequent biochemical high-throughput screening (HTS), although it is most reliable 

when knowledge of compound activity is available and libraries against a target of interest are 

accessible. Antimalarial compounds have also been elucidated through virtual screening11-13. 

Comparable in silico approaches also exist for target identification. For example, the tool 

TargetHunter by Wang et al.14, is a web-based prediction approach that incorporates analog 

bioactivity data from ChEMBL15. Likewise, Chemmine, is an online resource by Backman et al.16 

that predicts targets based on similar records in PubChem database17. More recently, Jimenes-

Vargas and colleagues18 showed the power of artificial intelligence in drug discovery. Here, 

authors predict compound-target interactions based on different molecular description calculations 

and machine learning algorithms using ChEMBL records. 

 

A constraint for these resources is the limit of one molecule per search and one 

chemogenomic database. Modern high-throughput screens may involve millions of compounds 

and thousands of primary hits. Having high-throughput methods to rapidly assess many hits can 

allow prioritization of compounds for resupply and resynthesis, which is particularly important for 

academic researchers that may have limited access to compound management groups or limited 

medicinal chemistry capacity. For example, in malaria parasites, many dihydrofolate reductase 

(DHFR) inhibitors have been compromised by widespread resistance19.  It thus makes sense to 

identify phenotypic hits acting against DHFR prior to compound resupply. In fact, in silico 

approaches have proven to be a valuable in the analysis of large libraries, especially when various 

resources are utilized together to reduce the number of compound resupply and experimental 

testing needed20, 21.  
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 CACTI: An in silico chemical analysis tool through 

the integration of chemogenomic data and clustering analysis 

 

 

  



4 

To address the need of an automated multi-compound analysis tool, particularly for 

neglected diseases, we constructed a pipeline named CACTI (Chemical Analysis and Target 

Identification), to provide comprehensive searches in chemogenomic databases and provide 

biological targets clues with single or bulk queries, integrating data not only from major databases 

such as ChEMBL and PubChem, but also from ligand-based databases (e.g. BindingDB22), as well 

as scientific and patent evidence (e.g. PubMed23 and SureChEMBL24).  Furthermore, to account 

for the difference in molecule identifiers across databases, we implemented a cross-reference 

method to map a given identifier based on chemical similarity scores and other known identifiers, 

or synonyms, in the expanded search. With this process, we provide a comprehensive large-scale 

study report incorporating all available identifiers for each small molecule, its close analogs, and 

available bioactivity data and/or mechanism of action (MoA) if known. 

 

1.1 Chemogenomic database selection and accessing 

A common first step to evaluate a small molecule as a potential therapeutic, includes the 

exploration of chemical and biological space to identify known information and potential target. 

In contrast to most available tools that focus on one database for target-predictions14, 25-27 we 

explored multiple chemogenomic databases as knowledge source. The solely criterion for database 

selection was the availability of REST API, a data request protocol for query and transfer. For 

chemical- and experimental-based information sources, we selected the well-established ChEMBL 

and PubChem databases. BindingDB was selected for protein-ligand evidence and, EMBL-EBI 

and PubMed as sources for comprehensive searches (Table 1.1). Although each bears unique data, 

we observed some overlap in data content, especially for literature evidence. However, it is 

important to note the indexing type and database specification prior to integration, as not every 
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record is curated, and query fields could have different meaning. For example, experimental data 

in PubChem could be from biological assays (dose-response, phenotypic, or target-based) or 

biochemical assay (profiling or binding), while BindingDB refers to binding affinities assays 

solely. 

After database selection, we created a custom function to access and retrieve data from 

each source. Following the corresponding REST API web services, we constructed an html query 

link with the database domain + web service architecture + data of interest + parameters. 

Specifically, we used chembl_id_lookup, mechanism, document, compound_record, 

molecule/synonym and similarity data functions from ChEMBL. For PubChem we used 

compound’s data SMILES, name, CID, PubMedID, PatentID, fastsimilarity_2d, synonyms and 

MolecularWeight functions. PubMed records were found using the PMID and PMC xref from 

PubChem, and europepmc/search function from EMBL-EBI server. The command, 

GetTargetByCompound, was used to access BindingDB database. For exact URL query 

construction please refer to the database web-services22-24, 28, 29. 

 

1.2 Querying and standardization of chemogenomic databases using SMILES. 

We reasoned that, to investigate a set of query compounds, the first step was to explore 

hidden patterns among the various chemogenomic databases containing large datasets of small 

molecules and their bioactivity. However, these patterns are difficult to reveal when searching 

across databases, mainly due to the lack of indexing standardization and the existence of multiple 

equivalent representations of a chemical structure (SMILES30). For example, ethanol can be 

encoded with SMILES OCC, CCO and C(O)C. Furthermore, in ChEMBL the SMILES CCO 

corresponds to CHEMBL545 but C(O)C is not a valid query, and vice versa the notation C(O)C 
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corresponds to CID702 in PubChem while CCO is not valid. Nevertheless, to test the hypothesis 

that using SMILES as identifier is sufficient for mapping the chemical space, we used the provided 

query SMILES as first input (Supplemental Figure 1.1A).  To reveal the index identity of each 

query, we used the custom functions to cross-reference across databases using 100% similarity 

match, and further confirmed their exact identity by comparing Morgan fingerprints as described 

in our methods. 

Due to submission discrepancies across repositories, query identifiers were combined in a 

“synonym” (common names) column and filtered if they were 1) numerical with no indication of 

external source origin, 2) IUPAC name from an unreliable source, or 3) duplicated when converted 

to upper case and removal of special characters such as “:” or “–”.  The remaining synonyms were 

used to retrieve scientific evidence, patent evidence and additional useful information associated 

with the compound of interest. We reasoned that expanding the search to include these identifiers 

would provide more exhaustive research on the query compounds, improving the target-prediction 

steps when using the additional pieces of evidence. With this filtering, invalid or duplicated query 

records were removed and bioactivity data, naming synonyms, scholarly evidence, and chemical 

information across selected chemogenomic databases was integrated. 

 

1.3 Chemical comparison through similarity calculations 

In addition to mining with SMILES and common names, we expanded the search to include 

closely related analogs (Supplemental Figure 1.1B). We first used RDKIT v.2024.03.131 to 

convert the query SMILES to a canonical form, generating a unique notation to be queried and 

compared with equal features. The standardized format (canonical) was used to identify analogs 

by transforming them to a binary representation called fingerprints (Morgan fingerprints), which 
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allows chemical similarity calculations. These similarities were computed using the Tanimoto 

coefficient32, T, which measures the degree of similarity between a query and target structure as 

follows: 

𝑇 =
𝑁𝐴𝐵

𝑁𝐴 + 𝑁𝐵 − 𝑁𝐴𝐵
 

 

Where A represents the query fingerprint and B the target fingerprint, NA and NB represent 

the number of “1-bit” in A and B respectively and NAB represents the “1-bit” shared in both. To 

ensure consistency, analogs were transformed to the same canonical form as the query and filtered 

if the T score was below 80% threshold (score ranging from 0-1 transformed to percentage). This 

conversion allowed us to further reduce discrepancies between SMILES conversion while 

identifying chemical analogs. We reasoned that by selecting close analogs with an 80% similarity, 

as opposed to the suggested 85% threshold by Patterson et al. study33, we may be able to retain 

useful moieties related to antimalarial activity (such as functional groups), while maintaining a 

high degree of chemical similarity between the query and analog compound. 

 

Although a target may have been reported for a given compound, the query compound 

might be similar but not identical and our goal was to capture these associations. To identify 

scaffold families, we constructed a similarity network (including the query dataset and searched 

analogs) by assigning nodes to chemical entities and edges between entities with a Tanimoto 

coefficient above 80%. With this network we were able to identify query drug-targets from analogs 

with known mechanisms of action or gene target, elucidating relationships that could be obscured 

otherwise. 
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1.4 Drug target identification  

In order to provide drug-targets clues, we acquired and incorporated several large datasets 

with annotated compound-target pairs and created a module to search these sets for compounds 

closely related to query molecules (Supplemental Figure 1.1C).  We used the Novartis 

Chemogenetic Library34 assembly consisting of 4,185 compounds annotated with their primary 

mammalian gene target,  an in-house, consolidated file of 163 validated antimalarials originating 

from phenotypic screens with their drug target, a collection of 218 licensed well-validated 

therapeutic drugs extracted from well-established databases such as IUPHAR/BPS pharmacology 

database35 or the FDA approved drugs list36, and a set of 157 known antibacterial inhibitors37 from 

which seven (azithromycin, mupirocin, dapsone, sulfalene, sulfadiazine, triclosan, 

sulfamethoxazole) overlap with the antimalarial set. The assembled list can be accessed at 

https://github.com/winzeler-lab/CACTI metadata folder. 

 

To reduce biases when comparing large datasets with molecules of wide mass range, we 

implemented a method to partition the query and target dataset by molecular weight (default cutoff 

of 500 Da) and convert each into fingerprints for subsequent similarity calculations. We then 

implemented a function to allow selection of fingerprint conversion algorithm (RDKFingerprint 

or GetMorganFingerprintAsBitVect) and selection of binary vector size, to prevent biased 

structure pattern identifications. Once fingerprints were calculated, we created a NxM matrix, 

where N and M is the number of fingerprints in the dataset and calculated Tanimoto coefficients 

for every pair, followed by clustering molecules based on their score (default 0.8). 
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1.5 CACTI, a large-scale chemical compound analysis tool 

As a final step we aimed to integrate the chemical querying and chemical comparison 

approaches to construct a compound analysis pipeline that will systematically 1) identify index 

identifiers for a set of given compounds, 2) consolidate relevant information known for index 

identifiers and identify close chemical analogs, and 3) identify scaffold families to provide target 

hypothesis with collected index annotations, analogs and known drug-target information.  (Figure 

1.1). The pipeline, CACTI, is accessible at https://github.com/winzeler-lab/CACTI.  Shortly, we 

built the customizable pipeline with python version 3.12 currently executable with UNIX, allowing 

for single or bulk queries and the selection of analyses and parameters to be performed. After 

submission validation of the query SMILES set (Figure 1.1A), the first step in the pipeline was to 

use the chemical and biological space exploration method to obtain the multiple identifiers from 

which a single compound is known, including IUPAC and common name(s), as well as peer-

reviewed publications, deposited datasets, and patents associated to each common name (Figure 

1.1B). To identify analogs in the public domain that might have a known target, we then retrieved 

the list of similar scaffolds to the ones of interest (Figure 1.1C) with at least 80% similarity.  This 

step allowed us to increase the likelihood of accurately uncovering drug-target pairs or providing 

prediction starting points. 

To better understand the query molecules and relationships within the dataset and public 

domain using the acquired genomic and bioactivity annotations, the next step in the pipeline 

includes the chemical comparison methods. SMILES for the query set and analogs are transformed 

to binary fingerprints (Figure 1.1D) to allow comparisons between them, and clustered together 

to find core scaffolds that are similar to at least 80% to each other (Figure 1.1E). Although this 

step seems redundant after querying for similar structures in Figure 1.1C, performing this extra 
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validation was valuable to discover if core scaffolds from the analog subset is shared by two or 

more query compounds. Lastly, to predict a drug-target under the molecular similarity principal 

(Figure 1.1F), scholar references, known mechanisms of action or gene targets, and bioactivity 

data associated to compound members within each cluster are compared. It is important to mention 

that in case of compound analog reacting noncovalently against a biological target yet considered 

active, typically referred as pan-assay interference compounds (PAINS), target hypotheses may be 

misguided for a query compound based solely on the bioactivity annotations. Thus, careful 

inspection may be needed when evaluating members from the cluster and additional annotations 

may need to be considered. 

  

1.6 Results  

To facilitate the exploration of the chemical and biological space for large datasets, and to 

provide a better understanding of chemical structures and their impact on a biological system, we 

constructed a drug-target prediction tool using data mining and chemoinformatic techniques.  Our 

overall objective was to automate the tedious molecule-by-molecule searching that occurs when 

hits from a high throughput phenotypic screen are initially evaluated, and to perform this search 

in a comprehensive, unbiased fashion, looking for information not only on the query molecules 

but also on closely-related analogs.  Because we noted that molecules might have different 

common names in the literature, we also sought to systematically uncover synonyms.  For 

example, the new imidazolopiperazine antimalarial named ganaplacide that is in phase III clinical 

trials has been known as KAF156, and GNF156 and substantial work has been published on the 

closely related scaffold named GNF179 which differs from KAF156 by a single halogen 

substitution.  Our motivation was thus to provide a tool that would allow the user to focus energy 



11 

on phenotypic screening hits that might have novel mechanisms of action and thus avoid 

compounds with a well-established mechanism or known drug resistance liabilities.  In addition, 

we wished to create a tool that could alert the user to relevant information from work on other 

species. If a compound is a dihydrofolate reductase inhibitor in humans, it is likely also a 

dihydrofolate reductase inhibitor in malaria parasites38. 

 

As described in the methods, this tool, which we have named CACTI consists of 3 

modules, was coded into python and accepts queries in the forms of tabular or comma-delimited 

files containing the SMILES of query molecule(s), as well as additional field columns such as the 

standard name, if desired.  The output consists of Excel files from each selected analysis (module) 

with a comprehensive report for all query molecules with synonyms and scholar evidence mined 

from the selected knowledge databases including ChEMBL, PubChem, BindingDB and PubMed. 

The output also includes a complete list of close analogs to query compounds and their similarity 

scores from the network construction module.  Lastly, it includes a report from a clustering module 

in which query compounds are matched to similar molecules from the annotated target set.  These 

last two reports can be exported to external tools for network visualizations, such as Cytoscape39. 

CACTI can be accessed from the public GitHub repository and executed by creating a local copy 

and following instructions indicated in the repository. 

 

1.7 Case study: assessment of drug-target querying using the Pathogen Box dataset 

In order to assess the performance of the tool, we applied it to the Pathogen Box dataset40 

from the Medicines for Malaria Venture (Figure 1.2A). This set is a collection of 400 diverse 

drug-like molecules, with an average molecular weight of 374.13 Da, active against several 
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neglected tropical diseases. This set was physically assembled by the Medicines for Malaria 

Venture and shared with users working in the neglected disease space to provide drug-like starting 

points for oral drug discovery. Accordingly, only 32 compounds failed to comply the standard 

Lipinski Rule of Five41. The set includes 26 positive controls from various scaffold families, 24 of 

which are part of known drug-target pairs. Controls include well known drugs like the antimalarials 

doxycycline, primaquine and mefloquine42, the antibacterial rifampicin43, the antimicrobials 

pentamidine, nifurtimox and fluoxetine, the anti-schistosomiasis medicines, praziquantel and 

mebendazole.  For these controls, we often found too much information, and these were thus 

excluded from further consideration. The remaining 374 compounds (Supplemental Table 1.1) 

are ones that have reported activity in published phenotypic screens for neglected tropical disease, 

with the majority being antimalarial or antimycobacterial compounds44-46 (Figure 1.2B).  

Chemical properties for the 400 compounds and biological activity in multiple parasites and 

pharmacokinetic measurements, including cellular toxicity and pharmacokinetic measurements in 

HepG2 cells, can be found in ChEMBL-NTD repository (https://chembl.gitbook.io/chembl-ntd) 

set 21. 

 

1.7.1 Module 1 identifies 4,315 synonyms for the Pathogen Box compounds 

A good literature search can prevent months of wasted effort, but searching biological 

databases such as PubMed is hampered by the fact that compounds frequently change names in 

biological publications.  We assessed if we could find synonyms for the compounds in an 

automated way.  Searching using CACTI identified 4,315 synonyms for compounds in the 

Pathogen Box, that were not included in the initial Pathogen Box description, with an average of 

11 names per compound (Supplemental Table 1.1, and Figure 1.2C-D).  For example, we found 



13 

10 synonyms for compound MMV006741, including GNF-Pf-4484, Maybridge3_001644, and 

BRD-K92165166-001-01-3, among others.  Likewise, the automated synonym search revealed 

that one trivial name for MMV676600 is danusertib, a known pan-aurora kinase inhibitor47. 

Overall, we found 69 different names for MMV676600. These data also provided clues about the 

provenance of the compounds. The search revealed substantial overlap between the GSK TCAMS 

(Tres Cantos Anti-Malarial Set) library48 (ChEMBL-NTD (https://chembl.gitbook.io/chembl-ntd), 

set 1) with 164 compounds present in both sets, 74 compounds overlapping with the St. Jude 

Biomedical library49 (https://chembl.gitbook.io/chembl-ntd, set 3) and eight that were members of 

the Novartis GNF library50 (https://chembl.gitbook.io/chembl-ntd, set 2). The automated search 

also revealed members from the Pathogen Box that are readily accessible to the scientific 

community. We found 206 compounds with suppliers’ identification numbers for various 

commercial sources including AKOS, Zinc and MCULE. In general, module 1 was able to capture 

and identify diverse names from published studies and public libraries, as well as provide the 

unique identifiers for selected databases including PubChem (CID identifier) and ChEMBL 

(CHEMBL identifier). 

 

1.7.2 Module 1 identifies new citations, datasets and patents for Pathogen Box molecules 

No literature citations were provided with the initial Pathogen Box dataset. Therefore, we next 

used CACTI to comprehensively identify patent and literature citations using not just the MMV 

names but all synonyms (Figure 1.2E). Unsurprisingly, searching with the MMV names often 

produced literature that described the Pathogen Box. However, searching with synonyms provided 

many more citations on the compounds. For example, MMV675997, is associated with 4 pieces 

of evidence that were deposited separately under several chemogenomic databases with different 
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synonyms (MMV675997, CHEMBL1094051, BDBM50313769) (Supplemental Table 1.1). 

Searching with these synonyms showed that this compound, which has a peptoid backbone and a 

nitrile P1′ warhead came from a library predicted to contain T. brucei Metacaspase enzyme 

inhibitor51. Likewise, the kinase inhibitor, danusertib (MMV676600) is associated with a total of 

1,195 pieces of evidence with citations indicating a possible role in inhibition of Toxoplasma 

gondii calcium-dependent protein kinase 1 CDPK1 (calcium-dependent protein kinase 1), as well 

as 100 pieces of patented evidence. From these, a CACTI PubMed search using PHA-739358, the 

additional synonym of MMV676600, yields three more literature references compared to 

MMV676600 (Supplemental Table 1.1).  

 

The literature search also showed that some of the compounds have activity in multiple 

species. For example, Murphy and colleagues52 discovered that MMV676050 and MMV676182, 

both tested against cryptosporidiosis in the Pathogen Box activity profiling, are potent inhibitors 

targeting CDPK1 T. gondii with known crystal structure (PDB ID 3N5152). Similarly, the literature 

search revealed that 162 members of the Pathogen Box showed evidence of a target validation in 

other models, such as cancer cell lines. For example, the chemotherapeutic milciclib (PHA-

848125), currently in clinical trials, is a known dual cyclin-dependent and tropomyosin receptor 

kinase inhibitor53, 54. Overall, we found 30,425 new pieces of literature, 3,356 patents and 2,182 

datasets associated with the Pathogen Box compounds. Though exploring the literature for 

different names may be straightforward for a small-scale study, as the study size increases, it 

becomes more difficult to capture these nuances. Therefore, the implemented method of acquiring 

and cross-referencing all known identifiers to retrieve data from the several chemogenomic 

databases provides a more detailed and complete report. 
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1.7.3 Module 2 identifies 12,383 new closely related compounds in the public domain that 

can be used for SAR by inventory 

An important step for compound evaluation and testing is determining if there are closely 

related analogs available in the public domain that can be sourced for testing. Performing a 

Tanimoto similarity search for the 374 uncharacterized Pathogen Box members resulted in 12,383 

close analogs (T = 90%) from the selected chemical knowledge databases (Supplemental Table 

1.2, and Figure 1.2D). In contrast, only eleven compounds (MMV393995, MMV676269, 

MMV676442, MMV021057, MMV202553, MMV688754, MMV099637, MMV676050, 

MMV676064, MMV676204 and MMV676398) out of the 374 had no obvious analogs in the 

public domain under this criterion. Most analogs identified belonged to PubChem (12,246 

analogs), BindingDB (112), or ChEMBL (25) databases. On average, 34 closely related analogs 

were identified for each member of the query set with an average similarity of 94.44%. For 

example, we found 55 analogs of MMV019721, a recently discovered acetyl-coenzyme A 

synthetase Plasmodium inhibitor55. Many of these analogs are commercially available. 

 

Interestingly, we observed eight closely-related analogs that were identified twice when 

querying for the 374 Pathogen Box compounds (Supplemental Table 1.2, and Supplemental 

Figure 1.2). Finding a close analog for two different query compounds suggest the presence of 

similar core scaffolds and likely similar biological targets. For example, the compounds 

MMV595321 and MMV676477, share five different analogs (CID’s 136636721, 136636828, 

156278160, 156278182 and 156285860), most of which are part of an antiparasitic inhibitor 

optimization effort (patent WO-2021077102-A1). Another analog (CID 44526919), related to 
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MMV023969 (TCMDC-134161) and MMV024035 (TCMDC-134227), inhibits P. falciparum 

growth by up to 97% (IC50 < 2 µM)56. Thus, the related Pathogen Box compounds could be 

attractive drug starting points. 

 

1.7.4 Module 3 for new target discovery hypotheses —guilt by association approaches 

One of the most resource-consuming steps in drug discovery is target deconvolution. To create 

target predictions, we utilized the information collected from previous modules and clustered the 

374 Pathogen Box compounds and 156 close analogs, with sets of 4,716 molecules with known 

mechanisms of action to create hypotheses about the function of Pathogen Box compounds. The 

“known target” set was derived from multiple sources, including 4,185 compound-target pairs 

assembled by Canham et al.34, 150 known antibacterial drug-target pairs37, and a collection set of 

381 antimalarial compound-target pairs extracted from established databases such as IUPHAR35 

and PDB Ligands57, in addition to validated target-ligand pairs originating from the TCAMS and 

GNF Novartis Malaria Box phenotypic screening libraries. Although the assembled library of 

known target pairs was enriched for antimalarial inhibitors, many have activity across the parasitic 

and bacterial diseases included in the study, such as atovaquone and doxycycline. It is worth noting 

that targets for 152 Pathogen Box compounds (Supplemental Table 1.1) were already known and 

were already included in the known target set. Clustering the 374 and their 156 close analogs with 

4,716 known targets resulted in 77 clusters using a similarity threshold of T = 80% (Supplemental 

Table 1.3), with an average of 4 compounds per cluster, and 264 singletons (Figure 1.3A). Out of 

the 77 clusters, twenty-five had two or more Pathogen Box molecules and 71 clusters contained 

one or more MOA/target or putative target annotations. From the 71, 20 have at least one Pathogen 
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Box compound with unknown or unclear mechanism. We did not find a MOA/target prediction 

for six clusters (Figure 1.3B). 

 

To assign targets for the Pathogen Box compounds, we inspected members from each cluster 

and assigned a potential target/function for the “unknown” Pathogen Box compound based on their 

counterpart target evidence. From this, we found targets appear repeatedly at rates higher than 

expected (hypergeometric mean function = 4.4x10-3 – 2.6x10-48) (Figure 1.3C). For example, three 

clusters (55, 56, 212) contain predicted dihydroorotate dehydrogenase (DHODH) inhibitors and 

six contain predicted cytochrome b inhibitors, of which cluster 62 have one Pathogen Box 

compound (MMV687807) with no known reported target in Plasmodium or Mycobacterium. We 

also found 9 clusters whose members contain an analog or known target set compound from two 

or more different annotations. This includes cluster 338 where close analogs to MMV687700 are 

known salicyl-AMP inhibitor and other members from the known drug target set are known human 

adenosine receptor agonists. Despite this apparent incongruity, all compounds in cluster 338 

contain the basic adenosine scaffold and are adenosine analogs. Another example includes cluster 

177 where MMV688283 and MMV687246 (a PfCDPK5 inhibitor58) are clustered with TCMDC-

138293, a known Plasmodium DHODH inhibitor. This may suggest some polypharmacology or 

potential weaknesses in the automated annotations. 

 

We also found cases where the predicted target was assigned based on evidence from a 

different parasite genus to the one initially tested. The diazine scaffold family (cluster 30) has two 

compounds that have demonstrated activity against parasite and mammalian methionine 

aminopeptidase-1b, an enzyme predicted to catalyze the removal of the N-terminal initiator 
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methionine during protein synthesis in parasites and mammals (MMV084997/GNF-Pf-359). The 

group also contains the uncharacterized, anti-kinetoplastid Pathogen Box compounds 

MMV658993 and MMV658988. This association creates a hypothesis that MMV658993 and 

MMV658988 may target methionine aminopeptidase-1b in kinetoplasts. 

 

1.8 Challenges and limitations  

 

Neglected diseases (parasitic diseases, and to some extent, rare diseases), attract less 

commercial interest and significantly less overall funding than other diseases, such as cancer or 

diabetes. On the other hand, much of the small molecule data for well-funded diseases such as 

cancer lies in the private, well-curated databases that are maintained by pharmaceutical companies.  

These databases are often one of a company’s biggest intellectual property assets. In contrast, for 

neglected disease, a larger proportion of the drug discovery data will be generated by academic 

researchers or public-private partnerships where much of it will ultimately be placed in the public 

domain.  The availability of well curated public screening datasets (e.g. such as the Pathogen Box 

dataset) creates both opportunities to make new discoveries (e.g. for drug repurposing and target 

discovery) as well as challenges that relate to the dispersed and disorganized nature of the data.  

To make the task of assessing diverse data more accessible to neglected disease drug discovery 

researchers, we constructed a tool to pragmatically assess the major chemical databases and 

identify all data available for a query compound, as well as similarities between small molecule 

inhibitors in any system. With this approach a comprehensive report is generated and may be used 

to redirect laboratory resources in a more focused way, in addition to reducing the amount of work 

needed for drug-target or chemical optimization efforts. 
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Our approach has its limitations. First, our algorithm makes no assessment of literature 

quality. A manuscript reporting that a given compound binds a target may not rigorously assess 

the quality or strength of the binding.  This may happen when a researcher develops a biochemical 

assay for a target and then tests a library, such as the Pathogen Box library, against this target:  In 

this case the best compounds from this exercise may be reported as potential inhibitors of the target 

in a publication. Our computational algorithms cannot catch these nuances and are out of scope; 

although a thorough report on a particular query set will be obtained, a human review is needed to 

revise and confirm the veracity/strength of acquired evidence. Perhaps not surprisingly, the data-

querying strategy across multiple chemogenomic repositories is especially helpful when querying 

for small molecules that have been evaluated for activity against multiple disease indications. For 

example, compounds advancing to clinical-trials or those having a validated drug-target, are query 

entries that when searched provide the most complete information. 

Another limitation is that our approach somewhat relies on the assumption that a compound 

will have the same target in Trypanosoma cruzi as in Toxoplasma gondii, despite the two species 

belonging to different eukaryotic phyla. Nevertheless, previous studies have highlighted that drug-

target pairs tend to be conserved across species. A compound like methotrexate likely acts against 

dihydrofolate reductase in human and in malaria parasites. Cladosporin targets lysyl-tRNA 

synthetase in both yeast and malaria parasites59. There are hundreds of other examples of target 

conservation across species. Species selectivity thus comes from natural or engineered specificity, 

as well as innate ability of different species to detoxify compounds. On the other hand, just because 

a compound targets the electron transport chain in malaria parasites doesn’t mean that it targets 

the electron transport chain in M. tuberculosis (e.g. such as in ELQ-300, with unreported target in 

tuberculosis) and predictions and caution is needed.  As a future improvement to the pipeline, 
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similar to gene ontology strategies (GO terms), querying and comparison of medical subject 

headings (MeSH terms) associated to compounds of interest (and analogs) can be implemented to 

mitigate the need to rely on similar structure function assumptions. This could increase the 

confidence of CACTI target identification hypotheses. 

 

Another concern is that we relied on chemical scaffold clustering: This chemical 

comparison depends on the chemical fragment partition that is initially selected, resulting in 

potential arbitrary cluster assignment.  In addition, clustering is less suitable for natural products, 

which tend to have more complex structures than smaller molecules. Increased size means partition 

methods favor fragment partitions that break down molecules and ignore the R groups that may be 

vital for the pharmacological effect of the natural product. Thus, although the provided scholarly 

report will be helpful, the clustering approach as scripted is less suitable for their evaluation. 

Nevertheless, we found that close analogs with similar drug-target matches did tend to group 

together even if the larger group often split into more than one cluster. We are confident that the 

established prediction method provides an initial hint for further target validation efforts. 

A limitation with this approach includes the predictive component of the analysis. Though 

it is accepted that similar molecules tend to have similar mechanisms of action or drug-targets, 

experimental validation is needed to confirm binding to the desired target. The assumption that 

one small molecule will have just one target is more fraught as compounds get larger and where 

two different pharmacophores (e.g. an ATP-like molecule and a naphthalene) may be incorporated 

into one small molecule. In addition, for promiscuous inhibitors, like kinase inhibitors, our 

approach may provide limited resolution. 
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Another concern is that one component of this tool relies completely on network 

connectivity and database server availability (e.g. open query-request for selected databases) to 

query and retrieve literature and analogs from the public domain. To partially address this need, a 

future avenue includes the use of a periodic “database dump” that can be locally accessed and 

queried in lieu of internet access, when connectivity is unreliable or inaccessible. 

 

Overall, we believe the identification of literature evidence as well as close analogs 

obtained through CACTI will aid researchers in early stages of drug discovery pipeline, and 

consequently allow more work on structure-activity relationship analysis. Similarly, the target 

prediction module implemented in this tool will serve as starting points for subsequent drug-target 

validation efforts and support the translation of genomic data into effective new drugs through the 

comparison of scaffold families. This automated tool shows a promising approach to quickly 

investigate multiple chemical entities in a single query, and prioritize hits for further exploration, 

especially in academic settings where compound management and resupply is limited. 
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Figure 1.1 CACTI pipeline workflow 

Pipeline workflow steps are illustrated by modules where (A) represents the user SMILES set as 

input in a tabular or comma delimited, (B) refers to the database querying and retrieving steps 

using SMILES to identify synonyms, citation evidence, patents, membership in datasets and 

additional information for target prediction. Module 2 refers to (C) the identification of close 

analogs in chemogenomic databases to the query set, and (D) transformation from SMILES to 

binary fingerprint for scaffold comparison. In module 3, (E) clustering chemical entities based on 

similarity measures is performed and (F) target predictions are completed combining information 

from previous modules and validated known-target datasets. 
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Figure 1.2 Identification of synonyms, references, and close analogs for 374 Pathogen Box 

compounds 

(A) Pathogen Box querying workflow. Results obtained from querying 374 Pathogen Box 

compounds against the pipeline. Supplemental tables related to each analysis are indicated along 

with the results from each module. (B) Membership of selected compounds. Number of 

compounds active against each neglected disease according to the Pathogen Box reference 

biological data40. (C) Synonyms identified. Number of names given for each Pathogen Box 

compound across different studies. Well established drugs belonging to the Pathogen Box are 

shown along with the common drug name. A dotted line denotes the average (n = 11) of synonym 

names per compound. (D) Statistics for identified information per compound. Identified categories 

for the 374 compounds are shown in the X axis. Left Y axis shows the number of Pathogen Box 

compounds found per category and the right Y axis shows the number of pieces of evidence per 

category. (E) Pieces of literature found per compound. Scatter plot showing the total pieces of 

evidence for each compound (X axis) against the frequency (Y axis). Known inhibitors with their 

inhibitory protein/enzyme are shown. 
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Figure 1.3 Chemical clustering and target prediction 

(A) Scaffold clustering. Structural similarity calculations with Pathogen Box library and known 

drug targets, as determined with RDKIT31 fingerprints. Clusters were assigned using 80% 

Tanimoto similarity threshold. Visualization of chemical space was performed using scikit-learn 

t-SNE function. (B) Scaffold clustering statistics. Total number of Pathogen Box members (light 

blue) and clusters (light purple) identified for the different categories shown in X axis. Total of 

known drug-target annotations, and predicted drug-targets, among all clusters are included in the 

summary categories. (C) Overrepresented clusters with known target. Examples of clusters with 

drug-targets found at rates greater than expected according to the hypergeometric mean function. 

Structures for cluster members are included. 
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Table 1.1 Number of records per database. 

Approximate number of records by entity type for selected chemogenomic and literature databases. 

 

Database Chemical 

Data 

Experiment

al Data 

Literature Patent Compound- 

Pathway/Gene 

ChEMBL  22,399,743 20,334,684 88,630  15,398 

SureChEMBL    > 17 M  

PubChem 115,036,406 304,160,942 38,884,316 43,059,414 Pathway: 240,631 

BindingDB 1,164,246 2,707,699 39,818  9,023 

EMBL-EBI   34,135,964   

PubMed   ~ 34 M   
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APPENDIX 

 

 

 
 

Supplemental Figure 1.1 Modules for drug target prediction 

Module workflow for (A) literature search, (B) similarity network and analog search, and (C)  

prediction. Trapezoidal boxes show input data types of choice for each module, purple boxes 

represent preprocessing steps to each section. Yellow boxes delimitate the steps to complete a 

module’s task, where diamonds are decision steps and rectangles a function to be performed. 

Green boxes are figure or results report generated. 
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Supplemental Figure 1.2 PubChem duplicated analogs fingerprint similarity 

Scaffold similarity comparison for the 8 PubChem (CID) close analogs for two different Pathogen 

Box query compounds. Fingerprint similarity scores were calculated using RDKIT Tanimoto 

similarity function. Left panel shows the hierarchical clustering for each CID based on the 

calculated similarity, central panel shows the similarity intensity color coded according to the left 

panel gradient, where low similarity (0-0.5) is represented by green and high similarity (0.5-1) is 

represented by purple. Structures for analogs are shown, including the source Pathogen compound. 
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2.1 Introduction 

As drug resistance remains a major concern in controlling malaria, an infectious disease 

caused by protozoan Plasmodium parasites, detection of resistance is of vital importance. Because 

large-scale phenotyping of parasites for drug resistance is impractical and results of therapeutic 

efficacy studies are limited, a major goal of sequencing clinical isolates is to identify the emergence 

of genetic markers of drug resistance, thus providing an early warning to inform region-specific 

malaria treatment policies. As a result, surveillance efforts have now placed whole-genome 

sequences of more than 20,000 isolates of Plasmodium falciparum, the most common and virulent 

malaria parasite, into the public domain60. A key challenge in these efforts is distinguishing 

functional variants, which drive the observed phenotype, from passenger mutations, i.e. those that 

do not confer phenotypic change. While previous studies have identified some clinical resistance 

markers, the identification of novel resistance alleles either in laboratory-adapted or field isolates 

remains inefficient. 

Since the earlier use of genetic crosses to determine key genes mediating parasite resistance 

to pyrimethamine, chloroquine, and other antimalarials, two alternative approaches for 

understanding drug resistance have emerged: population-based association studies of sequenced 

isolates, and in vitro evolution of resistant parasites61. An advantage of in vitro evolution studies 

is that because relatively few mutations emerge during drug selection, variants with a high 

probability of conferring resistance can be discovered through careful genome analysis of only a 

handful of independently derived drug-resistant clones. As a result, hundreds of laboratory-

evolved organism genome sequences have been published. While studies of malaria parasites are 

among the most advanced for this type of work, the approach is also becoming widespread for 

other important microbes, including Candida albicans62, Mycobacterium tuberculosis63, and the 

model organism Saccharomyces cerevisiae64. 
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To explore the potential of in silico approaches for predicting antimalarial resistance 

mediators by leveraging insights from in vitro evolution, we comprehensively analyzed whole-

genome sequences of 724 P. falciparum compound-selected clones, including 210 created 

specifically for this work. We performed meta-analyses across compound-selected mutations to 

identify characteristics of functional variants associated with resistance. In addition to revealing 

new resistance alleles and genes, our analysis identified protein and genome features associated 

with drug resistance and specific protein domains that consistently yield resistance. We found that 

mutations in non-coding regions or the non-core genome (subtelomeric and internal regions 

comprised of hypervariable gene families such as var, rifin, and stevor65) seldom contribute to 

resistance phenotypes. Our dataset provides a starting collection for algorithms that can identify 

genomic changes that are likely associated with drug resistance and presents insights for 

distinguishing functional from nonfunctional variants in forward genetic approaches. 

 

2.2 Results 

2.2.1 Compound-selected clones contain few mutations 

We first sought to assess whether most of the nonsynonymous mutations in compound-

selected clones were functional. Using laboratory resources of the MalDA Consortium66, we 

compiled a set of 724 whole-genome sequences from in vitro evolved P. falciparum strains and 

their isogenic parents (Supplemental Table 2.1). Blood-stage parasites were exposed to one of 

118 small molecule growth inhibitors, ranging from tool compounds identified by phenotypic 

screening as reviewed in 67, licensed antimalarials, and compounds in the developmental pipeline 

(Table 2.1), for periods ranging from weeks to more than two years. These 118 compounds were 

collapsed into 95 groups based on shared chemical groups. Although some datasets were 
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previously published, this work contains the meta-analysis of our entire repository of previously 

reported samples, samples downloaded from the NCBI Sequence Read Archive (SRA), and 210 

new genomes of parasites resistant to 33 compounds (Supplemental Table 2.1). 

Clones with phenotypic data (n = 448) were on average 56-fold (ranging from 1.1- to 2,654-

fold) more resistant to their respective compound than the matched parent (Supplemental Table 

2.1). Although sequenced in multiple locations, genome sequences were acquired using similar 

paired-end short-read whole-genome sequencing (WGS) methods on Illumina platforms, with an 

average coverage of 135×. Most clones were selected from the Dd2 (n = 340), Dd2-polδ (n = 35), 

or 3D7 (n = 328) strains, with a few derived from 7G8, NF54, or W2 (see methods). In some 

cases, multiple clones were isolated from the same selection flask and proved genetically identical; 

these were treated as technical replicates. 

To standardize identification of mutations that evolved during selection, we aligned 

sequencing reads to the P. falciparum 3D7 reference genome. To identify high-quality variants, 

we applied hard filtering on single nucleotide variant (SNVs) and insertion-deletion variants 

(indels) according to GATK recommendations68. Because the P. falciparum genome is haploid in 

asexual blood-stages and most samples were expected to be clonal, we retained variants for which 

90% or more of read calls mapped to alternate (non-reference) alleles. Variants were then assigned 

predicted effects using the annotation tool SnpEff68 (Supplemental Figure 2.1). Because each 

evolved sequence came with an isogenic parent, we subtracted variants present in the parent that 

had not emerged over the course of compound selection. Altogether, 5,560 SNVs and indels were 

identified across the dataset (Supplemental Figure 2.1), with an average of 17 mutated genes 

shared within individual compound chemotype groups. Of these variants, 4,105 were in the “core” 

genome, which excludes genomic regions with repetitive sequences65 (Supplemental Table 2.2). 
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Each clone contained, on average, 7.65 mutations relative to its parent, of which an average of 1.2 

were missense mutations in core regions. Given that there are 5,247 core genes in the genome, the 

data show remarkable specificity and suggest that a large proportion of the identified mutations 

play some role in compound resistance. 

 

2.2.2 Compound-selected mutations differ from passenger mutations 

The characteristics of our compound-selected set of SNV/indel mutations were compared 

to a set of control SNVs/indels that differ between two non–compound-selected clonal strains. 

Removing technical duplicates from the compound-selected set reduced the number to 2,628 

independently derived mutations, of which 1,448 were in the core genome (Supplemental Figure 

2.1). For the control set, we compared two laboratory strains, Dd2 and 3D7, originally derived 

from Southeast Asia and sub-Saharan Africa, respectively. Comparisons between Dd2 and 3D7 

sequences using an identical pipeline and filters resulted in 48,364 variants, of which 38,064 were 

core variants. Overall, our compound-selected variants were proportionally more likely to be 

missense or frameshift mutations (Figure 2.1A), while variants distinguishing the control clonal 

isolates were more likely to be synonymous. In terms of nucleotide changes, compound-selected 

mutations were more likely to be G to T transitions (Figure 2.1B). Our data suggest that the 

compounds used in selections were generally not mutagenic, although there could be exceptions. 

The distribution of amino acid changes was also distinct from that of the control set; transitions 

were more likely to be from a small to a bulky amino acid such as phenylalanine or tyrosine 

(Figure 2.1C).  Finally, we examined whether core mutations were likely to be in a recognized 

protein domain. Around half of the core missense mutations (n = 685) in the compound-selected 

dataset were located within an InterPro protein domain. By contrast, less than 10% of the 5,969 
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core missense control mutations (n = 555) were in a recognized protein domain (Figure 2.1D). 

These differences in distributions were significant (P < 0.001, hypergeometric test), highlighting 

that a substantial proportion of compound-selected mutations are likely to play a functional role 

and are unlikely to be the result of random genetic drift. 

 

2.2.3 Copy number variants frequently drive compound resistance 

Copy number variants (CNVs) have been shown to mediate clinically relevant drug 

resistance phenotypes in malaria parasites69. To identify CNVs in our WGS dataset, we calculated 

differences in read coverage for core genes and compared coverage to that of a panel of untreated 

controls assembled from parent clones, depending on whether reads were derived from the 3D7 or 

Dd2 strain background (Supplemental Table 2.3, and Supplemental Figure 2.2). To identify the 

amplified or deleted sequence region comprising the CNV, we identified groups of four or more 

genes with log2 > 0.4-fold change in coverage relative to their parent strain. This resulted in 1,168 

potential amplification events. Using a Kruskal-Wallis test comparing copy ratios of genes within 

the amplification boundaries to those averaged across the corresponding panel of controls, we 

found that 271 of the 724 clones harbored at least one of 420 CNVs with P < 0.0001. These CNVs 

included amplifications of known targets, such as pfpi4k, pfproRS, and the acetyl–CoA transporter, 

as well as multidrug resistance genes (pfabci3, pfmdr1) (Figure 2.2A). We also identified multiple 

CNVs, including one on chromosome 14, that had been noted as emerging after long term exposure 

to artemisinin70. Amplifications of GTP cyclohydrolase1 (pfgch1 on chromosome 12, 

PF3D7_1224000) were not generally included in this set, as many strains have more than one copy 

of pfgch171. 
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To infer the gene within a CNV that confers a selective advantage, we looked for evidence 

of a known target or resistance mechanism within the amplified segment or for recurring CNVs 

and identified the gene that was amplified most frequently across the dataset in overlapping CNVs. 

Pfmdr1 was amplified in 47 independent CNV events (Figure 2.2A) and harbored 19 independent 

SNVs, making it a clear driver of resistance. For smaller CNVs, there was more ambiguity. A set 

of five genes on chromosome 12 was amplified 11 times, but of this set, only pfprs 

(PF3D7_1213800, proline-tRNA ligase) also contained SNVs.  In several cases, there was no clear 

candidate resistance mediator, including a recurring CNV on chromosome 1 and one on 

chromosome 9. Not all CNVs are related to compound pressure. Many evolved strains contained 

amplification of an 86 kb region on chromosome 10 that was also found in some parent strains, 

including 3D7; it may contain unidentified fitness-conferring factors. 

Characterization of amplification CNVs by structural variant type and breakpoint 

properties showed several interesting features. Paired-end read data showed that 179 of 243 

independent amplifications were tandem duplications, as opposed to inverted or interchromosomal 

duplications. We did not find evidence that specific genomic locations are strongly preferred for 

amplification of driver genes, as many CNVs had different endpoints even for the same compound. 

For example, CNVs with varying size and breakpoint locations containing pfmdr1 were found in 

resistant clones evolved from the 3D7 parent strain, which contains a single copy of pfmdr1 

(Figure 2.2B). CNV breakpoints were determined, with nearly single base resolution, using 

discordant read pairs for 142 high-confidence tandem duplications. These breakpoints showed an 

enrichment of duplication recombination sites in intergenic regions, which typically have lower 

sequencing coverage (Figure 2.2C). Tandem duplication recombination sites often occurred in 

highly AT-rich and/or repetitive regions, supporting the hypothesis that long A/T tracks present 
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throughout the P. falciparum genome facilitate microhomology-mediated repair as a major 

mechanism of increasing copy number72 (Figure 2.2D). 

 

2.2.4 Overrepresented genes affect compound resistance and culture adaptation 

Experimental evolution is effective at associating compounds with targets or drug 

resistance genes if they appear at rates higher than expected by chance. Of the 118 compounds, 47 

had a target or resistance mechanism suggested by overrepresented SNVs alone, 14 by both CNVs 

and SNVs, and 15 by CNVs with a clear driver gene alone (Supplemental Table 2.4). For 18 

compounds, a resistance gene was determined by additional experimentation. In only 18 cases was 

no resistance gene identified, indicating a high success rate for experimental evolution (Figure 

2.3A). On a compound basis, the strongest signatures were for KAE609 (cipargamin), with 12 

independent SNVs in pfatp4 (non–SERCA-type Ca2+-transporting P-ATPase) (P = 9.98 × 10−41; 

Supplemental Table 2.4), and cladosporin, showing three independent CNVs amplifying lysine-

tRNA ligase (KRS1) on chromosome 13. 

An advantage of this dataset is that it permits the identification of genes that appear 

repeatedly across disparate compounds, suggesting a multidrug resistance mechanism. Altogether, 

128 genes were altered in more than one clone, 53 of which were identified three or more times. 

The list of statistically significant recurring genes (Supplemental Table 2.1) contained multiple 

antimalarial multidrug resistance genes, such as pfmdr173 (19 independently derived SNVs/indels 

and 47 CNVs), chloroquine resistance transporter pfcrt (nine independent disruptive variants)73, 

and cyclic amine resistance locus pfcarl (14 independent SNVs/indels and one CNV)74. The list 

also contained clinically important antimalarial targets, known to acquire resistance mutations 

affecting inhibitor binding, such as pfatp475, pfpi4k76, pfcytb77, and pfdhodh (totaling 14 CNVs and 
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seven SNVs)78. Another overrepresented gene was pfap2-g (PF3D7_1222600), which encodes a 

transcription factor involved in commitment to gametocytogenesis79, as well as the Rap guanine 

nucleotide exchange factor pfepac, both known to mutate as a result of long-term culture in the 

absence of drug pressure80. Several large, conserved proteins were overrepresented, including 

PF3D7_0619300, PF3D7_1464500, and PF3D7_0510100, each mutated three times 

independently. Many of the highly overrepresented genes (7 of 14 genes mutated at least eight 

times independently), particularly drug targets, were also contained within CNVs. To identify 

genes likely to be involved in multidrug resistance, we plotted the likelihood of enrichment by 

chance against the number of associated compounds (Figure 2.3B). These data showed that genes 

such as pfmdr1 and pfap2-g were mutated in selections with a wide variety of compounds. By 

contrast, targets such as pfproRS tended to be compound specific. This is not always the case, 

however, as some high-quality target genes, such as pfcytb, were identified in selections with a 

variety of scaffolds. 

 

2.2.5 Network analysis reveals co-occurring mutations 

To reveal gene interactions that arise in compound selections, we constructed a network 

with an edge between two genes if the combination of a specific mutation (SNV, indel, or CNV) 

in one gene and a specific mutation in the other gene was found in selections with different 

compounds (Figure 2.3C; see methods). This network was, in some cases, able to group genes by 

function. We identified well-known interactions, such as those between pfat1 and pfcarl, or pfacas 

(PF3D7_0627800) and pfacs11 (PF3D7_1238800)81. The data also showed that three of six 

compounds that gave rise to pfcrt SNVs also selected for amplifications of pfabci3 (Figure 2.3C). 

There was a strong association between pfap2-g SNVs/indels and pfmdr1 SNVs or CNVs. Of the 
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12 compounds yielding clones with pfap2-g mutations, seven also yielded pfmdr1 mutations, and 

in five independent cases, both pfap2-g and pfmdr1 mutations were found in the same clone. 

Interestingly, 11 of 14 different pfap2-g mutations were nonsense or frameshift, and only these 

loss-of-function pfap2-g mutations were found alongside pfmdr1 amplification or missense SNVs 

in selections with the same compound. Furthermore, approximately 58% of genes on 

chromosome 12 with associations in the main network (7/12) were connected to both pfmdr1 and 

pfap2-g. It may be that parasites cultured long term are likely to acquire loss-of-function mutations 

in pfap2-g because of pressure to eliminate genes causing gametocyte conversion in vitro, while 

pfmdr1 point mutations arise infrequently. Another possibility is that pfap2-g regulates pfmdr1, 

and loss of pfap2-g function results in increased transcription of pfmdr1. Similarly, pfapi-ap2 

(PF3D7_0420300), a gene mutated in artemisinin selections70, had associations with the conserved 

protein PF3D7_1324300. Another transcription factor, pfapi-ap2 (PF3D7_0613800, ApiAP2_6 in 

Figure 2.3C), involved in the Plasmodium cell cycle and implicated in drug resistance evolution82, 

had three associations with pfpare and ten with pfmdr1. This finding further supports the role of 

pfapi-ap2 in contributing to multidrug resistance and culture adaptation in Plasmodium. Pfap2-i 

(chromosome 10) was part of a frequent amplification event. Although there are few reports of 

transcription factors playing a role in antimalarial drug resistance, this is common in other species 

such as S. cerevisiae64. 

 

2.2.6 Compound-selected mutations differ from naturally occurring variants 

An important question in antimalarial drug development is whether natural parasite 

populations can readily attain resistance because of existing genetic variants and the plasticity of 

the Plasmodium genome. We compared our mutational set to nucleotide and amino acid 
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substitution rates in the Pf6 dataset83, which includes sequences of 7,113 P. falciparum isolates 

obtained from 28 countries. SNVs that arose at least twice independently in our selections were 

rarely present in the Pf6 dataset (6 of 53). Genes with higher dN in the compound-selected set, 

measured as number of nonsynonymous SNVs normalized by nonsynonymous sites in the gene 

(see methods), tended to have low dN in Pf6. This suggests that in vitro selections typically 

introduced novel evolutionary pressures in genes that are highly conserved in the field, such as the 

proteasome β2 subunit (PF3D7_1328100), pfdhfr, and elongation factor 2 (PF3D7_1451100) 

(Figure 2.3D). We also show that multidrug resistance genes, such as pfmdr1 or pfcrt, were less 

conserved in field isolates than canonical enzymatic drug targets. Our data show that 4,418 nuclear 

genes with SNVs (excluding singletons) in the Pf6 dataset had no nonsynonymous SNVs among 

the 724 evolved clones (excluding singletons). Among these are genes involved in antigenic 

variation and immune response, such as pfcsp (PF3D7_0304600), pfama1 (PF3D7_1133400), 

pfmsp2 (PF3D7_0206800), and pfceltos (PF3D7_1216600), which have nonsynonymous variation 

in the field but were not mutated in our compound selections84, 85 (Figure 2.3D). 

 

2.3 Discussion 

Here, we present a comprehensive dataset of compound-selected resistance alleles for the 

P. falciparum malaria parasite. Similar to MalariaGEN’s latest Pf7 dataset of field isolate 

sequences, we anticipate this resource and insights into shared characteristics of resistance-

conferring alleles will be useful for several applications in the discovery and deployment of 

antimalarial drugs.  

As we show, in vitro evolution of compound resistance typically gives rise to few mutations 

over the course of compound selection, compared to the thousands of genetic variants which 
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distinguish even slightly diverged isolates from the field. However, it remains the case that most 

SNV/indel mutations in our dataset likely do not drive compound resistance and instead are neutral 

mutations or improve fitness in in vitro culture. Moreover, not all genes enriched for in vitro 

evolved mutations are drivers of compound resistance; some may play roles in culture adaptation, 

while multigene families in non-core hypervariable regions were also frequently mutated. Further 

experimental work is needed to validate the roles of these overrepresented genes. 

Importantly, our dataset can also serve to inform considerations of non-malarial resistance 

mechanisms. For example, the dataset can be a resource for identifying potential drug resistance 

alleles in microbial pathogens or cancer cells collected from patients treated with dihydroorotate 

dehydrogenase inhibitors, which frequently target the same ubiquinone-binding pocket in a range 

of organisms86. Our work suggests that drug resistance mechanisms are often conserved across 

species. As an example, cladosporin resistance has been associated with lysyl-tRNA synthetase 

mutations in yeast, and in Plasmodium cladosporin selected for amplifications of lysyl-tRNA 

synthetase59. 

There are limitations to using in vitro–selected mutations to inform drug development 

decisions. For instance, in vitro models of Plasmodium infection cannot recapitulate the selective 

pressures applied by the host immune system and other host-pathogen, host-vector, or host-

xenobiotic interactions. Additionally, most laboratory strains of P. falciparum are not derived from 

recent parasite isolates. Rather, these parasites likely contain multiple adaptations to long-term 

culture, and their genetic backgrounds may not be fully representative of current natural parasite 

populations. Despite differences in selective pressure in the laboratory versus the field, insights 

from experimentally controlled compound selections are valuable. 
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Finally, our work reveals how to distinguish phenotype-driving variants from passengers, 

a key challenge of forward genetics approaches. This dataset and others could empower future 

machine learning-based approaches to estimate variant functionality in silico. 

 

2.4 Materials and methods 

2.4.1 Data acquisition 

Sequencing information for parasite samples with evolved resistance to 25 antimalarial 

compounds were downloaded from the NCBI Sequence Read Archive (SRA) 

(https://www.ncbi.nlm.nih.gov/sra) or acquired through direct correspondence with the senior 

author(s) of published work. These compounds include the gold-standard antimalarial drug 

artemisinin70; the benzoxaboroles AN13956, AN13762, AN1024887; the triazolopyrimidine 

analog series including DSM178, DSM265, and DSM26788; the imidazolopiperazine GNF17989; 

halofuginone, a synthetic derivative of the natural quinazolinone alkaloid febrifugine90; the 

boronate human proteasomal inhibitor bortezomib91; the pantothenamide CXP18.6-05292; the 

dihydroisoquinolones SJ733, SJ247, SJ311, and SJ27993; the 2,6-disubstituted quinoline-4-

carboxamide DDD10749894; the antitubercular clinical candidate SQ10995; the peptide vinyl 

sulfones WLL-vs and WLW-vs96; the primary sulfonamide glycoside PS-397; the bis-1,2,4-triazine 

compound MIPS-000437398; MMV01931399; the trisubstituted imidazole MMV030084100; the 3-

hydroxypropanamidine compound 22101; and the pyrazolopyrimidine sulfamate ML901102. 

 

2.4.2 In vitro evolution of compound-resistant parasites 

P. falciparum parasites were cultured in RPMI1640 media supplemented with 0.5% 

AlbuMAX II, 4.3% human serum, 25 mM Hepes, 25 mM NaHCO3, 0.36 mM hypoxanthine, and 
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100 ug/mL gentamicin. Cultures were maintained in leukocyte-depleted red blood cells (RBCs) at 

2.5% hematocrit (HCT) and incubated at 37°C in an atmosphere of 3% O2, 4% CO2, and 93% N2. 

In some cases only AlbuMAX II supplemented RPMI media without gentamicin and with 0.15 

mM hypoxanthine, or only human serum supplemented RPMI media with gentamicin and with 

0.15 mM hypoxanthine, was used in standard culture conditions. The human biological samples 

were sourced ethically and their research use was in accord with the terms of the informed 

consents. Resistant parasites were generated using either a high-pressure pulse, ramp-up, stepwise, 

or constant method of compound exposure as previously described69. Cultures were maintained 

under selection conditions until they demonstrated a reproducible IC50 fold-shift of at least 3×, at 

which point parasites were cloned in 96-well plates by limiting dilution103. 

Compound IC50 was assessed in dose-response format including using a SYBR Green-I 

based cell-proliferation assay as previously described104. Parasites were incubated for 72 h in 96-

well or 384-well plates with exposure to the compound of interest in a 12-point dilution series. An 

artemisinin dilution series was conducted in parallel as a positive control. Following the 

incubation, parasites were lysed, and DNA was stained using SYBR Green fluorescence and was 

measured at 535 nm on an Envision plate reader (Perkin Elmer, Waltham, MA) or SpectraMax 

iD5 plate reader (Molecular Devices, San Jose, CA) after excitation at 485 nm. For some lines, P. 

falciparum growth inhibition was determined using a modified in vitro [3H]-hypoxanthine 

incorporation method as previously described77 or flow cytometry on an iQue Screener PLUS 

(Sartorius) with parasites stained with 1× SYBR Green and 200 nM MitoTracker Deep Red98, 105. 

Dose-response curves were fitted and log(IC50) values calculated using Prism (GraphPad Prism, 

La Jolla, CA), or Excel and Grafit 5 software. IC50 fold-shift changes were calculated by comparing 

IC50 of the resistant clones to that of the corresponding compound-sensitive parent line. 
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2.4.3 Whole-genome sequencing analysis and annotation of variants 

Raw sequencing reads were aligned to the P. falciparum 3D7 reference genome 

(PlasmoDB v13.0) and pre-processed following standard GATK version 3.5 protocols68. SNVs 

and indels were called with GATK HaplotypeCaller and filtered to retain high-quality variants. 

SNV calls were retained if they did not meet the following exclusion criteria: ReadPosRankSum 

> 8.0 or < −8.0, QUAL < 500, Quality by Depth (QD) < 2.0, Mapping Quality Rank Sum < −12.5, 

and filtered depth (DP) < 7. Indels were retained if they did not meet the following exclusion 

criteria: ReadPosRankSum < −20, QUAL < 500, QD < 2, and DP < 7. Allele fraction cutoffs for 

alternate alleles were ≥ 0.35 for bulk samples and ≥ 0.90 for clonal samples. Functional annotation 

of variants was carried out using SnpEff106 with a custom database built from the 3D7 GFF from 

PlasmoDB (https://plasmodb.org/plasmo/app). Mutations that were considered background 

(native to the compound-sensitive parent) were removed, leaving a list of only high-quality 

mutations that had evolved over the course of the compound selection process. 

CNVs were detected by calculating denoised log2 copy ratios across gene intervals through 

the GATK 4.0 CNV pipeline. We constructed two separate panels of normals for Dd2 and 3D7, 

using 30 independently sequenced parent clones of each genetic background. Read counts for each 

sample were calculated across a predefined gene interval list where intergenic regions and the 

highly variable pfvar, pfrifin, pfstevor, and pfsurfin genes107 were removed. Following denoising 

against the strain-matched panel of normals, log2 copy ratios were calculated for each gene 

interval. CNVs were retained if at least 4 sequential genes showed a denoised log2 copy ratio of at 

least 0.4, indicating potential gene duplication. 
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To account for a subset of samples yielding false positives due to noisy or altered coverage 

profiles, we further filtered the candidate CNV list obtained from segmentation of genic copy ratios 

based on three additional criteria: statistical significance of difference in copy ratio vectors, 

discordant read-pair support for tandem duplications, and overlap with an independent CNV 

calling method, DELLY108. Based on manual inspection of select CNVs, we decided on a set of 

heuristics for filtering candidate CNVs to produce the final list. Samples were classified based on 

interquartile range (IQR) of core genome-wide gene copy ratios; stricter support thresholds were 

applied to those with high (> 0.3) or intermediate (0.12–0.3) IQR. Adjacent candidate CNVs were 

also combined. To optimize sensitivity and specificity on a manually validated test set, candidate 

CNVs were retained if they either had both low P value and sufficient overlap with DELLY calls, 

or both tandem duplication support (not near noncore regions) and some overlap with DELLY 

calls. The specific thresholds used in the filtering step are described in Supplemental Table 2.3. 

 

2.4.4 Gene network construction 

A subset of the variants was generated using SNV/indel (Supplemental Table 2.2) and 

CNV (Supplemental Table 2.3) data filtered for core genes and mutation types, i.e. missense, 

disruptive inframe insertion or deletion (indel), frameshift, start loss, stop gained or lost, splice 

region variant and combinations of these. The list was processed to create pairs of compound-

gene(s) and compound-gene-variant type. The network was generated using these pairs, having 

genes as nodes, and edges where two genes have at least once instance of a pair of compounds 

yielding resistant samples with the same SNV/indel (gene 1)–SNV/indel (gene 2) or SNV/indel 

(gene 1)–CNV (gene 2) variant pair. The network was visualized using Cytoscape v.3.9.1 organic 

layout39. The node color represents the score calculated based on the variant type adjusting for 
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nonsense (light blue, lower score) to missense (dark blue, higher score); the total of variants is 

shown by the node’s size adjusting for CNV (smaller) vs SNV/indel (bigger). Edge intensities 

show the total number of mutations combined by the compound pair from light grey (less mutated) 

to blue (highly mutated). Highly variable multigene families (pfvar, pfrifin, pfstevor, and pfsurfin) 

were removed from the final network. 
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Figure 2.1 Compound-selected single nucleotide variants (SNVs) and indels have different 

characteristics compared to naturally occurring variants 

(A-D) Comparison between the set of 1,448 compound-selected variants (SNVs and indels) in the 

core genome from this study (left axis) and a set of 17,613 control variants obtained by aligning 

Dd2 to the 3D7 reference genome. Axes have been normalized to display differences in 

proportions of different categories for compound-selected (left) and control (right) variants. (B) 

Reference base and alternate base for 1,141 unique core SNVs (coding and noncoding) compared 

to 15,793 control variants. (C) Analysis of amino acid changes for 640 core missense and 6,600 

core missense control SNVs with arrows showing relative increases or decreases. (D) 905 evolved 

and 13,763 control protein coding variants were analyzed for location within a defined InterPro 

domain obtained from PlasmoDB v61. In all **** indicates P < 0.0001; *** < 0.001 and ** < 0.01 

calculated using a Chi-square test. 
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Figure 2.2 Copy number variants (CNVs) are a frequent driver of antimalarial compound 

resistance 

(A) Manhattan plot showing the number of times each gene was amplified as part of an 

independent CNV in our dataset. Genes that are likely drivers of the selective advantage conferred 

by CNVs are annotated, including compound targets and multidrug resistance genes. (B) Heatmap 

visualization of amplifications containing pfmdr1 for evolved clones (pfmdr1 CNVs that 

independently involved in the same compound selection were omitted for brevity). Denoised log2 

gene copy ratios are plotted for each clone; a contiguous segment of high log2 copy ratio (yellow) 

suggests an amplification including those genes. For CNVs identified as tandem duplications, 

more precise CNV boundaries are indicated by red markers. (C) Comparison of genomic 

classification distribution between 284 independent tandem duplication CNV breakpoints and all 

sites in the core genome. (D) AT content around tandem duplication breakpoints, averaged over 

the 284 independent tandem duplications. AT content for each relative position was computed as 

the proportion of bases that are A or T over all sequences beginning at that position with a sliding 

window of five bp. The plot is shown as a running average with a window of 100 bp. 
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Figure 2.3 Enriched genes mutated in compound resistance selections 

(A) Classification of evidence types supporting assignment of target or resistance mediator for 118 

compounds (Supplemental Table 2.4). “Other evidence” indicates the target/resistance gene was 

identified but its representation did not reach statistical significance (hypergeometric test); other 

experimental evidence was required for confirmation. “Ambiguous CNVs” were cases in which a 

CNV was found in a majority of selected clones but a clear target or resistance gene was not 

identified. (B) Enrichment P values (hypergeometric mean function) for genes that were 

recurrently mutated in selections for a given compound (Supplemental Table 2.1). (C) Condensed 

version of a network linking genes for which the same pair of mutations arose in distinct 

compounds, filtered to show gene pairs with at least ten shared variant pair-compound pair 

occurrences. In cases of more than one variant pair-compound pair existing between two genes, 

this multiplicity was encoded as edge weight. All seven digit gene IDs have PF3D7_ removed. 

Circles represent known proteins; diamonds, conserved proteins; squares, putative proteins. Node 

size is proportional to node degree and edge color maps to occurrence of disruptive mutations from 

low (light blue) to high (dark blue) after adjustment for non-missense mutations. (D) dN for 449 

genes that had more than one non-singleton SNV in the compound-selected dataset plotted against 

dN among Pf6 samples (top) and dS vs. dN of 4,938 core genes in the Pf6 dataset of worldwide 

variation (bottom). 
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Table 2.1 Compound library used to test blood-stage parasites resistance.  

Antimalarial compounds used in this study, including reference PubMed reference if applicable.  

Compound  Compound  Compound  Compound 

3-Hydroxy-propana-

midine 22 (33666415)  

 
GNF452 (24589256) 

 
MMV020746 (29326268) 

 
MMV666080 (27301419) 

ACT-451840 

(27073104) 

 
GNF707 (24589256) 

 
MMV023367 (29326268) 

 
MMV667491 (34233174) 

AN10248 (31992618)  Halofuginone (25995223)  MMV023388 (28674055)  MMV668311 (34233174) 

AN13762 (31992618)  KAE609 (23414762)  MMV023949 (28674055)  MMV668399 (29326268) 

AN13956 (31992618)  KAE678 (25322084)  MMV024038 (27301419)  MMV673482 (27602946) 

Antimycin A  KAI407 (24284631)  MMV024101 (33334080)  MMV675939 (34233174) 

Artemisinin (29538461)  Lopinavir (15980379)  MMV024114 (29326268)  MMV676881 (33932049) 

Atovaquone (23408914) 
 MIPS-0004373 

(34460304) 

 
MMV026596 (29326268) 

 
MMV688533 (34233174) 

BCH070 (31616928)  ML901 (35653481)  MMV027634 (29326268)  MMV907364 

BI-2536 (36919909)  MMV000570 (27467575)  MMV028038 (29326268)  MMV973707 (33929818) 

BMS983970  MMV006767 (29326268)  MMV029272 (29326268)  MMV982556 (30655961) 

Bortezomib (30373366)  MMV006901 (28674055)  MMV030084 (32359426)  NCP26 (36008486) 

BRD1095 (27602946)  MMV007224 (29326268)  MMV084864 (34233174)  NEU1029 (36942408) 

BRD3444 (27602946)  MMV007564 (27933786)  MMV084978 (34348113)  OSM-S-106 (37546892) 

BRD9685  
 
MMV008149 (29326268) 

 
MMV085203 (33715347) 

 Pepstatin n-butyl ester 

(28106035) 

Cladosporin (22704625)  MMV008434  MMV1081413 (36888694)  Primaquine (29326268) 

CXP18.6-052 

(31534021) 

 
MMV009063 (29326268) 

 
MMV1091186 (36888694) 

 
Proguanil (31069275) 

DDD01061024 

(32078764) 

 
MMV009108 (29326268) 

 
MMV1427995 (30523084) 

 
PS-3 (33293381) 

DDD107498 (26085270)  MMV010545 (28674055)  MMV1432711 (30523084)  Sapanisertib (36260689) 

Desoxyepothilone B  MMV011438 (29326268)  MMV1454442 (30523084)  SJ247 (25453091) 

DSM1 (18522386)  MMV011895 (29326268)  MMV1490397 (30523084)  SJ279 (25453091) 

DSM265 (31801884)  MMV019017 (29326268)  MMV1490405 (30523084)  SJ311 (25453091) 

DSM267 (31801884)  MMV019066 (29326268)  MMV407834 (28674055)  SJ733 (25453091) 

GNF-Pf-3600 

(33715347) 

 
MMV019313 (29276048) 

 
MMV665789 (29326268) 

 
SQ109 (33431834) 

GNF-Pf-4492 

(25322084) 

 
MMV019662 (29326268) 

 
MMV665794 (37244916) 

 
Suloctidil 

GNF-Pf-

5310/MMV665785 

(28808258) 

 

MMV019719 (29326268) 

 

MMV665852 (29326268) 

 
TCMDC-124553 

(36888694) 

GNF-Pf-5611 

(18579783) 

 
MMV019721 (34348113) 

 
MMV665882 (29326268) 

 TCMDC-125334 

(29336544) 

GNF-Pf-5660 

(28808258) 

 
MMV020623 (28674055) 

 
MMV665924 (29326268) 

 
Verapamil 

GNF-Pf-5668 

(28808258) 

 
MMV020746 (29326268) 

 
MMV665928 (27301419) 

 
WLL (31170268) 

GNF179 (27381290)  MMV023367 (29326268)  MMV665939 (29326268)  WLW (31170268) 
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APPENDIX 

 

 

 
 

Supplemental Figure 2.1 Indels and SNV detection workflow. 

Pipeline for variant detection and filtering to identify variants among the 724 clones analyzed. 

These variants were used as part of Figure 2.1. 
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Supplemental Figure 2.2 CNV detection workflow. 

Pipeline for CNV detection and filtering to identify amplification CNVs among the 724 clones 

analyzed. These CNVs were used as part of Figure 2.2. 
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Revisiting the Plasmodium falciparum druggable genome  
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3.1 Introduction 

Over the past decade, phenotypic screening has gained popularity since large, diverse 

compound libraries can be tested in a high-throughput fashion without requiring a priori 

knowledge of targets or mechanisms of action67. After triage, a subset of screening hits is typically 

subjected to target identification, facilitating target-based medicinal chemistry programs. In 

malaria parasites, this approach has revealed new targets66, 67, including P-type cation translocating 

ATPase 4 (ATP4)109, acetyl-CoA synthetase (ACAS)55, and several aminoacyl-tRNA 

synthetases110-113. Nonetheless, novel targets are urgently needed to develop drugs that differ from 

existing antimalarials in mechanism of action and resistance liability. 

Compound-dependent target discovery faces several limitations. Limited chemical matter 

and follow-up on only the most potent phenotypic hits pose restrictions on the targeted biology 

space. As a result, studies tend to reidentify targets such as PfDHODH and PfATP467. In addition, 

target identification is an arduous process, especially when targets lack known ortholog inhibitors 

in other species. Alternatively, in silico approaches can identify proteins amenable to target-based 

drug discovery67, 114. For malaria parasites, key characteristics of a candidate target are its 

“druggability” (i.e., ability to be modulated by a drug-like ligand), and its essentiality to parasite 

survival in the lifecycle stage of interest. Although the druggable genome of the deadliest human 

malaria species, Plasmodium falciparum, has been explored via in silico methods69, 115, these 

studies have relied on homology to known targets and drug–gene interactions to predict 

druggability115, 116. Homology-based protein modelling tools like SWISS-MODEL117 and 

molecular docking tools like AutoDock Vina118, while useful for virtual screening67, are less 

appropriate for assessing proteome-wide druggability. With the advent of artificial intelligence 

models for predicting protein structure, such as AlphaFold119 and ESMFold120, along with ligand-

binding prediction tools like AlphaFill121, we are now able to comprehensively assess the whole 
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genome for essential proteins with evidence of small molecule binding. This approach may 

identify drug targets overlooked by compound-dependent discovery efforts. 

Leveraging the collective expertise of the Malaria Drug Accelerator (MalDA)66 

consortium—a partnership between academia and industry aiming to accelerate antimalarial drug 

discovery— we systematically identified and ranked a list of “druggable target” candidates from 

the entire P. falciparum genome that could progress into drug discovery. The list was determined 

by identifying genes with evidence of both protein binding to small molecules121-123 and 

essentiality in the parasite asexual blood-stage (ABS)124-126. Their viability as drug target 

candidates was further assessed based on common characteristics of known drug targets using 

available literature and data67, 127-130.  In addition to highlighting promising blood-stage 

antimalarial targets, we provide an in-depth annotation resource that can facilitate future target 

validation and lead optimization efforts. By predicting ligand-target interactions from AlphaFill121, 

BindingDB122, and BRENDA123, we uncovered some small molecule tool compounds for further 

studies or as starting points for structure activity relationship (SAR) design. The framework used 

in this study to integrate and evaluate druggability information may be applied to genome-wide in 

silico target discovery for other pathogenic organisms and diseases. 

 

3.2 Results 

3.2.1 Defining 1,660 P. falciparum genes with evidence of small molecule binding 

From 5,318 protein-coding genes in the P. falciparum 3D7 genome (PlasmoDB131 release 

66), we identified a set of proteins that are “ligandable” and, therefore, potentially druggable. 

Proteins were evaluated by integrating data from predictions of ligands based on similarity to 

existing co-crystallized protein structures using AlphaFill121, orthology or sequence similarity to 
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proteins with experimentally determined protein–ligand–binding affinities in BindingDB122, and 

curated enzyme-inhibitor interactions in BRENDA123 (Figure 3.1A, Supplemental Table 3.1 and 

3.2). 

Of the 5,099 P. falciparum 3D7 genes with an AlphaFold protein model, 2,771 had at least 

one AlphaFill “hit”, i.e. sufficient local sequence homology to a protein in the PDB-REDO 

databank132 associated with ligand(s), referred to as potential “transplants”. We restricted our 

attention to 1,233 proteins that had at least one confident AlphaFill transplant with global RMSD 

(root-mean-square-deviation, a measure of structural similarity) < 10 and local RMSD < 4, 

thresholds informed by empirical observation. Precipitants commonly used in protein 

crystallization and small ligands (< 10 atoms) were ignored, as they are unlikely to be drug-like 

(see methods). To broaden druggability evidence for P. falciparum enzymes and overcome the 

fact that many P. falciparum proteins are not orthologous to crystallized proteins, we incorporated 

information on inhibitors linked to EC (Enzyme Commission) number classes in the BRENDA 

database123. This yielded 321 additional proteins lacking confident AlphaFill predictions 

(Supplemental Table 3.1). We further augmented our ligandable set using 6,202 targets (UniProt 

IDs) from BindingDB122, a curated database of experimentally determined protein–ligand-binding 

affinities. Of 5,318 P. falciparum proteins, 581 were orthologous to at least one of the 6,202 

BindingDB targets based on OrthoMCL127, OMA129, HOGENOM133, or OrthoDB128 

phylogenomic databases, or based on BLAST134 hits (E value < 1) to the OrthoMCL full protein 

database (Supplemental Table 3.2). 

Altogether, we found 1,660 unique proteins with at least one source of small molecule-

binding evidence. Many (n = 817) were identified by only one source, demonstrating the 

importance of multiple evidence sources to reduce false negatives. The set may include a few false 
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positives; one possible example is the apical membrane antigen 1 (AMA1, PF3D7_1133400), an 

essential vaccine candidate lacking evidence of classical druggability. In crystallography 

studies135, Akter et al. used a peptide probe with the spin label MTSL, also known as (1-Oxyl-

2,2,5,5-tetramethylpyrroline-3-methyl)-methanethiosulfonate, which was identified as an 

AlphaFill hit and is of similar size to small molecule inhibitors135. More sophisticated approaches 

than molecular weight filtering may be needed to reduce false positives, highlighting the need for 

expert review, as described below. 

To assess our approach, we examined a set of 43 known P. falciparum antimalarial targets 

that have some level of clinical, in vivo, or in vitro validation67. We found that, except for NCR1 

(PF3D7_0107500), all were supported by at least one source of binding evidence (Figure 3.1B). 

Twenty-six of the 43 validated targets were well-known enzyme targets such as DHFR-TS 

(PF3D7_0417200) and DHODH (PF3D7_0603300) that had AlphaFill hit(s), ortholog(s) in 

BindingDB and known enzyme class inhibitors from BRENDA. In five cases (eEF2, elongation 

factor 2; CPSF3, cleavage and polyadenylation specificity factor subunit 3; FNT, formate-nitrite 

transporter FNT; PF3D7_1038900, a monoacylglycerol lipase-like esterase; and MQO, 

malate:quinone oxidoreductase), a single source of binding evidence rescued the validated target. 

 

3.2.2 Defining 1,929 P. falciparum genes with evidence of blood-stage essentiality 

To assess which of the 5,318 P. falciparum protein-coding genes are required for asexual 

parasite growth, we incorporated essentiality data for P. falciparum and the rodent malaria species 

P. berghei, reasoning that orthologous genes could provide additional information on essentiality. 

We focused on the asexual blood-stage due to its role in the manifestation of clinical symptoms as 

well as completeness of available essentiality screens. In the P. falciparum screen by Zhang et 
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al.124, 3,271 proteins were labeled essential for in vitro ABS growth based on genome-wide 

transposon mutagenesis. Among 2,383 falciparum orthologs of berghei genes tested with gene 

disruption vectors in the PlasmoGEM dataset125, 1,145 were essential in the ABS, and the 

RMgmDB dataset126 indicated a change in phenotype upon gene modification for 1,319 of 1,609 

P. falciparum genes whose berghei orthologs were tested125, 126. 

Reasoning that ambiguous essentiality data should not preclude proteins from 

consideration as targets, we created a categorization scheme for strength of essentiality evidence 

(Supplemental Figure 3.1). Categories were defined as “clear support”, “unclear support”, 

“unsupported”, or “no data” for essentiality in the asexual blood-stage. For “clear support”, all 

available evidence sources must confidently label the protein as essential; if either Zhang et al. or 

PlasmoGEM confidently labeled the protein as nonessential, it was considered “unsupported”, 

while “unclear support” describes all other proteins with data from at least one source. 

In total, 1,929 P. falciparum proteins were classified as having clear essentiality support, 

1,008 with unclear support, 2,326 with support for non-essentiality, and 55 with no data (Figure 

3.1C). Surprisingly, this classification scheme categorized five of the 43 validated targets from 

Siqueira-Neto et al.67 (MQO, PDEdelta, PNP, PF3D7_1038900, and PMX) under unclear support 

(Figure 3.1D). In all but one case, either the P. falciparum or berghei datasets suggest the protein 

is essential while at least one source is contradictory. The exception was PDEδ (PF3D7_1470500, 

cGMP-specific 3’,4’-cyclic phosphodiesterase δ), which regulates erythrocyte deformability136 

and is not a blood-stage target but rather the target of tadalafil in mature gametocyte stages. While 

these results show that available data are sometimes inconsistent and can only partially inform 

Plasmodium gene essentiality, by combining multiple evidence sources, we increased our 
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confidence that proteins categorized as “clear support” are essential and thus potential antimalarial 

targets. 

 

3.2.3 867 P. falciparum proteins have evidence of binding and blood-stage essentiality 

To define an initial list of candidate targets, we took the intersection of the 1,660 proteins 

with small molecule binding evidence and the 2,992 proteins not categorized as “unsupported” 

(Figure 3.1C). This yielded 867 candidate targets after filtering 19 genes in hypervariable noncore 

regions (Supplemental Table 3.3). Noncore genes, encompassing var, rifin and stevor multigene 

families and other genes in highly recombinogenic subtelomeres137, 138, were not considered as 

their variability and redundancy make them poor targets even where deemed essential (e.g., 

PF3D7_0101600, a rifin with mutagenesis index score of 0.199124). The 867 candidate targets were 

distributed throughout the genome with no apparent propensity for specific chromosomes. Most 

(n = 651) of the 867 candidate targets were supported by AlphaFill binding evidence, 336 were 

orthologs of or had BLAST matches to validated targets in BindingDB, and 457 were supported 

by BRENDA enzymatic data. Among 857 candidate targets present in the Zhang et al. P. 

falciparum dataset, 850 were labeled as essential, in contrast to 2,421 of 4,396 non-candidate 

proteins (Figure 3.2A). 

Attractively, 577 of the 867 candidate targets were confidently essential in both P. 

falciparum parasites and the PlasmoGEM (n = 452) or RMgmDB (n = 162) P. berghei datasets 

(Figure 3.2A). This suggests potential as therapeutic targets for multiple Plasmodium species, 

which is important given that antimalarial drugs will need to act against P. vivax as well. Among 

these 577 candidates, we observed known targets (n = 7) with validated clinical inhibitors, like 

eEF2 and PI4K (phosphatidylinositol 4-kinase), and clinically unexplored targets such as BDP1 
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(PF3D7_1033700, bromodomain protein 1). A small number of candidate proteins (n = 14) 

appeared to be confidently essential in P. falciparum but not P. berghei, including two acyl-CoA 

synthetases (PF3D7_0301000, PF3D7_0525100) and two serine/threonine FIKK kinases 

(PF3D7_0301200, PF3D7_0902400). 

 

3.2.4 Building an annotation resource using scientific evidence to prioritize candidate 

targets 

To evaluate the 867 candidate targets, we compiled additional annotations for all P. 

falciparum protein-coding genes (Supplemental Table 3.2). We included information on genomic 

features and genetic variation (PlasmoDB131, NCBI139 and MalariaGEN60), protein features and 

structures (Protein Data Bank130 (PDB) and PlasmoDB), expression across the parasite lifecycle 

stages (Malaria Cell Atlas140 and Le Roch et al.141), literature references (NCBI and PubMed), and 

similarity to human orthologs (Figure 3.2A, and Supplemental Table 3.3) (see methods for more 

details). We reasoned that in addition to druggability evidence, these annotations would allow us 

to prioritize proteins that merit further structural/functional characterization and target-based 

screening.  

Only 286 of the 5,318 P. falciparum proteins have an experimentally determined structure 

in PDB database. Of these, 112 were in our list of 867 candidate targets, indicating prior 

characterization of many candidate targets and highlighting those amenable to structure-based drug 

design (Figure 3.2A). Examples of candidate crystal structures include ferredoxin-NADP 

reductase (FNR)142 and aspartate carbamoyltransferase (ATCase) in complex with a recently 

discovered small molecule allosteric inhibitor143. We also observed that 2,006 protein-coding 

genes have human orthologs based on OrthoMCL. To estimate the structural similarity of P. 
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falciparum proteins to their human counterparts, we performed pairwise comparisons of their 

AlphaFold models using TM-align144. This allowed us to identify the most similar human ortholog 

for 1,972 P. falciparum proteins (AlphaFold structures were not available in 34 cases). On average, 

orthologs showed 33% sequence identity for local alignments that were, on average, 244 amino 

acids long. A human ortholog was not reported for 217 candidates, which may include promising 

targets involved in parasite-specific essential biology. 

To characterize the biological functions of proteins in the candidate list, we performed 

Gene Ontology (GO) term enrichment analysis (Figure 3.2B). Across the 867 candidates, 857 had 

at least one associated GO term. The most highly enriched terms (tree depth > 2) were related to 

small molecule binding, in particular nucleotide binding (n = 299, P = 8.2x10-96, Bonferroni 

corrected to reduce false positives). The cellular component term “intracellular organelle” was also 

highly enriched (n = 659, P = 1.2x10-71). Other overrepresented GO terms among candidate targets 

include ATP binding (n = 213, P = 2.3x10-62), pyrophosphatase activity (n = 119, P = 1.4x10-46), 

and more. These results highlight differences in cellular function and localization between proteins 

predicted to be essential and ligandable and those that are not. 

To facilitate candidate target evaluation, we gathered existing evidence by querying 

literature repositories using PlasmoDB and Entrez gene identifiers (Figure 3.2C). Through this 

approach, we rescued evidence predating the standardization of Plasmodium gene nomenclature; 

for example, four references for pfhsp101 (PF3D7_1116800) were recovered. Overall, we found 

literature references for 4,956 genes, with a median of four references per gene among candidate 

targets and two references per gene among non-candidates (Figure 3.2C). Unsurprisingly, well-

studied genes such as the multidrug resistance genes pfcrt (70 references) and pfmdr1 (66 
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references), and vaccine targets such as pfmsp1 (63 references) and pfama1 (56 references), had 

the most references. 

Finally, to identify candidates with multistage activity, we examined gene expression 

evidence across the parasite lifecycle using the Le Roch et al. microarray dataset141. This dataset 

is particularly valuable as it includes probabilities of detection above background. As expected, 

85% (n = 737) of the 867 candidate targets were strongly supported by expression in at least one 

ABS substage, contrary to 64.5% of all P. falciparum genes (Figure 3.2D). Of these 737 

candidates, 577 also showed strong evidence of expression in the sexual (gametocyte) or mosquito 

(sporozoite) stages. The remaining 130 candidates were either not measured (n = 36), had unclear 

expression (n = 57), or were clearly not expressed across ABS substages (n = 37). Around half of 

these 37 candidate genes also appeared to be minimally expressed according to ABS scRNA-seq 

data from the Malaria Cell Atlas study140, while the other half either contradicted Malaria Cell 

Atlas expression levels or had dubious evidence of essentiality. In the latter case, many were small 

proteins (around 100 amino acids long), which have a lower probability of being detected with 

RNA-seq or tiling microarrays. It is possible that some proteins such as RPUSP (RNA 

pseudouridylate synthase) and YTH1 (YTH domain-containing protein) are essential despite low 

expression levels, which could be advantageous for an antimalarial target145. 

 

3.2.5 Scoring 540 novel candidate targets with strong evidence of essentiality 

We next sought to narrow down the candidate targets to those that have strong evidence of 

essentiality and are relatively novel (limited prior characterization, especially as an antimalarial 

target). Starting from 587 candidate targets classified as “clear support” for ABS essentiality, we 

filtered well-known antimalarial targets, such as DHODH and DHFR-TS, validated targets, and 
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target classes currently being pursued by MalDA or others, such as aminoacyl tRNA synthetases66. 

This resulted in 540 understudied (novel) candidate targets with binding evidence suggesting they 

are likely to disrupt parasite growth and survival upon perturbation (Figure 3.1C). 

Taking advantage of the data compendium, we created a rubric (methods) to manually 

score the 540 candidate targets based on their potential for antimalarial target-based drug discovery 

(Figure 3.3A, and Supplemental Table 3.4). Each target was scored on ten weighted categories, 

totaling to 100 points. The rubric considered the quantity and quality of compiled evidence, the 

readiness of functional or binding assay development, evidence of druggability and novelty across 

scientific literature; points were deducted for weak, missing, or contradictory evidence. Some 

target candidates were deprioritized by reviewers if concerning characteristics regarding their 

feasibility were observed. For example, reviewers deprioritized CK2α and FKBP35 due to lack of 

effect on asexual growth from conditional knockout studies146, 147. 

Under this rubric, scores for the 540 novel candidate targets ranged from 6 to 96 points, 

with an average score of 48.64 (Supplemental Table 3.4). Candidates with prior characterization 

tended to receive high scores, while lower scores ( 45) were assigned in the absence of 

recombinant protein expression, biochemical assays, and structural or druggability information. 

Among 255 low-scoring candidates were subunits of protein complexes, challenging enzyme 

classes like GTPases, and unsuccessful pre-clinical targets in other organisms. For example, 

RRP45 (PF3D7_1364500), an RNA exosome complex component, scored 36 points due to lack 

of recombinant protein production, lack of a biochemical assay and limited protein structure and 

tool compound information. Nevertheless, targets with limited prior work scored high in novelty 

according to our metric (Supplemental Table 3.4). 
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Our scoring also revealed attractive high-scoring candidates. One example is TopoI 

(PF3D7_0510500, topoisomerase I; 80 points), an enzyme involved in DNA replication, 

transcription, and repair (Figure 3.3B). A bacterial TopoI inhibitor148 is known, suggesting that 

the Plasmodium enzyme could be selectively targeted. Although our attention was drawn to high-

scoring genes, those with lower scores could still be potential drug targets. Such candidates, 

including the NAD kinase PF3D7_0913300 and proteins that lack human orthologs but are 

conserved within natural parasite populations like PF3D7_1446800 (heme detoxification protein), 

will require substantial additional research to confirm their viability as antimalarial targets. 

 

3.2.6 Secondary scoring of 67 high-ranking candidate targets 

Although candidate targets were scored with a predefined rubric, scores were manually 

determined and could thus vary among reviewers. For example, a reviewer may give a higher score 

if there is an enzymatic assay specifically for the enzyme under review, whereas another reviewer 

could give the same score if an enzymatic assay is available for the enzyme class. Therefore, to 

increase confidence in the scores, we conducted a second round of scoring using the same rubric 

(methods), for 67 high-ranking candidates (Figure 3.3C, Table 3.1, and Supplemental Table 

3.4). These 67 candidates were chosen by selecting up to two of the highest-scored proteins 

recommended by each of the initial reviewers with a minimum first score of 50. 

Secondary scoring for the 67 candidates averaged 69.22 points, slightly lower than the first 

round (73.55 points). Six candidates showed a difference of more than 20 points (Figure 3.3C). 

One example, ribosome biogenesis GTPase A (RbgA), decreased from 81 to 54 points, as the 

second reviewer placed greater emphasis on the lack of a tool compound and the fact that 

recombinant protein was only expressed in bacteria. On the other hand, seven genes received the 
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same score from independent reviewers, including ATCase and FNR (Figure 3.3C), supporting 

the rubric’s utility in assessing candidate targets. 

 

3.2.7 In-depth consideration of 27 prioritized candidates reveals targets poised for drug 

discovery 

From the 67 high-ranking candidate targets with secondary scores, 27 were selected for in-

depth consideration by a panel of MalDA experts by once again selecting the top 1–2 candidates 

recommended by each secondary reviewer (Table 3.1). Among these targets, two groups of 

apicoplast targets were highlighted by different reviewers: caseinolytic protease ATPases (ClpQ, 

ClpS, ClpY, ClpP, ClpB1) that play important roles in protein homeostasis, and methylerythritol 

phosphate enzymes (IspD, IspE, IspF) involved in the isoprenoid biosynthesis pathway. We also 

observed that seven of these 27 prioritized targets lack a human ortholog, suggesting their potential 

as highly selective targets.  This exercise also highlighted five attractive targets: ATCase, TopoI, 

GyrB (DNA gyrase subunit B), GluPho, and BDP1. These five targets showed the least concerns 

for progressing in drug discovery efforts according to our rubric, with all but BDP1 having 

previously demonstrated small molecule inhibitors149-152.  

 

3.3 Discussion 

Here, we present a systematic data compendium of the Plasmodium genome focused on 

druggability potential as well as an updated set of targets that can readily progress into drug 

discovery programs. To assess druggability evidence, we leveraged the AlphaFill database of 

predicted ligand “transplants” based on homology of AlphaFold structures to all structures in the 

PDB-REDO databank, offering a basis for SAR studies. One concern with this approach is that 
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lax criteria for binding and essentiality evidence may cause the list of 867 “potentially druggable” 

candidate targets to contain false positives. Many AlphaFill-predicted ligand hits were generic 

non-drug-like molecules such as ATP; more sophisticated filtering of AlphaFill hits based on 

chemical properties may improve the predictiveness of this strategy. In addition, few crystal 

structures exist for Plasmodium and apicomplexan parasites compared to other organisms, such as 

mouse or human; therefore, predicted P. falciparum transplant hits found with distant orthologs 

may not be relevant for malaria parasites, as reflected in low “druggability” scores during expert 

evaluation. 

To minimize these issues, at the cost of deprioritizing completely novel Plasmodium-

specific candidate targets, we focused on proteins with additional sources of binding evidence such 

as validated inhibitors in other species. Further validation of predicted ligand “transplants” with 

putative P. falciparum protein targets is needed. It may take several months of SAR to improve 

affinity strength and inhibitory potency. On the other hand, some proteins with entirely novel 

modes of binding may be absent from the candidate set if they lack a clear binding pocket or 

predicted ligand, but are in fact ligandable via a cryptic pocket, i.e., one absent in crystal structures 

but apparent upon binding of the right ligand. Such cryptic pockets may enable targets in protein 

classes historically considered undruggable, as in the case of the mutant K-Ras inhibitors153, 154. 

Molecular dynamics and/or deep learning approaches to binding pocket prediction may rescue 

potential false negatives155-160. 

The target evaluation rubric in this study favored proteins with prior characterization and 

assay development. Due to a focus on “low-hanging fruit”, genes fulfilling alternative criteria, 

such as hitherto unexplored target classes or Plasmodium-specific genes of unknown function, 

were not highlighted by our ranking. Nevertheless, essential genes with confidently predicted 
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binding hit(s) provide an initial hint that may result in novel target classes, though substantial work 

is needed since they lack key target fulfillment data. 

To date, clinically effective antimalarials with known mechanisms have been limited to 

drugs targeting known druggable proteins, i.e., those with well-defined, hydrophobic pockets that 

bind small molecule ligands. Our study therefore focused on classic druggable proteins, which are 

more likely to yield small molecule inhibitors with favorable drug-like characteristics. However, 

new approaches targeting “undruggable” proteins have emerged, such as allosteric inhibitors 

modulating protein-protein interactions, RNA antisense oligonucleotides (RNAi), and PROTAC 

(proteolysis-targeting chimera) technology161. Thus, it is possible that essential P. falciparum 

genes lacking small molecule-binding evidence in our analysis could be targeted through 

alternative methods. 

We believe the list of candidates proposed in this work can serve as a starting point for 

future phenotypic validation and small molecule optimization efforts. As discoveries about protein 

structure and gene function emerge, automated data extraction and integration will be the next step 

toward a dynamic resource for prioritizing novel antimalarial targets. As exemplified by a similar 

target ranking for Mycobacterium tuberculosis114, this target evaluation approach can be applied 

to other disease-causing organisms. For P. falciparum malaria, our data compendium may assist 

in prioritizing genes for other use cases, such as vaccine development. Furthermore, our data 

compendium allowed us to compare characteristics between the list of 1,929 genes with 

essentiality evidence and known drug targets, highlighting those with higher chances of 

progressing into therapeutic stages that could be obscured otherwise. Overall, we believe this 

project will assist the malaria community in redirecting resources and effort towards future high-

quality drug targets. 
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3.4 Methods 

3.4.1 Data acquisition 

List of genes and genomic features (GFF) for Plasmodium falciparum 3D7 genome 

(PlasmoDB release 66) was downloaded and protein-coding genes were extracted along with their 

gene annotations and genomic location. Additional genomic annotations were obtained by 

querying PlasmoDB to extract UniProt and Entrez ID(s), ortholog group (OrthoMCL), protein 

features (CDS and protein length, molecular weight, isoelectric point), domain annotations 

(InterPro, Pfam, and Superfamily), number of transmembrane (TM) domains, and enzyme 

commission (EC) numbers. Gene function (Gene Ontology components, functions, and processes) 

was extracted either from PlasmoDB or by querying the InterPro ID with the InterPro2GO 

mapping tool from EMBL-EBI. Gene essentiality data was obtained for P. falciparum124 and P. 

berghei125, 126 parasites mapped to their falciparum orthologs using OrthoMCL orthology group 

IDs. Protein Data Bank (PDB) IDs of crystal structures were obtained by searching either gene 

symbols, UniProt IDs associated with each gene, or the term “Plasmodium”. A report with gene 

identifier, organism, accession number, method for structure determination and publication 

information was extracted for the search hits. 

 

3.4.2 Mapping genes to associated literature publications 

A download from the NCBI FTP site was performed for gene2pubmed.gz (version 2024-

02-21) containing taxonomy ID, gene ID (Entrez) and PubMed ID information. Gene IDs were 

mapped to the P. falciparum 3D7 annotation set, and corresponding PMIDs were extracted. To 

include literature references associated with gene symbols, we queried each symbol in PubMed 
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using the Eutils162 efetch function from NCBI; additional information for each publication was 

obtained pragmatically using the same tool, namely title, authors and digital object identifier 

(DOI). Literature references from gene nomenclature extraction were manually reviewed and 

filtered for unrelated records (e.g., same name but different meaning across organisms/diseases). 

 

3.4.3 Determining candidate proteins with evidence of small molecule binding 

BindingDB122 (version 2024-01-01) was queried to extract a list of 6,202 unique UniProt 

IDs with at least one ligand having a measured affinity of at least 10 μM. Ligand SMILES were 

extracted for target hits. These proteins were queried for sequence similarity against the 

OrthoMCL127 (v.6.19) database using BLAST v2.15 blastp function134. Orthology of P. falciparum 

3D7 proteins to any of the 6,202 BindingDB proteins was determined based on presence in the 

same ortholog group according to OrthoMCL, HOGENOM133, OMA129 or OrthoDB128 

phylogenomic databases, using the UniProt ID mapping tool (accessed February 2, 2024). Either 

direct orthology to a BindingDB protein based on at least one phylogenomic database or a BLAST 

hit with E value < 1 was considered as binding evidence based on BindingDB. 

Predictions of ligands corresponding to Pf3D7 AlphaFold (v4) models were taken from the 

AlphaFill databank121, which identifies candidate ligands by searching for sequence homologs in 

PDB132 with known ligands and “transplanting” ligands in regions of local structural homology. 

AlphaFill excludes common crystallization agents such as polyethylene glycol; in order to focus 

on AlphaFill hits that are more likely to indicate druggability, we further excluded small ligands 

with less than ten atoms as well as additional salts, solvents and polymers used for protein 

crystallization (PDB ligand IDs: 1BO, ACN, ACT, CCN, CIT, CL, DIO, DMS, EOH, FLC, FMT, 

GBL, HEZ, IPA, JEF, MLA, MLI, MPD, PDO, PEG, PO4, POL, SBT, SIN, SO4, TBU, TLA) 



68 

listed in McPherson and Gavira 2014163. AlphaFill hits having global RMSD < 10 (structural 

similarity between the protein of interest and its potential homolog) and local RMSD < 4 (structural 

similarity of the backbone atoms within 6 Å from the transplanted ligand, after local structural 

alignment) were considered “confident” hits. Any Pf3D7 protein with at least one confident 

AlphaFill hit (global RMSD < 10 and local RMSD < 4) to a ligand satisfying the exclusion criteria 

was classified as having binding evidence based on AlphaFill. 

Lastly, inhibitors linked to EC number classes were obtained from BRENDA Enzyme 

Database123 (release 2023.1) by querying EC number annotations for Pf3D7 genes, applicable only 

to enzymes. Additional ligand types were not considered and for genes with incomplete EC 

number annotations, all EC numbers matching wildcards were considered. Each Pf3D7 gene with 

at least one BRENDA EC inhibitor, excluding single-atom ions, was classified as having binding 

evidence based on BRENDA. Classifications of binding evidence based on orthology or sequence 

homology to a ligandable protein in BindingDB, presence of confident AlphaFill hit(s), and 

presence of relevant BRENDA EC inhibitor(s) are listed for each Pf3D7 gene in Supplemental 

Table 3.1. 

 

3.4.4 Identification of human orthologs 

Homo sapiens genes (GRCh38, release 39) orthologous to Pf3D7 genes were determined 

based on OrthoMCL ortholog groups. Sequence and structural similarity were evaluated through 

pairwise comparison of Pf3D7 and human ortholog AlphaFold (v4) structures with TM-align144. 
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3.4.5 Definition of hypervariable and core genomic regions 

Initial definitions of hypervariable and core regions in the P. falciparum 3D7 genome from 

Miles et al. 201665 were adjusted on a gene-by-gene basis to include most var, rifin, stevor, and 

Pfmc-2TM multigene family members within subtelomeric or internal hypervariable regions. Non-

nuclear genome genes were classified according to their respective chromosome (apicoplast or 

mitochondrial). The genome classifications for each Pf3D7 gene are listed in Supplemental Table 

3.1. 

 

3.4.6 Categorization of gene essentiality evidence 

For each gene, evidence for blood-stage essentiality (Zhang et al., PlasmoGEM, and 

RMgmDB) was classified as either confidently essential, confidently nonessential, unclear, or “no 

data” if unavailable. Conservative thresholds were used to heuristically categorize genes as 

confidently essential or nonessential. In the case of the Zhang et al. piggyBac insertion mutagenesis 

dataset, which reports number of transposon insertions in addition to a Mutagenesis Index Score 

(MIS), genes labelled with the “Non-Mutable in CDS” phenotype were considered confidently 

essential if 0 insertions were observed, MIS > 0.8, and the phenotype was not noted as “tentative.” 

Genes labelled as “Mutable in CDS” were considered confidently nonessential if number of 

insertions ≥ 1, MIS < 0.5, and the phenotype was not noted as “tentative”. Genes measured by the 

Zhang et al. dataset that did not fulfill either sets of criteria were categorized as having unclear 

evidence of essentiality. For PlasmoGEM, genes labelled as “Insufficient data” were included in 

the “no data” category. A more complex classification scheme was used to rescue essential genes 

with a “Slow” phenotype by accounting for relative growth rate. If more than 10% or 20% of the 



70 

95% confidence interval for relative growth rate fell below 0.5 for genes labelled “Essential” or 

“Slow”, respectively, or the PlasmoGEM confidence score < 3 for genes labelled “Essential”, 

evidence was considered unclear; otherwise, genes with the “Essential” phenotype or “Slow” 

phenotype with relative growth rate < 0.5 were categorized as confidently essential. Meanwhile, 

genes labelled “Slow” with relative growth rate ≥ 0.5 were confidently nonessential if the lower 

bound on relative growth rate > 0.6, genes labelled “Dispensable” were confidently nonessential 

if either the lower bound on relative growth rate ≥ 0.5 or confidence > 3, and genes labelled “Fast” 

(suggesting increased growth rate upon disruption) were unilaterally considered nonessential. 

Finally, for RMgmDB, when the phenotype was not “nt” (not tested), evidence was categorized as 

confidently essential if there was a change in phenotype upon gene modification; if no difference 

was observed, RMgmDB evidence was considered unclear. Information from the three data 

sources was integrated to determine gene essentiality bins, which were “full” if all available 

sources suggest the gene is confidently essential, “anti” if at least one source suggests the gene is 

confidently nonessential, “partial” if all sources of evidence are unclear, and “no data” if the gene 

was not tested in any of the three datasets. 

 

3.4.7 Assessment of gene expression by lifecycle stage 

To assess gene expression in the asexual blood-stage, genes were categorized based on 

strength of evidence from the Le Roch et al. microarray dataset141, which reports expression and 

logP values for six ABS substages synchronized using two different methods. Previous P. 

falciparum 3D7 gene IDs were mapped to current IDs using PlasmoDB. Genes were considered 

expressed in ABS if at least one substage showed expression value ≥ 30 and logP ≤ -1, not 

expressed in ABS if all substages showed expression < 10 or logP > –0.5. Otherwise, evidence 
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was considered unclear; such genes were labelled “potentially expressed” in ABS. The Malaria 

Cell Atlas Chromium 10x RNA-seq dataset was also incorporated in Supplemental Table 3.3; 

among the four stages tested (ring, trophozoite, schizont, and gametocyte), genes were considered 

expressed if median expression > 0, and evidence of expression was considered unclear if the third 

quartile of RNA-seq expression across cells > 0. 

 

3.4.8 Candidate target scoring rubric 

Ten categories belonging to each data type collected were defined to provide a total of 100 

points. Availability of recombinant or in situ protein expression was scored between 0 (no 

information) and 4 (available). Quality of literature and quality of gene essentiality were scored 

between 0 and 6 points, with higher scores for greater amount of relevant literature or confident 

essentiality evidence. For selectivity, 0 was given if the Plasmodium protein and human ortholog 

were very similar (though exact similarity percentages varied between reviewers, a 25–83% range 

was observed) and data suggested selectivity could be an issue; a maximum score of 6 was given 

if a human ortholog was absent or there were clear differences between small molecule inhibitors 

for Plasmodium and human enzymes. Evidence of multistage expression received a score of 3 if 

there was evidence in one stage, up to 11 for three or more stages. Target novelty, conservation 

among species (genetic variation), and assay development ranged from 0 to 11 depending on prior 

characterization of the protein, especially as a potential antimalarial target (novelty); extent of 

conservation (for genetic variation); or availability of binding/functional assays. Structural 

information scored from 0 to 17 depending on whether crystal structures were available for 

orthologs in other organisms, Plasmodium proteins, or as ligand-bound structures. Lastly, 
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druggability was scored from 0 (no evidence of binding pocket) to 17 points if a tool compound 

inhibiting Plasmodium growth was known. 
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Figure 3.1 Identification of P. falciparum protein-coding genes that are potentially druggable 

(n = 1,660) and genes that have evidence of blood-stage essentiality (n = 2,992) 

(A) Identification of potentially druggable genes. Diagram illustrating the four methods used to 

identify genes with evidence of small molecule binding. Out of the 5,318 protein-coding 3D7 

falciparum genes, 226 were homologous to at least one of the 6,202 validated drug targets in 

BindingDB based on BLAST, while 520 genes were found to be orthologous based on the 

phylogenomic databases OrthoMCL, OrthoDB, OMA or HOGENOM. We found 1,233 genes with 

confident AlphaFill hit transplant(s), and 927 falciparum genes were mapped to EC numbers with 

inhibitors in the BRENDA database. Mosquito graphic was generated with BioRender 

(https://BioRender.com/s17b944). (B) Binding evidence for validated targets vs. all genes. 

Distribution of binding evidence for 43 known targets67 (outer pie) compared to the distribution 

across all 5,275 P. falciparum 3D7 genes (inner pie). (C) Workflow for the identification of 867 

candidate targets and subsequent prioritization. Identification and filtering process to define P. 

falciparum candidate drug targets. The intersection of 1,660 genes with evidence of small molecule 

binding and 2,992 genes with essentiality support yielded 867 candidates, after excluding 

hypervariable regions. Subsequent candidate prioritization resulted in 540 candidates subjected to 

initial scoring, 67 of which underwent a second round of scoring, culminating in 27 top ranking 

targets that were discussed by a panel of experts. (D) Essentiality classifications for validated 

targets vs. all genes. Distribution of essentiality classifications for 43 known targets67 (outer pie) 

compared to the distribution for 5,275 3D7 genes (inner pie). Essentiality classifications are 

described in methods. 
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Figure 3.2 Characteristics of 867 candidate targets compared to 4,451 non-candidate genes 

(A) Comparison of characteristics between the 867 candidates (blue) and 4,451 non-candidates 

(purple). Numbers of candidate targets versus non-candidates labelled essential only in the P. 

falciparum essentiality screen and not the P. berghei datasets (850 vs. 2,421); labelled essential in 

both P. falciparum and berghei datasets (577 vs. 967); having at least one GO term (857 vs. 3,624); 

having human ortholog(s) (650 vs. 1,356); having > 2 associated literature references (570 vs. 

1,775); or having PDB structures (112 vs. 174) are shown. (B) GO term enrichment analysis for 

the 867 candidate targets compared to all 5,318 protein-coding genes in the P. falciparum 3D7 

genome using GOATOOLS164. Terms with ontology tree depth > 2 (n = 939) are displayed based 

on number of candidates having the GO term (X axis) versus –log10 Bonferroni corrected 

enrichment P value, with a maximum uncorrected P value of 0.05 (Y axis, Fisher’s exact test). 

Points are colored by ontology type: red for biological process (BP), blue for cellular component 

(CC), and green for molecular function (MF). Highly enriched terms are labeled. (C) Distributions 

of number of unique scientific publications associated with the 867 candidate targets (blue) vs. 

4,451 non-candidate genes (purple). Median lines are shown, and the most highly referenced genes 

are labeled. (D) Distribution of classifications for gene expression evidence in ABS according to 

Le Roch et al.141. Candidate targets with clear evidence of ABS expression (737, teal), unclear 

evidence (57, purple), no expression (37, orange) and no data (36, grey) are shown in the outer pie, 

in contrast to the distribution among all P. falciparum protein-coding genes in the inner pie. 
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Figure 3.3 Rubric-based scoring of 540 candidate targets with strong evidence of essentiality 

(A) Gene scores across rubric categories. Plot showing first score distributions for 540 candidate 

targets with strong evidence of blood-stage essentiality across the ten categories of the scoring 

rubric (methods). Average value per category is shown for each category. (B) Frequency 

distribution of first total scores. Histogram showing the frequency (X axis) of first total scores (Y 

axis) for the 540 scored candidates. Bin center was determined and plotted with Prism v.9.5. 

Examples of candidates falling in select total score bins are shown, including gene product 

description and notable characteristics when applicable. (C) Comparison of first and second scores 

for the top 67 scored candidates subject to secondary review. Identity line is marked by a dashed 

black line. Dark blue circles denote equal score in both rounds; light blue circles represent score 

differences of 1–19 points; and cyan circles represent a score difference of at least 20 points. 
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Table 3.1 List of 67 “druggable target” candidates from the entire P. falciparum genome. 

Ranking scores for 67 attractive druggable candidate targets. Total scores determined by reviewers 

for first and second round are provided (see methods). Highly attractive gene targets are indicated 

under “selected” column. 

 

Gene ID 
Gene 

name 
Gene description 

Score 

1 

Score 

2 
Selected 

PF3D7_0206700 ADSL adenylosuccinate lyase 80 78 yes 

PF3D7_0209300 IspF 

2C-methyl-D-erythritol 2,4-

cyclodiphosphate synthase 76 82 yes 

PF3D7_0307400 ClpP 

ATP-dependent Clp protease proteolytic 

subunit 74 74 yes 

PF3D7_0410700 RbgA ribosome biogenesis GTPase A, putative 81 54 yes 

PF3D7_0510500 TopoI topoisomerase I 80 71 yes 

PF3D7_0623200 FNR ferredoxin--NADP reductase 89 89 yes 

PF3D7_0624000 HK hexokinase 75 91 yes 

PF3D7_0629000 GNA1 

glucosamine 6-phosphate N-

acetyltransferase 65 64 yes 

PF3D7_0907900 PDF peptide deformylase 83 78 yes 

PF3D7_1012400 HGPRT 

hypoxanthine-guanine 

phosphoribosyltransferase 73 81 yes 

PF3D7_1033700 BDP1 bromodomain protein 1 86 86 yes 

PF3D7_1108400 CK2α casein kinase 2, alpha subunit 82 82 yes 

PF3D7_1113100 PRL protein tyrosine phosphatase 70 74 yes 

PF3D7_1120100 PGM1 phosphoglycerate mutase, putative 79 68 yes 

PF3D7_1144900 RAB6 ras-related protein Rab-6 76 61 yes 

PF3D7_1235600 SHMT serine hydroxymethyltransferase 96 91 yes 

PF3D7_1239500 GyrB DNA gyrase subunit B 76 70 yes 

PF3D7_1247400 FKBP35 peptidyl-prolyl cis-trans isomerase FKBP35 71 74 yes 

PF3D7_1251300 TMK thymidylate kinase 88 68 yes 

PF3D7_1320100 ClpS 

ATP-dependent Clp protease adapter 

protein ClpS 77 69 yes 

PF3D7_1344800 ATCase aspartate carbamoyltransferase 86 86 yes 

PF3D7_1354500 ADSS adenylosuccinate synthetase 83 94 yes 

PF3D7_1444800 FBPA fructose-bisphosphate aldolase 79 88 yes 

PF3D7_1446200 LAP M17 leucyl aminopeptidase 87 82 yes 

PF3D7_1453800 GluPho 

glucose-6-phosphate dehydrogenase-6-

phosphogluconolactonase 79 78 yes 

PF3D7_1460400 UCHL3 

ubiquitin carboxyl-terminal hydrolase 

isozyme L3 88 84 yes 

PF3D7_0106900 IspD 

2-C-methyl-D-erythritol 4-phosphate 

cytidylyltransferase, putative 74 66   

PF3D7_0202700 OPP octaprenyl pyrophosphate synthase 59 62   

PF3D7_0512700 OPRT orotate phosphoribosyltransferase 63 61   

PF3D7_0514300   aspartate--tRNA ligase, putative 65 60   

PF3D7_0517800 DCX apicortin 81 55   

PF3D7_0616000 PDXK pyridoxal kinase 68 76   

PF3D7_0708800 HSP110c heat shock protein 110 62 60   
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Table 3.1 List of 67 “druggable target” candidates from the entire P. falciparum genome, 

Continued. 

 

Gene ID 
Gene 

name 
Gene description 

Score 

1 

Score 

2 
Selected 

PF3D7_0903200 RAB7 ras-related protein RAB7 71 71   

PF3D7_0927900 PSD phosphatidylserine decarboxylase 57 65   

PF3D7_0931900 AKLP2 adenylate kinase-like protein 2 56 55   

PF3D7_1004000   60S ribosomal protein L13, putative 75 59   

PF3D7_1008700   tubulin beta chain 77 81  

PF3D7_1014700 PHB2 prohibitin 2 66 63  

PF3D7_1020900 ARF1 ADP-ribosylation factor 1 70 72  

PF3D7_1022800 ISPG 

4-hydroxy-3-methylbut-2-en-1-yl 

diphosphate synthase (ferredoxin) 65 57  
PF3D7_1037300 AAC1 ADP, ATP carrier protein 1 86 56  

PF3D7_1118600 MYST histone acetyltransferase MYST 69 79  

PF3D7_1136500 CK1 casein kinase 1 72 63  

PF3D7_1202000 PSH2 ATP-dependent DNA/RNA helicase PSH2 69 60  

PF3D7_1217300 EngA GTP-binding protein EngA 61 51  

PF3D7_1219900   ribulose-phosphate 3-epimerase, putative 62 67  

PF3D7_1223100 PKAr 

cAMP-dependent protein kinase regulatory 

subunit 78 76  

PF3D7_1223300 GyrA DNA gyrase subunit A 73 74  

PF3D7_1230400 ClpQ ATP-dependent protease subunit ClpQ 64 59  

PF3D7_1237000 UBA2 SUMO-activating enzyme subunit 2 64 47  

PF3D7_1323500 PMV plasmepsin V 90 84  

PF3D7_1324900 LDH L-lactate dehydrogenase 71 67  

PF3D7_1330600   elongation factor Tu, putative 79 64  

PF3D7_1333200 UBA1 ubiquitin-activating enzyme 65 66  

PF3D7_1337800 CDPK5 calcium-dependent protein kinase 5 67 63  

PF3D7_1340600 DBR1 RNA lariat debranching enzyme, putative 75 56  

PF3D7_1401800 CK choline kinase 82 82  

PF3D7_1414600 Pgt1 mRNA-capping enzyme subunit alpha 70 64  

PF3D7_1415000 UDG uracil-DNA glycosylase 67 63  

PF3D7_1415800 KsgA1 

ribosomal RNA small subunit 

methyltransferase A1 68 60  

PF3D7_1417800 MCM2 DNA replication licensing factor MCM2 66 63  

PF3D7_1430100 PTPA 

serine/threonine protein phosphatase 2A 

activator 54 58  

PF3D7_1438500 CPSF3 

cleavage and polyadenylation specificity 

factor subunit 3, putative 66 64  

PF3D7_1440300 PBGS porphobilinogen synthase 65 59  

PF3D7_1464900   

ATP-dependent zinc metalloprotease FTSH, 

putative 82 62  

PF3D7_API04400 rpoB 

DNA-directed RNA polymerase subunit 

beta, putative 75 51  
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APPENDIX 

 

 

 

 
Supplemental Figure 3.1 Essentiality categorization determination scheme for 5,318 P. 

falciparum protein-coding genes for target identification 

Criteria to categorize genes in essentiality bins, according to supporting data for essentiality in the 

asexual blood-stage from different datasets124-126. Four categories (clear support, unclear support, 

unsupported, and no data) were defined. Genes under each category based on available data are 

shown with teal squares for the 1,929 genes having clear essentiality support, purple squares for 

the 1,008 genes having unclear unsupport, and orange squares for the 2,326 genes categorized as 

clearly unsupported (e.g., non-essential genes). The remaining 55 genes, in grey, are those lacking 

essentiality data. Breakdown of genes with support across the datasets is shown. 
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Supplemental Figure 3.2 Data collected for full genome 

Information collected for all 5,318 P. falciparum genes from PlasmoDB release 66131. Database 

resources for collected information are shown65, 127, 130, 131, 139, 140, 144. Total number of genes having 

at least one record per category is indicated. Out of the 19,900 genes in the human genome, there 

were 2,006 orthologous P. falciparum genes, of which 1,249 were determined to be essential. 

Genome classification for the 5,318 genes was determined according to methods. Figure was 

created in BioRender (Godinez, K. (2025) https://BioRender.com/q39w386). 
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Chapter 4  
 

 

Dissecting imidazolopiperazine and naphthoquinone 

mechanisms of action in Plasmodium asexual malaria parasites 
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4.1 Introduction 

Phenotypic screening is a powerful method to quantify the inhibitory response in a cell or 

organism165. In malaria parasites, many potent small molecule inhibitors have been identified 

through this method, with some advancing into late stages of clinical trials (e.g., cipargamin and 

ganaplacide)66, 166, 167. A limitation, however, is the lack of information regarding the mechanism 

of action (MoA)66.  While not imperative, this knowledge enables a more efficacious drug design 

and use66, 168. For this reason, only the most potent hits from a phenotypic screen are further 

characterized with in vitro and whole genome sequencing, proteomics, biophysical or other target 

identification assays166. Nevertheless, these studies may result in identification of off-target effects 

instead of the actual drug-target166, remaining with the drug-target pair unresolved. Thus, as new 

uncharacterized antimalarial compounds become available, there is a need for new target 

identification methods. 

Gene expression profiling has mainly been used to elucidate transcriptional regulatory 

networks and to functionally assign uncharacterized genes to networks in many species169-171. In 

theory, transcriptional profiling could be used to determine a target or mechanism of action of an 

uncharacterized small molecule172, 173 especially in cases where a metabolic block leads the 

parasite to compensate by transcriptionally upregulating the genes in the blocked pathway174 (e.g., 

upregulation of the folate biosynthetic pathway after treatment with an antifolate). This principle 

has been demonstrated by Tewari et al.175, where they show that Plasmodium falciparum parasites, 

causatives of malaria, when treated with cipargamin (a spiroindolone) and PA21A092 (a 

pyrazoleamide) differ in transcriptional profile and response but both show upregulation of alpha–

beta hydrolase, an enzyme that hydrolyzes ATP; this finding is consistent with cipargamin and 

PA21A092 targeting PfATP4 (P-type ATPase)175. In addition, even if a specific pathway is not 
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revealed, transcriptional profiles could be used to categorize drugs with the same MoA173 (e.g., all 

antifolates should give similar antifolate transcriptional profiles). Challenges with applying 

transcriptional profiling to malaria parasites include problems with synchronization of cells and 

determining the optimum cell-type to conduct expression profiling176. Furthermore, determination 

of time and concentration of drug exposure, in the case of treatment response, adds an extra layer 

of liability. In theory, with single-cell we could overcome this problem by allowing gene 

expression detection in a variety of different cell-types all at once176. 

 

To assess the use of single-cell sequencing as a method to provide clues about the target or 

mechanisms of action for a small molecule, we performed profiling on human red blood cells 

infected with P. falciparum Dd2 parasites, that were subsequently treated with one of the known 

antimalarials artemisinin, atovaquone, and gnf179. Atovaquone is a naphthoquinone molecule 

targeting Plasmodium cytochrome bc-1 complex66 as part of the respiratory chain complex; 

recently, it was shown that the imidazolopiperazine (gnf179) scaffold mechanisms is related to 

protein trafficking and secretion pathways177, with pfsey1 (synthetic enhancer of YOP1) likely 

playing a significant role178; lastly, while no definitive target is known for artemisinin 

(sesquiterpene lactone class)66, this compound activates free radicals in the presence of heme, 

leading to the parasite’s death179.  Through a custom bioinformatics pipeline, we distinguished 

cell-types across the parasite’s lifecycle and observed different transcriptional patterns relative to 

the antimalarial when comparing drug-treated versus non-treated parasites. To identify the 

molecular differences between treated and non-treated parasites, we performed differential gene 

expression analysis, highlighting 2,239 genes upregulated when treated with atovaquone, 3,172 

genes with artemisinin, and 1,488 genes with gnf179.  A pathway analysis of these genes showed 
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enrichment in the electron transport chain and sphingolipid metabolism pathways for atovaquone 

and gnf179, respectively. This finding is consistent with the literature, suggesting an optimistic 

use of this method to investigate mechanisms of action for uncharacterized small molecules. 

 

4.2 Results 

4.2.1 Examining drug treatment during Plasmodium falciparum asexual blood-stage malaria 

infection 

To perform cell profiling, blood-stage Plasmodium falciparum Dd2 parasites were added 

to four different flasks; one flask was maintained as control and the remaining three were treated 

with one of three antimalarials as described in Figure 4.1A.  Shortly, 50nM of atovaquone was 

added to one flask, 100nM of atovaquone to a second flask and 100nM of gnf179 was added to a 

third flask.  After 48 hours of drug exposure, cells were extracted using magnetic separation 

(expect for the first replicate), obtaining an average of 1,200 infected red blood cells per sample. 

Samples were then prepared for barcoding, RNA library preparation and sequencing using 10x 

genomics technology (see methods for details). After sequencing, we mapped the reads to a 

custom reference genome of human (GRch38.p13) and P. falciparum Dd2 (v62) genomes. This 

mapping resulted in an average of 124,903.67 Plasmodium cells for control (non-treated) samples, 

29,174 cells for artemisinin-treated samples, 91,108.33 cells for atovaquone-treated, and 

93,705.00 cells for gnf179-treated samples (Figure 4.1B). Due to the large differences in initial 

cell population across samples, we randomly selected a total of 15,000 cells per sample, to balance 

out the imbalanced dataset and ensure similar size across comparisons180 (Figure 4.1B). 
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To investigate transcriptional changes relative to after drug treatment, we integrated cells 

from treated and non-treated parasites, focusing on protein-coding genes (Figure 4.1C).  We first 

integrated cells from the three replicates and performed a standard single-cell analysis workflow 

using Seurat181 with batch correction using replicate number as the variation variable. Next, we 

integrated cells from the control and one of the drug-treated sample (artemisinin, atovaquone, and 

gnf179), performed a standard single-cell workflow, and performed batch correction using the 

condition (control, treatment) as artifact to remove sample-specific effects and ensure true 

biological variability. In general, we observed high-quality cells across our Plasmodium 

population (Figure 4.1D) and cells were integrated as expected across replicates. 

 

4.2.2 Plasmodium asexual lifecycle patterns are different relative to after drug treatment 

We next sought to evaluate the parasite lifecycle transcriptional changes relative to after 

drug treatment. To do this, we contrasted the parasite heterogeneity present across integrated 

samples. We obtained a total of 13 clusters for parasites treated with artemisinin with an average 

of 2,176 cells per cluster, atovaquone-treated parasites were distributed across ten populations with 

an average of 2,269 per cluster, and eleven clusters were found after gnf179 treatment having an 

average of 2,084 cells per cluster. To better discern which cluster are informative to the treatment 

response, we plotted the distribution of cells present across all clusters (Supplemental Figure 

4.1).  Not surprisingly, we found few (n = 5) overlapping clusters among all samples.  A possible 

explanation is that parasites were sequenced while transitioning between two lifecycle stages, 

having similar expression profiles while undergoing developmental processes. Another 

explanation could be due to a technical factor during the data normalization or integration steps182. 

Since overlapping clusters showed a significantly lower proportion (n = 2.23%) of cells compared 
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to the rest (n = 97.77%), we could not provide enough statistical confidence and thus removed 

those with less than 700 cells (highest cluster n = 690) as an attempt to reduce data noise. With the 

remaining clusters, we identified the parasite’s heterogeneity, by identifying cell-type stages 

corresponding to the Plasmodium asexual cycle, using established gene markers or gene 

expression relative to the stage (Table 4.1, and Figure 4.2A). 

Among the three comparisons, we observed clear patterns for developmental stages of the 

lifecycle (i.e., rings, trophozoites, schizonts, and gametocytes) (Figure 2A). The only exception 

was with atovaquone where a clear ring cluster was not observed. Noteworthy, enrichment of 

sexual stages for cells treated with artemisinin was observed, which is consistent with artemisinin 

being less active against late stages of the asexual development183.  In all treatments, we were not 

able to fully define a cluster’s cell-type since a subpopulation of cells showed similar expression 

for markers in two development stages (e.g., trophozoites and schizont).  We also observed cases 

where distinct clusters had the same cell-type, such as schizonts in artemisinin- and atovaquone-

treated cells.  Unexpectedly, all drug-treated samples had at most two clusters with neglectable 

differences in gene expression between markers on that cluster compared to the rest (see methods). 

Thus, we were not able to identify them and were marked as “not applicable (NA)”.  Although 

there is a lack of completeness in cell identification, the altered composition may be associated 

with the parasite response during drug exposure and can be further evaluated to provide clues on 

the drugs mechanisms. 

To investigate the differences between subpopulations for the same cell-type, we compared 

the enrichment of gene markers present within clusters in the cell-type (Table 4.2).  In general, we 

observed enrichment for parasites on stages near the one of interest (Figure 4.2A). For example, 

schizonts in cluster one during atovaquone treatment showed higher enrichment for merozoite 



87 

parasites (pfama1, pfmtrap) while cluster two showed higher expression in ring parasites 

(pfetramp2). Similarly, parasites treated with artemisinin showed that trophozoites in cluster one 

had enrichment in early gametocytes (pfg27/25, pfd80) and enrichment for cluster two is higher to 

ring parasites (pfhgprt). Altogether, these differences could help elucidate genes involved in 

parasites developmental changes and those committed to sexual development. 

 

4.2.3 Differential expression shows distinct drug response profiles dependent on the 

chemotype 

We next performed differential gene expression analysis to assess drug response profiles 

between treatments and to get clues on the mechanism of action (Supplemental Table 4.1). As 

expected, transcriptomic profiles between drug treatments were different; we obtained a total of 

3,172 genes that were statistically different (up- or down-regulated, p-value ≤ 0.05) between 

artemisinin-treated parasites compared to control parasites, a total of 1,488 genes after gnf179 

treatment and 2,239 genes were differentially expressed after atovaquone exposure. From these, 

there were cases where a gene was differentially expressed in two or more clusters. For example, 

PfDd2_130075100, a conserved protein, was upregulated (ranging from 2.37– to 7.51–fold 

change) during artemisinin treatment in all schizont and nearby clusters; this is consistent with 

gene expression changes throughout the parasite lifecycle184. 

To better visualize the most significant differences between treatments, we plotted gene 

expression profiles contrasting treated parasites. Consistent with the lifecycle pattern during 

artemisinin treatment, we observed gametocyte-genes (e.g., pfg27-25) to be significantly 

upregulated compared to the rest, confirming that parasites late in development are able to progress 

their cycle while in presence of the drug. We also observed, with various abundance levels, 
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upregulation of heat shock protein 70 that although it is one of the most highly expressed gene185, 

it is also thought to be involved in stress response mechanisms185 suggesting we could further 

evaluate the response profile of altered genes uniquely associated with each drug to get insight into 

their mechanism. In all cases we observed significant downregulation of ETRAMP proteins 

(ranging from -0.60– to -6.43–fold) confirming the expected efficacy of treatment in reducing the 

number of malaria parasites; these proteins are found in the parasitophorous vacuole membrane of 

the parasite thus play a significant role in development and host interactions186. 

Reasoning that the mechanism of action for each drug should result in distinct 

transcriptional responses, we compared genes with at least ± 3× fold-change (i.e., log2 fold change 

of at least 3 or -3 per treatment) to capture those with the most biological relevance (Figure 4.2B). 

Considering cases where a gene was statistically regulated in several clusters (e.g., nearby schizont 

clusters), we calculated the average expression level for same genes. This resulted in 281 unique 

genes from artemisinin treatment, 132 unique genes from gnf179 and 159 unique genes with 

atovaquone treatment.  In general, we observed that gene expression patterns were different among 

the treatments. Interestingly, we notice two cases that had opposite response between chemotypes. 

These are the chaperone protein PfCLPM (PfDd2_000009000) that was upregulated in artemisinin 

but downregulated in the other two, and PfDd2_040011200, a conserved protein, that was 

downregulated with artemisinin, upregulated in atovaquone and not differentially expressed during 

gnf179 exposure. This further highlights our ability to utilize transcriptional profiling after drug 

exposure to determine its pharmacological action. 

To get a better sense of which genes are unique to the treatment, we found the intersection 

of transcriptional response between groups based on gene expression (Figure 4.2C).  A total of 

475 unique genes were found, having a higher proportion transcriptionally altered uniquely to the 
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treatment (artemisinin 78.64%, gnf179 54.54%, atovaquone 64.15%).  Minority of genes (n = 80) 

were regulated by at least two chemotypes, with 17 shared across all treatments (Figure 4.2C). 

Among these 80, we found conserved proteins (PfDd2_010012000, 040027900, 070028900 and 

130075100) and PfIMC1c, an inner membrane complex protein involved in cell invasion and 

shape integrity187.   Noteworthy, out of the 475 unique genes with at least ± 3× fold-change, we 

found six cases (PfDd2_010006300, 040012700, 110036700, 000009000, 040011200 and 

000008000) where the gene’s expression was conflicted within the same treatment. For example, 

PfDd2_110036700 (pfama-1) had 3.57–fold in trophozoites treated with artemisinin, while the 

same gene was downregulated to -3.31–fold in schizont parasites. This result highlights the 

importance of investigating each parasite individually, to enable a more precise landscape of genes 

playing a role throughout its lifecycle and how they are altered during treatment.  Overall, we 

found significant differences in the transcriptional response relative to after treatment, suggesting 

our enablement to pinpoint the compound’s mechanism of action. 

 

4.2.4 Finding Plasmodium falciparum orthologs between Dd2 and 3D7 strains for 

differentially expressed genes 

Reasoning that by selecting gene expression changes of 1–fold (upregulated) or -1–fold 

(downregulated) relative to control would provide a more comprehensive overview of the 

parasite’s response for each drug, we focused on statistically significant genes from each treatment 

as identified in Supplemental Table 4.1.  In total, we extracted 1,486 unique genes for artemisinin, 

969 genes for atovaquone and 353 gnf179 upregulated genes, and 249, 197, and 893 unique 

downregulated genes, respectively (Figure 4.3A).  Interestingly, we observed a higher imbalance 

in the number of genes positively regulated in artemisinin (n = 916), compared to the atovaquone 
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(n = 643) and gnf179 (n = 342); this suggests a more significant dysregulation of the parasite 

biology after artemisinin exposure. Overall, we obtained more upregulated genes (n = 2,808) than 

downregulated (n = 1,339) genes, of which 1,533 were unique upregulated and 487 were unique 

downregulated genes. 

As a next step, for each set of transcriptionally regulated genes we identified their orthologs 

in P. falciparum 3D7, a well-studied strain from the same species. This step was performed since 

available pathway enrichment tools188 allow for queries with the 3D7 strain but not Dd2 strain. 

Thus, to assign orthologs we took the list of 4,147 unique differentially expressed Dd2 identifiers 

and mapped their 3D7 ortholog based on the Orthologs and Paralogs dataset within VEuPathDB131 

(Supplemental Table 4.1).  From these, we observed a total of 2,020 unique Dd2 genes, of which 

1,506 had a 3D7 ortholog for the upregulated set among all treatments, 470 orthologs for the 

downregulated set, and did not find orthologs for only 44 genes from both sets (Figure 4.3B). 

Although function similarity in some cases does not correlation between orthologs189, we 

obtained an adequate correspondence between ortholog function in our matches.  For example, 

1,372 of the 1,976 orthologs matched had the same function between strains, and only 604 differ 

either because it was putatively known in one strain, exact protein characterization is available in 

one strain (e.g., PfDd2_030022100 is a 6-cystein protein with its ortholog, PF3D7_0317100, 

known as B9 from the same family), or they are distinct enzymes involved in the same processes 

(e.g., ATP-dependent RNA helicase DBP7 enzyme in PfDd2_070024800 and DDX31 in 

PF3D7_0721300). Furthermore, we observed 203 cases where an ortholog from the 3D7 strain 

provided some putative clues about the function of the Dd2 strain, as it is unknown in the Dd2. 

Some examples of this included ATPase (PF3D7_0626700) that was upregulated after treatment 

with atovaquone, and the female development protein FD2 (PF3D7_1146800) showing 
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upregulation after artemisinin exposure. Based on these results, 3D7 orthologs were thus 

confidently used for the pathway analysis. 

 

4.2.5 Pathway analysis of differentially expressed genes show hints about the regulatory 

mechanisms of atovaquone and gnf179 

To uncover the transcriptional regulatory changes occurring in Plasmodium parasites after 

drug treatment, we performed a pathway enrichment analysis (Supplemental Table 4.2). Taking 

the list of 643, 342 and 916 genes that were upregulated in atovaquone, gnf179 and artemisinin 

(Supplemental Table 4.1 and Figure 4.3B), we used Metascape188 with default settings to identify 

the pathways for which the set of genes appear at rates greater than chance for each drug, 

separately. This step was also repeated for the 186, 282 and 234 downregulated genes. Since the 

human proteins are of primary focus in Metascape, we observed that majority of the enriched 

pathways were a result of a human-ortholog inference that may not relate to Plasmodium parasites, 

and thus were not considered for their analysis.  After filtering human-inferred pathways, we 

obtain enrichment (Log p-value < -1) for six upregulated pathways in artemisinin and gn179 and 

five pathways in atovaquone (Figure 4.3C). As expected, the lower proportion of transcriptionally 

downregulated genes in all treatments also resulted in just a few enriched pathways, obtaining four 

for artemisinin, and two pathways for gnf179 and atovaquone. 

Based on previous results, artemisinin-treated parasites showed an enrichment in 

gametogenesis, we did not observe an enrichment for related pathways per se in this analysis. We 

did, however, observe increased gene expression in pathways related to host cell invasion 

(GO:0044409, symbiont entry into host) and maintaining homeostasis (R-PFA-9646399, 

aggrephagy) which is essential for parasites growth and development190. Interestingly, we also 
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observed inhibition (decreased expression) of GTP hydrolysis (R-PFA-72706) and formation of 

free 40S subunits (R-PFA-72689). It is hypothesized that artemisinin mechanisms is related to 

activation of free radicals in the presence of heme179, and although the ribosomal 40S subunit is 

not considered a free radical itself, it can be targeted by free radicals damaging its components and 

potentially impairing its function191. Further investigation could shed light into this as a potential 

mechanism of artemisinin. 

Similar results were obtained for gnf179 and atovaquone. Gnf179 showed enrichment in 

protein/small molecule transport mechanisms, as well as sphingolipid de novo biosynthesis, 

consistent with recent studies177, 178. Among the enriched pathways in atovaquone, as expected, we 

found the respiratory electron transport pathway which is dependent of its target Cyt-bc1174. 

Unexpectedly, we observed pathway inhibition of cell signal recognition (R-PFA-1799339) after 

gnf179 treatment. This could be as an off-target effect due to disruption in the endoplasmic 

reticulum, as previously shown with ivermectin192. For atovaquone, the nonsense mediated decay 

pathway (R-PFA-975956) was observed with surprisingly high enrichment. Although striking, 

caution must be taken over this being a direct mechanism of the drug, considering that it is involved 

in mRNA degradation and could be a result of our sequencing of mostly death parasites.  Further 

investigation into these regulatory changes could provide insights into the parasite’s compensatory 

mechanisms, specific to the chemotype, while in presence of the drug. 

 

4.3 Discussion 

In this work, we investigated the use of single-cell sequencing as a method to provide clues 

about the mechanisms of action for uncharacterized small molecules. We exposed red blood cells 

infected with Plasmodium parasites, and treated them with artemisinin, atovaquone, or gnf179. 
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Comparison between control and drug-treated parasites showed that these scaffolds result in 

unique transcriptional profiles relative to the chemotype. We observed gametocytes enrichment 

for artemisinin treated parasites, and pathway analysis showed enrichment of sphingolipid 

biosynthesis and electron transport chain for gnf179 and atovaquone, respectively. 

Although our results provided some additional clues about the mechanisms of each drug 

and enrichment of the expected pathways, we also observed problems with this method. For 

instance, although we obtained a much higher percentage of cells from the first replicate compared 

to the rest, sequencing mapping showed that those cells were mainly human transcripts rather than 

Plasmodium transcripts, thus had to be filtered.  To address this concern, the magnetic enrichment 

columns (second and third replicate) were used and did provide a much higher coverage of the 

parasite’s transcripts. Additionally, we tried different sequencing depth to evaluate whether it 

results in more robust results. Indeed, the (third) replicate with the highest depth and magnetic 

enrichment, showed to be the replicate that yielded the most complete and high-quality cells. Thus, 

we concluded that parasite enrichment and depth sequencing is essential for this method to work. 

 

Another problem that we faced was the vast difference in parasite population across 

conditions (i.e., control and drug-treated parasites). Although malaria parasites can be 

synchronized to ensure having parasites across the asexual stage lifecycle, this process tends to be 

difficult to achieve and may introduce biases in the drug response evaluation across the cycle. We 

hypothesized that with single-cell, we could bypass this by detecting expression levels in a variety 

of different stages at once. In fact, we were able to discern the sub-stages of the asexual lifecycle 

for all drug-treated parasites, although there were cases where no definitive sub-stage was 

identified.  This could either be because of the drug’s effect, or as a defect during cell normalization 



94 

and integration steps. Based on our results, evaluation of transcriptomic drug response was only 

achievable after having a similar number of parasites between the two conditions, thus cell filtering 

and proper cell integration is also imperative for this approach to work. 

Lastly, when inspecting the enriched pathways, the most enriched pathway after 

atovaquone treatment is related to mRNA degradation, instead of the expected pathway (electron 

transport). An explanation for this phenomenon could be related to a combination of time of 

exposure and drug concentration used. Since atovaquone acts as a fast-killing drug, it is likely that 

parasites were cleared early in their development, or in the process of dying during sequencing 

pre-processing, ending with residual RNA sequenced unintentionally. Overall, our results show 

that single-cell sequencing could serve as a method to investigate the mechanisms of action for 

uncharacterized molecules, although optimization of the experimental conditions (e.g., initial 

parasite population, time of drug exposure, amount of tested concentration) must be considered 

prior to considering this approach.  Furthermore, this method would only serve as a point of 

departure for in-depth investigation and validation of the target/mechanisms of action based on the 

enriched gene/pathways obtained between the set of differentially expressed genes after drug 

treatment in relation to infected cells. 

 

4.4 Methods 

4.4.1 Plasmodium Dd2 parasites culture and sequencing 

P. falciparum Dd2 asexual blood-stage parasites were grown in human O-positive (O+) 

whole blood obtained from the BioIVT and San Diego Blood Bank (SDBB) (BioIVT, 

HUMANRBCPD-0104976) and maintained at 2% hematocrit in RPMI 1640 medium (Gibco). 

Medium was supplemented with 0.25% Albumax II (Gibco), 2 g/liter sodium bicarbonate (Fisher), 
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0.1 mM hypoxanthine (Sigma), 25 mM HEPES pH 7.4 (Sigma), and 50 μg/liter gentamicin (Gold 

Biotechnology). To study the drug effect on the parasites, four flasks were generated, one 

maintained without drug and the remaining three were dosed with one of atovaquone (50 nM), 

gnf179 (100 nM), or artemisinin (100 nM). Parasites were incubated at 37ºC and 5% CO2 in the 

MIC-101 modular incubator chamber. This process was performed in triplicates. After 48 hours 

of drug exposure, the culture was passed through a column using magnetic cell separation (MACS, 

Miltenyi Biotec #130-042-901), where infected red blood cells were retained in the column and 

washed with non-supplemented RPMI medium (except of replicate 1, which was not passed 

through the magnetic columns but prepared for sequencing after the 48 hours of exposure). 

Parasites retained with the magnetic columns were eluted with RPMI non-supplemented 

medium, concentrated by centrifugation at 1000 g in a 50 μL final volume, and prepared for 

sequencing following the 10x Genomics protocol (chromium next GEM single-cell 3’ HT Reagent, 

cat #CG000416). Briefly, 27.7 μL infected red blood cells-iRBCs (1,200 iRBCs/μL) were 

resuspended in 58.7 μL nuclease-free water, loaded into the chromium next GEM chip M for 

barcoding using standard Illumina primers. cDNA present in each gem was amplified and 

processed for DNA library construction. These were then sequenced with standard Illumina paired-

end constructs using the NovaSeq S4 flow cell, yielding 100-300 (replicate 1 and 2), and 1600M 

(replicate 3) reads depth. 

 

4.4.2 Bioinformatics workflow 

Raw sequences were manually inspected with FastQC193 for quality check. A custom 

reference genome was created with CellRanger194 mkref tool, using the human (GRch38.p13) and 

Plasmodium (PfDd2 v62, PlasmoDB131) genomes. Raw sequences were then mapped to the 
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custom genome and transcripts counted using CellRanger count function. Filtered barcoded 

features were then analyzed using Seurat’s functions181. Features were first opened with Read10X 

function, and Plasmodium features where extracted. From these, protein coding gene transcripts 

were filtered and used to create a Seurat object. 

For each sample (control, artemisinin-, gnf179-, and atovaquone-treated cells), replicate 

objects were merged and a total of 15,000 cells where randomly selected. Cells where then 

normalized, highly variable features were identified and scaled, dimensional reduction was 

performed (PCA), and batch-correction was performed using Harmony. Cell clusters were 

obtained using the Harmony correction. To contrast cell conditions, control cells were merged with 

one of the treated samples (artemisinin, gnf179 and atovaquone).  A standard pipeline (highly 

variable features were detected, scaled and dimensional reduction) was performed. Cells where 

then batch corrected using Harmony and cells’ layers where integrated to find the clusters. For 

each object, cells with less than 50 genes were filtered and clusters with less than 1,000 cells were 

removed.  Hypervariable gene families (rifin, stevor, var) were filtered from analyses. 

 

4.4.3 Cell marker identification 

Gene markers for each integrated condition (control vs drug-treated) were identified using 

Seurat’s FindAllMarkers function, keeping genes with at least 0.25 log fold-change. These were 

used to assign cell cluster ID’s based on known markers or similar expression from the Malaria 

Cell Atlas dataset140 (Table 4.1).  Shortly, the list of potential gene markers for each (unassigned) 

cluster was sorted by p-adjusted value (lowest to highest) and percentage of cells (highest to 

lowest) expressing that gene in one cluster (pct.1) compared to the percentage in all the remaining 

clusters (pct.2).  In cases a known gene marker (i.e., literature established markers across the 
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Plasmodium asexual lifecycle) was present among the top 20 genes based on the sorting, the 

associated cluster in pct.1 was determined as the marker for said cluster and confirmed using the 

FeaturePlot function in Seurat.  In cases where no known marker was found, starting from the first 

gene in the sorting, if the difference between pct.1 and pct.2 was of at least 60%, the potential gene 

marker was visualized in the dimensional graph using FeaturePlot function in Seurat; if confirmed 

to be specific to one stage (e.g., highly expressed in one cluster compared to the rest), the gene 

was then queried using the Malaria Cell Atlas to label the asexual sub-stage expressing said gene. 

 

4.4.4 Differential gene expression 

After cluster determination for each of the Seurat’s objects (ctr-atovaquone, ctr-

artemisinin, and ctr-gnf179), we used the metadata from each object to add a column (clust.cond) 

using a combination between the cluster number and the condition (control or drug treated) and 

was used to re-identify the identifiers from each Seurat object.  Next, for each cluster in the object 

we used the FindMarkers function using as ident.1 the treated cells and ident.2 the control cells, 

as previously defined in clust.cond. Wilcox test was used to calculate the degree of difference 

between each condition, with default settings for the remaining options.  The same process was 

used to compare clusters between each other. 

 

4.4.5 Finding 3D7 orthologs 

Each Dd2 identifier was taken and queried in PlasmoDB database gene strategy function. 

A complete query from the list was performed with the latest P. falciparum Dd2 release (accessed 

on April 2025). Next, a download with customizable data was performed (tab format), to download 

the list Orthologs and Paralogs data within VEuPathDB131 database. This query resulted in the list 
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of Dd2 genes, with the corresponding ortholog in other Plasmodium strain or species. Hits for P. 

falciparum 3D7 were extracted from this list, including the protein product for the matched 

ortholog; there were cases where two or more orthologs were found for one Dd2 gene. 

 

4.4.6 Pathway enrichment analysis 

Taking the list of 3D7 orthologs of interest, we split two groups of genes, one for 

upregulated genes (having gene expression greater than zero), and downregulated genes (gene 

expression less than zero).  We also filtered genes having a p-adjusted value ≤ 0.05. Two queries 

were performed; one for expression values of at least 1–fold (both up- and down-regulated) and 

the other for at least 3–fold (both up- and down-regulated). Each list was queried in Metascape188 

online server, pasting the list of genes, selecting queries for P. falciparum genes in both species 

input and analysis species. An express analysis was performed for each query. Since we obtained 

some pathways from human inferences not pertinent to Plasmodium, we filtered those out from 

the results. 
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Figure 4.1 Experimental design and processing of P. falciparum asexual parasites 

(A) Experimental design workflow. Steps followed to study drug treatment in Plasmodium 

falciparum Dd2 parasites. Three biological replicates were performed; human red blood cells were 

infected with Dd2 parasites, one was left untreated (control) and three separated iRBC were treated 

with atovaquone, artemisinin and gnf179 at 10x IC50 concentrations. After 48 hours post infection, 

parasites were prepared for 10x Chromium single-cell protocol and sequenced using NovaSeq S4 

flow cell (NovaSeq 6000 system). A custom bioinformatic workflow was followed, using a 

combined human and Plasmodium genome for alignment and transcript quantification. 

Downstream analyses were performed to Plasmodium cells only.  (B) Number of raw cells 

obtained and downsampled across samples. Histogram contrasting the total number of cells 

acquired across control (blue), artemisinin (purple), gnf179 (pink) and atovaquone (green) 

samples. Mean number of raw cells are shown for each replicate of control (n = 124,904), 

artemisinin (n = 29,174), gnf179 (n = 93,705) and atovaquone (n = 91,108.3) samples. Mean 

number of cells per replicate are shown relative to the right axis, for control (n = 4,724.33), 

artemisinin (n = 4,751), gnf179 (n = 3,000.67) and atovaquone (n = 3,068), after randomly 

selecting 15,000 cells per sample.  Error bars for mean values are included for each sample. (C) 

Single-cell integration and correction workflow. Pre-processing steps followed to integrate 

control cells and drug-treated cells. The package tool Seurat181 was used for the processing and 

analysis of cells. Replicates for each sample were integrated as a single object (control R1-3, 

atovaquone R1-3, artemisinin R1-3 and gnf179 R1-3) using the merge option, respectively. 

Objects were subject to a normal single-cell pipeline correcting using Harmony by replicate 

(normalization, cell cluster obtention, batch correction). The corrected objects, were integrated 

using Seurat’s merge function, having x as the control and y as the drug-treated (artemisinin, 

atovaquone, or gnf-179), and subject to a standard single-cell pipeline and batch correcting 

according to the infected or treated condition. Genes in hypervariable regions of the genome and 

outlier cells were filtered.  (D) Cell expression profile comparison. High-quality cells were 

visually confirmed by plotting the total number of counts (X axis) versus number of genes (Y axis) 

for each integrated sample. Control cells are shown in blue, artemisinin-treated cells in purple, 

gnf179-treated cells are in pink and atovaquone-treated cells are shown in green.  
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Figure 4.2 Transcriptional profiling of asexual Plasmodium parasites relative to after drug 

treatment 

(A) Cell clustering profile of parasites after artemisinin, gnf179 and atovaquone treatment. 

Dimensional reduction of high-quality cells relative to after drug treatment were visualized using 

Seurat’s DimPlot function. Clusters were identified using known gene markers and are shown next 

to each cluster. Cases with no clear indication of the parasite’s stage were marked as “NA”. (B) 

Fold-change transcription changes for 281 unique genes after artemisinin, 159 genes for 

atovaquone and 132 genes for gnf-179 exposure in contrast to non-treated parasites. Genes 

with at least log2 fold of -3 or 3 after differential gene expression analysis were taken from 

Supplemental Table 4.1. Samples (artemisinin, atovaquone, and gnf179) were clustered 

hierarchically based on gene-expression profiles. Expression fold change are represented from low 

(dark red) to high (dark blue); no change is shown in light orange. Genes with an altered expression 

profile for at least two treatments are labeled on the right panel, and cases with opposite profiles 

across treatments are indicated by arrows on the left panel. (C) Overlap of 475 genes with log2 

fold of at least ±3. Overlap of genes with at least log2 fold change of -3 or 3 across treatments. A 

total of 63 genes were transcriptionally different across two treatments and only 17 genes were 

transcriptionally altered across all. 
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Figure 4.3 Enriched pathways relative to after drug treatment 

(A) Total number of Dd2 upregulated (n = 2,808) and downregulated (n = 1,339) genes, per 

treatment. Breakdown of differentially expressed genes having a fold-change  -1 

(downregulated) or fold-change  1 (upregulated) as determined in Supplemental Table 4.1, with 

significance -Log10(p-value) of  0.05. Exact number of genes having an increased or decreased 

transcription (Y axis) after drug treatment relative to control cells for artemisinin (up, n = 1,486; 

down n = 249), gnf179 (up, n = 353; down n = 893), and atovaquone (up, n = 969; down n = 197) 

are shown. Transcriptional changes are denoted by color, having increased transcription in blue, 

and decreased transcription in purple. (B) Upset plot showing 3D7 orthologs for differentially 

expressed genes per treatment and overlap among treatments. Bottom panel shows 

distribution of 3D7 ortholog matches (n = 2,603, not unique) for the 4,147 Dd2 differentially 

expressed genes. 44 Dd2 genes are not included since no ortholog was found. X axis shows the 

number of orthologs per transcriptional change set (upregulated in blue, downregulated in purple). 

Top panel shows the number of ortholog intersection for both transcriptional groups (i.e., same 

ortholog shared by one or more treatments in the upregulated or downregulated set). Number of 

upregulated orthologs are shown in the left Y axis (blue), and number of downregulated orthologs 

are shown in the right Y axis (purple). Intersection groups (i.e., drug treatment) are indicated in the 

middle panel, with black dots in cases where genes are unique to the drug treatment (e.g., 

atovaquone, artemisinin and gnf179), and with connecting lines in the case of genes shared by two 

or more drugs (e.g., gnf179 and artemisinin). (C) Enriched pathways for artemisinin, gnf179 

and atovaquone, relative to after drug treatment. Barplot showing the enriched pathways (-

Log10 p-value > 1) for each drug treatment, as determined by Metascape188 using the P. falciparum 

3D7 genes orthologs. Pathway memberships are shown above (or below) each bar, having in blue 

pathways that increased in the cell and in purple pathways that decreased RNA production in the 

cell. P-values for each set are shown in the Y-axis, each starting at zero and increasing positively, 

to facilitate the visualization between up- down-regulated pathways.  
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Table 4.1 Gene markers used for asexual stage cell type identification.  

List of markers used for cluster target identification.  Source showing validation of the gene as the 

lifecycle development stage marker is included, or relative gene expression as determined in the 

Malaria Cell Atlas study140. 

 

Lifecycle stage Known marker Malaria Cell Atlas expression 

Ring PfDd2_010006000 (resa)195, 

PfDd2_110051800 (resa)195, 

PfDd2_020005400 (etramp2) 186  

 

Trophozoite PfDd2_110051600 (pf332)196, 

PfDd2_010016500 (garp)197 

PfDd2_080033000 (pdi8, 

PBANKA_0702800) 

Ring or trophozoite  PfDd2_100017800 (hgprt, 

PBANKA_1210800) 

Early trophozoite PfDd2_010016500 (garp)198  

Early/mid trophozoite PfDd2_110051600 (pf332)199  

Schizont  PfDd2_140015000 (rap1, 

PBANKA_1032100) 

PfDd2_060032800 (rama, 

PBANKA_0804500), 

PfDd2_120057300 (ron3, 

PBANKA_1464900) 

Merozoite PfDd2_070034500 (eba175)200, 

PfDd2_090035400 (msp1)201, 

PfDd2_130040900 (msp7)201, 

PfDd2_120033600 (msp9)201 

 

Gametocytes PfDd2_100043400 (pf11_1)202  

Early gametocytes PfDd2_130007700 (g27/25)203   

Sexual gametocytes PfDd2_040011600 (pfs16)204, 

PfDd2_120021200 (mdv1)205  

 

 

  



106 

Table 4.2 Gene differences between schizont clusters in artemisinin and atovaquone 

treatment, and trophozoite clusters in artemisinin treatment.  

Gene expression differentiation was calculated for both treatments, utilizing Seurat’s FindMarkers 

function. Schizont and Trophozoite parasites were compared according to Figure 4.2A and are 

indicated in “Cluster” column.  Fold changes were calculated based on Wilcox test, and artemisinin 

schizont stage was performed comparing one stage versus the other two combined. P-values were 

calculated according to t-test and adjusted p-values are Bonferroni corrected. 

 

Treatment Cluster Gene 
Log2 fold 

change 
P-value 

Atovaquone 
Schizont 

1 vs 2 

pfeba-181 (erythrocyte binding 

antigen-181) 

1.15 1.04x10-128 

pfama1 (apical membrane antigen 1) 1.21 1.23x10-95 

pfmtrap (merozoite TRAP-like 

protein) 

1.06 7.81x10-91 

pfetramp2 (early transcribed 

membrane protein 2) 

-1.11 7.74x10-5 

     

Artemisinin 

Trophozoite 

1 vs 2 

pfg27/25 (gamete antigen 27/25) 1.77 3.78x10-162 

pfd80 (Plasmodium exported protein 

PHISTb) 

1.16 2.67x10-137 

pfetramp5 (early transcribed 

membrane protein 5) 

-2.16 1.72x10-89 

pfhgprt (hypoxanthine-guanine 

phosphoribosyltransferase) 

-2.60 2.31x10-81 

Schizont  

1 vs 2, 3 

pfapi-ap2 (transcription factor with 

AP2 domain) 

0.36 1.28x10-13 

Schizont 

2 vs 1, 3 

pfeba-175 (erythrocyte binding 

antigen 175) 

1.16 8.18 x10-249 

Schizont 

3 vs 1, 2 

pfp2 (60S acidic ribosomal protein P2) 

 

0.36 1.28x10-05 
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APPENDIX 

 

 

 

Supplemental Figure 4.1 Clustering for artemisinin-, gnf179-, and atovaquone-treated cells 

versus non-treated cells.  

Plots showing artemisinin, gnf179 and atovaquone dimensional reduction after cell integration and 

batch correction steps. Clusters were determined using a standard Seurat pipeline (see methods), 

with resolution of 0.8. Cluster numbers and colors are shown with default settings and represent 

the total of distinct clusters obtained after using FindNeighbors and FindClusters Seurat’s 

functions. Overlapping clusters are denoted by cells (color 1 dots) mainly observed overlaying on 

another cluster (color 2 dots): gnf179 cluster 9, 10 and 11, and atovaquone cluster 5 and 7. 
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Neglected tropical diseases (NTD) –caused by viruses, bacteria, parasites, fungi and 

toxins– affects 1 billion people worldwide according to the World Health Organization. Although 

devastating associated diseases have high prevalence among impoverished communities, funding 

resources available are limited and they attract less commercial interest in contrast to other diseases 

such as cancer or diabetes. Over the past decade, much progress in prevention and control has been 

made, mainly in drug development through target discovery and validation. In particular, 

phenotypic screening has gained popularity since large, diverse compound libraries can be tested 

in a high-throughput fashion without requiring a priori knowledge of targets or mechanisms of 

action.  However, the methods tend to be time- and resource-consuming, limited by phenotypic 

assay conditions, and there is a rise of drug resistance to current phenotypically derived therapeutic 

inhibitors. Thus, in this dissertation we use computational approaches to better understand small 

molecules and identify novel therapeutic drug targets, focusing on Plasmodium parasites as a 

model due to the vast known phenotypic information and genomic knowledge compared to other 

neglected diseases. 

In Chapter 1, we focused on facilitating the exploration of large chemical and biological 

datasets, aiming to provide a better understanding of chemical structures and their impact on a 

biological system, as well as promptly identify small molecules with well-established mechanism 

or known drug resistance liabilities in the context of drug discovery.  We thus constructed a tool, 

called CACTI, that utilizing data mining and chemoinformatic techniques would automate the 

tedious molecule-by-molecule searches providing a comprehensive knowledge report and 

potential drug-target in an unbiased way.  We assessed CACTI’s performance by querying the 

Pathogen Box library, consisting of 400 molecules with diverse scaffolds and active against a 

variety of neglected tropical diseases (including malaria and toxoplasma). The library contained 
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26 controls that were removed from the results. The remaining 374 compounds were queried to 

find synonym names (i.e. molecule identifiers), literature citations, close analogs, and potential 

drug-target clusters. We obtained a total of 4,315, 30,425, 12,383 and 77, respectively, that were 

unreported prior to the library publication. Further inspection into these findings showed that most 

of the compounds grouped among the 77 clusters are similar to known inhibitors, including 

dihydroorotate dehydrogenase and cytochrome B. This tool also has liabilities; we rely on similar 

scaffolds having same target assumptions, veracity/strength of automated annotations are not 

assessed, and the scaffold comparison approach is not suitable for larger molecules including 

natural products. Nevertheless, this tool provides a starting point for target validation and 

accelerates drug discovery with the rapid evaluation of large chemical libraries.  

In Chapter 2 we further explore small molecules liabilities, specifically in drug resistance, 

to reveal features of resistance mutations in Plasmodium falciparum, the malaria-causing parasite. 

A collection of 724 whole-genome P. falciparum sequences, containing genomes from in vitro 

evolved resistant clones and their isogenic parent, were analyzed collectively. An in vitro evolution 

and whole genome sequencing analysis revealed 5,560 SNVs and indels and 1,168 CNVs, when 

comparing the resistant clone versus their corresponding parent. From these, we observed 128 

mutated genes appearing at rates greater than expected, and co-occurrence of some genes such as 

pfapi-ap2 (with pfmdr1), suggesting this gene may play a role in contributing to multidrug 

resistance in Plasmodium. Altogether, these results form the basis for predicting which genetic 

alleles are likely to confer drug resistance in malaria parasites and other pathogens, setting the 

foundation for machine learning predictive approaches and improving available drug-target 

prediction tools.  
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In Chapter 3, we identified a list of novel drug targets differ in mechanism of action and 

resistance liabilities to current therapeutic small molecules. Through a comprehensive extraction 

and integration of genomic and chemogenomic databases, we systematically assessed the 

Plasmodium genome and identified 867 candidate protein targets with evidence of small-molecule 

binding and blood-stage essentiality. Of these, 540 proteins showed strong essentiality evidence 

including PfDHODH, and PfDHFR, which served as validation of our approach; we also found 

proteins that lack inhibitors that have progressed to clinical trials such as PfBDP1. The list of 540 

candidate targets were further narrowed down following expert review and rubric-based scoring, 

to select proteins with highly attractive characteristics to known drug targets such as selectivity, 

structural information, and assay developability. This exercise yielded 27 high-priority 

antimalarial target candidates, many of which are considered novel (i.e. limited prior 

characterization, especially as an antimalarial target). Here, we provide a list of highly attractive 

antimalarial targets for validation, and we provide a generalizable framework for systematically 

evaluating and prioritizing of novel pathogenic disease targets. 

Lastly, in Chapter 4 use single-cell sequencing as a method to identify the mechanisms of 

action for different chemotypes, particularly (uncharacterized) molecules that have failed through 

other approaches.  By contrasting transcriptomic profiles of human red blood cells infected with 

P. falciparum and drug-treated cells, we found that expression patterns for atovaquone, artemisnin, 

and gnf179 are unique to each chemotype, with artemisinin showing enrichment on gametocyte 

stages while atovaquone did not exhibited a ring stage. Furthermore, we observed genes 

differentially expressed (DEG) between control and drug-treated parasites, resulting in 3,172 DEG 

for artemisinin, 1,488 DEG genes for gnf179, and 2,239 DEG genes after atovaquone treatment. 

A pathway analysis for a subset of these upregulated genes showed enrichment of the electron 
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transport pathway in atovaquone and sphingolipid de novo biosynthesis pathway in gnf179, as 

well as additional hints for artemisinin not explored in the field as of now.  Although promising, 

further optimization and validations are needed to confidently support these finding and the use of 

single-cell to characterize molecules in malaria and other pathogenic diseases.  
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