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Abstract 30 

Artemisinin-based combination therapies (ACTs) have substantially reduced the global burden of malaria, but 31 

the emergence and spread of artemisinin partial resistance (ART-R) threatens these gains. Although mutations 32 

in Plasmodium falciparum kelch13 (pfk13) are established mediators of ART-R, they do not fully explain 33 

variation in parasite responses, highlighting the need for complementary markers. We integrated six 34 

independent intra-erythrocytic developmental cycle (IDC) transcriptomic datasets by harmonic regression and 35 

random-effects meta-analysis, followed by network analyses, protein structural modelling, population 36 

genomics and ex vivo dihydroartemisinin susceptibility data, to identify candidate P. falciparum 37 



Walakira et al, 2026 

 

2 

 

polymorphisms associated with artemisinin response. The meta-analysis identified 2,842 of 5,292 genes as 38 

significantly rhythmic across the 48-hour IDC, including those encoding PfK13 and PfMDR1. Integration with 39 

whole-genome sequences of Ugandan field isolates prioritized 13 nonsynonymous variants across 10 genes, 40 

encoding PfAP2-G, PfPX1, PfACS7, PfACS1a, PfRESA3, PfDRPC and PfA8IJP together with three proteins 41 

of unknown function, all transcriptionally co-timed with pfk13. Polymorphisms in pfpx1 have independently 42 

been implicated in artemisinin susceptibility, consistent with our prioritization. These candidates are potential 43 

complementary mediators of artemisinin response. Beyond them, the pipeline itself is transferable to other 44 

resistance phenotypes and periodic transcriptional programmes. 45 

Introduction 46 

Artemisinin-based combination therapies (ACTs) are the WHO recommended first-line treatments for 47 

uncomplicated malaria and have contributed substantially to reductions in malaria morbidity and mortality1. 48 

These gains are increasingly threatened by the emergence and spread of artemisinin partial resistance (ART-49 

R) in Africa, which is associated with mutations in the P. falciparum kelch13 (PfK13) gene2. Mutations in the 50 

PfK13 propeller domain have been linked to delayed parasite clearance following artemisinin treatment in 51 

clinical studies6–8. However, not all parasites with clinical or laboratory evidence of ART-R harbour validated 52 

PfK13 resistance-associated mutations14–16, and these mutations do not fully explain variation in parasite 53 

responses across diverse genetic backgrounds and geographical regions7,9–13. Geographically distinct P. 54 

falciparum populations frequently evolve distinct adaptive mutations while converging on similar resistance 55 

phenotypes13,17, suggesting that the artemisinin response can emerge from a complex molecular architecture 56 

extending beyond a single resistance locus. These considerations have driven the search for genetic 57 

polymorphisms in addition to PfK13 mutations that impact on responses to artemisinins.  58 

Polymorphisms in proteins in addition to PfK13 have been implicated in modulating artemisinin susceptibility, 59 

including mutations in P. falciparum multidrug resistance protein 1 (pfmdr1), ferredoxin (fd), AP2 adaptor 60 

complex subunit μ (pfap2-μ), pfcoronin, multidrug resistance-associated protein 1 (pfmrp1), and 61 

phosphoinositide-binding protein 1 (pfpx1) 11,17–24. Current evidence suggests that PfK13-mediated ART-R is 62 

primarily driven by impaired haemoglobin catabolism, with mutant PfK13 reducing cytostome-mediated 63 

endocytosis of host haemoglobin during the early ring stage, limiting haemoglobin delivery to the digestive 64 

vacuole and reducing free-haem generation. Because artemisinins depend on haem-catalysed activation, this 65 

reduction in haem availability lowers drug activation within the parasite and thereby diminishes drug-induced 66 

damage, allowing early ring-stage parasites to survive artemisinin exposure25–27. Despite these advances, 67 

candidate resistance mediators other than PfK13 have not been consistently validated across different parasite 68 

populations or incorporated into routine genomic surveillance, and there remains a need to distinguish 69 

consistent drivers of artemisinin response from associations that are specific to individual parasite populations.  70 

Consideration of rhythmic transcription across the P. falciparum intra-erythrocytic developmental cycle (IDC) 71 

represents a largely unexplored tool to investigate mechanisms of ART-R. The IDC is characterized by highly 72 

coordinated waves of transcription that regulate intra-erythrocytic parasite biology, including metabolism, 73 

replication, host-cell remodelling, and drug susceptibility28–30. Importantly, ART-R impacts predominantly on 74 

the early ring stage, making this developmental window central to understanding parasite responses to 75 

artemisinin31,32. These observations suggest that resistance-associated genes should not be viewed as static 76 

molecular markers, but rather as components of temporally coordinated regulatory programmes. Therefore, 77 

incorporating rhythmic transcriptional dynamics into studies of ART-R provides an opportunity to uncover 78 

complementary resistance markers not readily captured by analyses based solely on genomic variation or static 79 

differential gene expression. This study defines a broader molecular architecture of ART-R that extends 80 

beyond PfK13 and identifies candidate markers for future functional validation. 81 

 82 

 83 
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Methods 84 

Gene expression datasets 85 

We analysed six publicly available P. falciparum transcriptomics datasets generated from synchronized blood-86 

stage parasites sampled throughout the 48-hour IDC. All datasets were obtained from public repositories; no 87 

new sequencing was performed in this study. Four of the six, Otto et al., Broadbent et al., Chappell et al., and 88 

Subudhi et al., were produced by Illumina RNA-seq, differing chiefly in RNA enrichment, strand-specificity 89 

and amplification, while the remaining two datasets, Bozdech et al. and Painter et al., were microarray-90 

based28,30,33–36. These studies were selected based on the following criteria: (i) genome-wide transcriptomic 91 

profiling with time-resolved sampling spanning the complete 48-hour IDC, at a resolution sufficient to recover 92 

observations at 8-hour intervals, and (ii) availability of gene expression matrices suitable for downstream 93 

analyses. To maximize comparability across studies, gene identifiers were harmonized using the P. falciparum 94 

3D7 annotation in PlasmoDB37,38  accessed on March 3rd 2026. Time points from each study were aligned 95 

according to the developmental timeline of the IDC and expressed as hours post-invasion (hpi), allowing direct 96 

comparison of rhythmic transcriptional patterns across datasets (Figure 1). 97 

98 

Figure 1. Integrative pipeline for prioritizing candidate variants associated with artemisinin response. 99 

(a) Transcriptomic prioritization. Six published intraerythrocytic developmental cycle (IDC) transcriptome 100 

datasets were harmonized to the P. falciparum 3D7 annotation and reduced to observations at 8-hour intervals 101 

across the 48-hour cycle. Harmonic regression was fitted per gene within each study and the resulting rhythmic 102 

parameters combined by random-effects meta-analysis. Complementary co-expression and phase-aware 103 

networks were constructed from the rhythmic genes and the first-neighbour subnetwork of PfK13 extracted 104 

from each, defining the candidate gene set. (b) Variant prioritization. Missense variants within those genes 105 

were identified from whole-genome sequences of Ugandan field isolates, filtered on predicted folding-stability 106 

change, and screened in combinations of up to four for association with ex vivo dihydroartemisinin 107 

susceptibility. Variants appearing in at least one significant combination were retained as prioritized 108 

candidates. Blue outlines mark the stages at which the candidate sets are defined; blue values give the number 109 

of genes or variants carried forward at each stage. 110 
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Study-level harmonic regression 111 

Time-resolved transcriptomic P. falciparum datasets spanning the 48-hour IDC were analyzed independently 112 

using a harmonic regression framework to quantify periodic gene expression. To place all studies on a common 113 

sampling design, we retained from each dataset only those observations closest to 0, 8, 16, 24, 32, 40 and 48 114 

hours post-invasion (hpi); observations at intermediate timepoints were not used, and no interpolation, binning 115 

or imputation was performed. All six datasets contributed observations at all seven timepoints. Where a study’s 116 

sampling schedule did not include an exact grid value, the nearest available observation was used and the 117 

regression was fitted at its true recorded time rather than at the nominal grid value. Equalising the sampling 118 

design in this way prevents studies with higher native temporal resolution from dominating the pooled 119 

estimates for reasons of study design rather than biology. Because 0 and 48 hpi correspond to the same phase 120 

of the 48-hour cycle, the design comprises six distinct phases, with phase 0 sampled twice. Log₂-transformed 121 

expression at these timepoints was modelled by harmonic regression under a missing-at-random assumption. 122 

Genes with fewer than four valid observations within a given study were excluded from that study’s analysis. 123 

For each gene, expression profiles were modeled using ordinary least squares regression of the form: 124 

y(t) = β0 + βc cos(ωt) + βs sin(ωt) + ϵ 125 

where: y(t) is the log2-transformed expression at time ti, β0 is the intercept representing baseline expression, βc 126 

and βs are the cosine and sine coefficients, respectively, ω =  248/ߨ represents the fundamental angular 127 

frequency of the IDC, and ϵ = residual error. 128 

From the fitted model, cosine and sine coefficients (βc and βs) and their full variance–covariance matrix were 129 

extracted, preserving uncertainty for downstream analyses. These coefficients were transformed into 130 

biologically interpretable parameters: oscillation amplitude ܣ = ௖2ߚ√  + ߶ ௦2 , phaseߚ  =  atan2(ߚs,  c), and 131ߚ

peak expression time mapped onto the 48-hour cycle tpeak = (ϕ mod 2π) /ω , Statistical significance of 132 

rhythmicity was assessed using a two-degree-of-freedom Wald test of the joint null hypothesis: H0: βc = 0 and 133 

βs = 0, and resulting p-values were adjusted for multiple testing using Benjamini–Yekutieli (BY) procedure.  134 

Meta-analysis of rhythmic transcriptional dynamics   135 

To identify robust consensus patterns of rhythmic gene expression across independent studies, rhythmic 136 

parameters estimated from each dataset were integrated using a random-effects meta-analysis framework that 137 

combined rhythmic coefficients and derived rhythmic statistics while explicitly accounting for between-study 138 

heterogeneity. For each gene, cosine and sine coefficients from individual studies were meta-analysed 139 

separately using random-effects models, allowing for estimation of both pooled rhythmic behaviour and 140 

between-study variability. Meta-analysis pooled cosine and sine coefficients were then recombined to derive 141 

consensus rhythmic amplitude, phase and peak expression time estimates, with the modulo mapping each gene 142 

onto the interval (0, 48) hours: 143 

௠௘௧௔ܣ   = ௖,௠௘௧௔2ߚ̂√  ௦,௠௘௧௔2ߚ̂ + , and: ߶௠௘௧௔ =  atan2(̂ߚs, meta, = c, meta), tpeak, metaߚ̂ (ϕmeta mod 2π) /ω , 144 

These pooled rhythmic parameters allowed reconstruction of consensus IDC expression trajectories across 145 

studies. Furthermore, to evaluate the consistency of rhythmic behaviour across datasets, heterogeneity was 146 

assessed for each gene using Cochran's Q statistic, the I² statistic which quantifies the proportion of total 147 

variation attributable to between-study heterogeneity, and between-study variance ߬2, were calculated for each 148 

gene. Resulting p-values were adjusted for multiplicity using Benjamini–Yekutieli (BY) procedure39. 149 

Leave-one-study-out sensitivity analyses were additionally performed to assess robustness of rhythmic 150 

estimates and identify genes whose rhythmic behaviour was disproportionately influenced by individual 151 

studies. For each gene, changes in pooled amplitude and phase following iterative exclusion of individual 152 
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datasets were quantified. The final meta-analysis produced consensus IDC rhythmic expression profiles for 153 

each gene. 154 

The rhythmic IDC trajectories of established antimalarial resistance genes were examined with a particular 155 

focus on pfk13 to define its stage-specific transcriptional dynamics, rhythmic amplitude, and temporal 156 

coordination across the erythrocytic cycle. Network analysis was further used to identify genes co-expressed 157 

and phase-synchronized with pfk13, enabling the detection of coordinated transcriptional modules potentially 158 

linked to artemisinin response. 159 

Construction of transcriptional co-expression and phase-aware networks 160 

To investigate coordinated transcriptional organization, we constructed complementary co-expression and 161 

phase-aware gene–gene networks that captured similarity in expression magnitude and transcriptional timing, 162 

respectively, among rhythmic genes across the IDC. Specifically, we constructed (i) a co-expression network 163 

based on pairwise Pearson correlation coefficients calculated from gene expression profiles and (ii) a phase-164 

aware network based on pairwise similarity in transcriptional phase among rhythmic genes. Network 165 

construction was restricted to genes showing significant rhythmic expression in the meta-analysis using a BY 166 

adjusted global rhythmicity threshold of p < 0.05. For each study, preprocessed expression data were filtered 167 

to retain these significant rhythmic genes. Gene-wise z-score normalization was performed independently 168 

within each study to remove differences in absolute expression while preserving temporal expression patterns. 169 

This standardization ensured that network inference reflected similarities in temporal expression patterns 170 

rather than differences in absolute expression levels. The resulting z-scored expression matrices were then 171 

aligned by gene and concatenated across studies to generate a single consensus expression matrix. Pairwise 172 

Pearson correlation coefficients were calculated from this concatenated matrix to construct the co-expression 173 

network. Edges were retained between gene pairs with strong positive or negative expression relationships, 174 

defined as Pearson’s r ≥ 0.60 or r ≤ −0.60. Positive edges therefore represented genes with synchronized 175 

expression trajectories across the IDC, whereas negative edges represented genes with opposing expression 176 

pattern consistent with activity during different developmental stages. Together, these networks captured 177 

coordinated transcriptional relationships and biologically meaningful stage-specific regulatory patterns. 178 

 179 

Phase-aware rhythmic coordination network 180 

In parallel, we constructed a phase-aware rhythmic coordination network to specifically capture temporal 181 

synchronization among oscillatory genes. For each gene, meta-analysis-derived rhythmic amplitude and phase 182 

estimates were used to calculate pairwise phase-aware scores. For genes i and j, the phase-aware score was 183 

defined as the product of their rhythmic amplitudes weighted by the cosine of their phase difference: Sij = AiAj 184 

cos(Փi - Փj), where Ai and Aj are the meta-analytic rhythmic amplitudes, and Փi and Փj are the corresponding 185 

rhythmic phases. High positive scores therefore indicated gene pairs that were both strongly rhythmic and 186 

temporally synchronized during the IDC. Edges in the phase-aware network were retained if their phase-aware 187 

score fell within the top 40% of all positive gene–gene scores and if the circular difference in inferred peak 188 

expression time was ≤4 hours across the 48-hour IDC. This phase constraint ensured that retained edges 189 

reflected biologically meaningful, temporal coordination rather than amplitude-driven similarity alone.  190 

pfk13-centred network analysis 191 

To investigate transcriptional networks potentially associated with artemisinin response, a pfk13-centered 192 

subnetwork was extracted. The first-neighbour subnetwork was generated by retaining pfk13 together with all 193 

directly connected genes in each network. Genes common between the conventional co-expression and phase-194 

aware pfk13 subnetworks were subsequently identified and prioritized for downstream analyses. 195 

 196 

All analyses were done in Python 3.10, and networks were constructed and analysed using NetworkX40 version 197 

3.4.2. Filtered gene-pair edge tables were converted into undirected graphs, with correlation or phase-aware 198 
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score retained as edge attributes. Communities were detected by greedy modularity maximisation and stored 199 

as node attributes. Graphs were exported as GraphML for visualisation in Cytoscape, with accompanying SIF 200 

edge lists and Python pickle objects. 201 

 202 

Validating the candidate genes and variants  203 

Whole-genome sequence and drug-susceptibility data were not generated in this study but were obtained from 204 

Niaré et al.²², where full details are reported. Briefly, isolates were collected through health facility-based 205 

surveillance across Uganda between 2016 and 2024, DNA underwent two rounds of selective whole-genome 206 

amplification and paired-end sequencing on an Illumina X Plus, variants were called with a GATK4 pipeline, 207 

and half-maximal inhibitory concentrations (IC₅₀) were determined by standardised 72-hour ex vivo 208 

susceptibility assays, of which only dihydroartemisinin (DHA) values were used here (accession: 209 

PRJNA1298911). Genotypes and phenotypes were matched isolate by isolate on sample identifier, giving an 210 

analysis set of 42 isolates with both a genotype and a DHA IC₅₀ value. Variants within the 119 candidate genes 211 

were extracted from a genotype matrix filtered at minor allele frequency ≥ 0.01 and coded as present or absent 212 

per isolate, yielding 225 circulating missense variants. Amino acid substitutions were mapped onto AlphaFold-213 

predicted structures⁴¹˒⁴² and their predicted effects on thermodynamic stability estimated as changes in Gibbs 214 

free energy (ΔΔG) using FoldX⁴³ suite 5. With ΔΔG > 0 taken as destabilizing, 31 variants were predicted to 215 

alter stability (26 destabilizing, 5 stabilizing), including the validated ART-R marker PfK13 A675V, retained 216 

as a positive control. 217 

Association with the IC₅₀ phenotype was tested for combinations of SNPs rather than for single variants alone. 218 

Exhaustive enumeration over all circulating variants was computationally infeasible, so the search was 219 

bounded at a maximum combination size of 4 variants. Preliminary analyses established four as sufficient, 220 

beyond which the proportion of combinations with enough carriers to be testable fell steeply, and the strongest 221 

associations did not improve. Therefore, larger combinations contributed no additional signal. All 36,425 222 

combinations of two to four of the 31 structurally prioritized variants were therefore enumerated. For each 223 

combination, isolates were classified as carriers, defined as carrying every variant in that combination, or as 224 

non-carriers. Combinations with fewer than three isolates in either group were not tested. Because carrier 225 

groups are necessarily small at this sample size and IC₅₀ values are right-skewed, conditions under which the 226 

distributional assumptions of parametric tests are unreliable, IC₅₀ values were compared between groups using 227 

the rank-based Mann–Whitney U test. P-values were adjusted across the tested combinations using the 228 

Benjamini–Hochberg procedure, which controls the false discovery rate under positive regression dependence. 229 

This assumption is appropriate here because combinations are constructed from overlapping variant sets and 230 

therefore share carriers by design. Variants appearing in at least one combination significant after correction 231 

were retained as prioritized candidates. This is a screening criterion applied to combinations rather than to 232 

variants, hence retained variants are described throughout as candidates rather than as individually associated 233 

with susceptibility. The population prevalence of each retained variant was determined across all sequenced 234 

isolates. Analyses were performed in Python 3.10. 235 

 236 

Results  237 

We analysed six independent IDC transcriptomic datasets and identified 5,292 genes detected in at least four 238 

of the six studies, providing a common gene set for integrative rhythmic meta-analysis (Figure 1). Random-239 

effects meta-analysis identified 2,842 genes (53.7% of the common gene set) exhibiting significant rhythmic 240 

expression across the 48-hour IDC, revealing highly coordinated temporal regulation of the P. falciparum 241 

blood-stage transcriptome. Between-study heterogeneity was moderate as expected across microarray and 242 

RNA-seq platforms, and was absorbed into the pooled estimates by the random-effects model. Phase estimates 243 
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were correspondingly stable in leave-one-study-out analyses, where excluding any single dataset shifted the 244 

pooled peak expression time by less than two hours for 90.7% of genes (Supplementary Figure 245 

 1).  246 

Established antimalarial resistance genes exhibit distinct stage-specific rhythmic expression across the 247 

IDC 248 

We investigated the temporal expression dynamics of established or putative antimalarial resistance-associated 249 

genes encoding PfK13, AP2-μ, PfMDR1, PfCRT, PfMRP2, PfDHPS, PfMDR2, PfMRP1, Plasmepsin II, 250 

Plasmepsin III, ferredoxin, and coronin (Figure 2, Supplementary Table 1). Each gene exhibited significant 251 

rhythmic expression across the 48-hour IDC (BY adjusted rhythmicity p < 0.05), indicating that known 252 

resistance determinants are embedded within the parasite's rhythmic transcriptional programme.  However, 253 

their peak expression occurred at distinct developmental stages, revealing a highly organized temporal 254 

architecture in which resistance-associated pathways are sequentially activated throughout parasite 255 

development. Genes encoding the validated artemisinin resistance marker PfK13 (peak expression 3.4 hpi), 256 

and AP2-μ (0.3 hpi) reached maximal expression during the early ring stage, the developmental window during 257 

which PfK13-mediated ART-R exerts its greatest biological effect, even though artemisinins remain 258 

pharmacologically active throughout the IDC. In contrast, the genes encoding several other established or 259 

putative antimalarial resistance mediators reached maximal expression later during the IDC, including 260 

PfMDR1 (9 hpi), PfMRP2 (12 hpi), PfCRT (12 hpi), Plasmepsin III (17 hpi), Plasmepsin II (20 hpi), PfDHPS 261 

(21 hpi), PfMDR2 (23 hpi), PfMRP1 (27 hpi) and ferredoxin (32.2 hpi). This range of peak transcription across 262 

the IDC suggests that biological processes associated with antimalarial response are activated sequentially as 263 

the parasite develops.  264 

Coronin exhibited an estimated rhythmic phase at 45.7 hpi, placing its peak in late schizogony. Since P. 265 

falciparum has a 48-hour life cycle, coronin's peak lies only 5.7 hours before PfK13's early ring-stage peak 266 

(3.4 hpi) across the schizont-to-ring transition. Consistent with this, coronin's transcriptional profile, like that 267 

of several other resistance-associated genes, showed elevated expression during both the early ring stage and 268 

late in the IDC. Because rhythmic phase is defined on a circular 48-hour scale, late schizogony and the early 269 

ring stage are adjacent rather than opposed, and genes peaking in this window appear elevated at both ends of 270 

a linear plot. An independent developmental time course from Mok et al.29 shows the same early- and late-271 

stage elevation for coronin, indicating that the pattern is a property of coronin’s transcriptional timing rather 272 

than of any single culture. Residual overlap between late-schizont and early-ring parasites in synchronized 273 

cultures may nonetheless contribute. 274 

 275 

 276 

a) Expression trajectories of resistance genes 

 

b) Early ring stage IDC expression trajectories
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c) Trophozoite IDC expression trajectories

 

d) Schizont IDC expression trajectories

 

Figure 2: Stage-specific rhythmic expression profiles of established antimalarial resistance-associated genes 277 

across the 48-hour IDC. a) Rhythmic expression profiles of established resistance-associated genes. (b) Early 278 

ring-stage genes, including PfK13 and PfAP2-μ. (c) Trophozoite-stage genes, including PfMDR1, PfCRT, 279 

PfMRP2, Plasmepsins II/III, PfDHPS, and PfMDR2. (d) Late-stage genes, including ferredoxin, and coronin. 280 

These profiles demonstrate that resistance-associated genes are activated at distinct development stages, 281 

consistent with coordinated temporal transcription during the IDC. 282 

pfk13-centred network analysis reveals coordinated transcriptional programmes associated with 283 

artemisinin response 284 

We further investigated the transcriptional architecture associated with the validated molecular marker of 285 

ART-R, PfK13, by constructing complementary co-expression and phase-aware gene networks from the 2,842 286 

genes exhibiting significant rhythmic expression across the 48-hour IDC. The co-expression network 287 

identified broad transcriptional communities, the two largest comprising 1,475 and 1,268 genes, respectively. 288 

PfK13 was assigned to the second-largest of these communities. Because the two largest communities together 289 

account for most rhythmic genes, it indicates only that PfK13 is not separated from the main transcriptional 290 

programme at this correlation threshold. To further refine this broad network, we constructed a complementary 291 

phase-aware network based on rhythmic phase similarity, linking genes with highly similar transcriptional 292 

timing rather than expression magnitude alone. The PfK13-centred phase-aware network comprised 125 genes 293 

connected by 5,767 synchronized interactions. Community detection within this network identified a compact 294 

PfK13-containing community of tightly phase-synchronized genes. These complementary network analyses 295 

progressively reduced the search space from thousands of rhythmically expressed genes to a focused set of 296 

transcriptionally coordinated candidates for subsequent structural, genomic, and phenotypic prioritization. 297 

For prioritization, we first selected the 65 genes shared between the co-expression and phase-aware pfk13 298 

subnetworks, representing transcriptional relationships consistently supported by both analytical frameworks. 299 

We then retained all of the other 54 genes belonging to the pfk13-containing phase-aware community to ensure 300 

that tightly synchronized genes associated with the canonical ART-R marker were comprehensively 301 

represented in the candidate set. The two complementary selection criteria yielded a final set of 119 genes for 302 

downstream analyses. Analysis of previously generated whole-genome sequencing data from Ugandan field 303 

isolates identified, within these prioritized genes, 225 missense variants segregating at a minor allele frequency 304 

of 0.01 or above. The predicted effect of each substitution on protein stability was then assessed using FoldX. 305 

Variants were considered to alter stability where the predicted change in folding free energy exceeded 1.5 306 

kcal/mol in either direction. Thirty-one of the 225 variants met this criterion, including the validated ART-R-307 

associated PfK13 A675V mutation. Of these, 26 were predicted to destabilize the corresponding proteins (ΔΔG 308 

> 0), whereas five were predicted to increase protein stability. 309 

The 31 structurally prioritized variants were then screened against ex vivo dihydroartemisinin susceptibility. 310 

Of the 36,425 enumerated combinations of two to four variants, 726 had at least three isolates in each group 311 

and were tested, of which 117 showed a significant difference in IC₅₀ between carriers and non-carriers after 312 
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Benjamini–Hochberg correction. The variants constituting these combinations comprised 13 missense variants 313 

across 10 protein-coding genes, which were retained as prioritized candidates (Table 1); their prevalence 314 

across sequenced isolates ranged from 14.7% to 97.1%. As expected from the phase-synchrony criterion used 315 

to define the candidate set, all ten genes peak during the early IDC (1.8–7.0 hpi), closely tracking pfk13 at 3.4 316 

hpi (Figure 3). Together, these analyses identify candidate variants that are transcriptionally co-timed with 317 

pfk13, are predicted to alter protein stability, circulate in Ugandan field isolates, and occur in combinations 318 

associated with reduced dihydroartemisinin susceptibility; none of these layers establishes a causal role, and 319 

functional validation will be required. 320 

 321 

a) Phase profiles of identified genes 

 
Figure 3. Expression trajectories for the 10 prioritized candidate genes together with pfk13. All candidate genes 322 

peak during the early IDC (1.8–7.0 hpi), within the phase window imposed by the ≤ 4-hour synchrony criterion 323 

used to define the candidate set relative to pfk13 (3.4 hpi). 324 

325 
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Table 1. Prioritized candidate variants associated with artemisinin response identified through the integrated 326 

pipeline. The table lists the 13 missense variants identified across 10 protein coding genes together with the 327 

gene identifier, product description, gene symbol (where available), and chromosomal location. For each 328 

candidate gene, the prioritised amino acid substitution, and the prevalence (%) of each variant among all 329 

sequenced isolates with a genotype call at that position is shown. Gene annotations were obtained from 330 

PlasmoDB accessed on March 3rd 2026. 331 

Gene_ID Product Description Gene 

Symbol 

Chromosome Variant Prevalence 

PF3D7_0701900 

 

Plasmodium exported 

protein, unknown 

function 

- 7 S789P 19.8 

M950I 39.2 

PF3D7_0720700 phosphoinositide-

binding protein PX1 

PX1 7 D384A 62.4 

PF3D7_0814500 conserved protein, 

unknown function 

 8 N677D 91.4 

PF3D7_1149200 ring-infected 

erythrocyte surface 

antigen 

RESA3 11 K827N 97.1 

PF3D7_1200700 

 

acyl-CoA synthetase ACS7 12 G387A 49.0 

A361S 52.5 

PF3D7_1218500 dynamin-like protein, 

putative 

DRPC 12 H250Y 16.8 

PF3D7_1222600 AP2 domain 

transcription factor 

AP2-G 

AP2-G 12 N1511K 14.7 

PF3D7_1352900 Plasmodium exported 

protein, unknown 

function 

- 13 F108V 78.6 

PF3D7_1401100 HSPA8-interacting J 

protein 

A8IJP 14 N480K 96.2 

PF3D7_1479000 

 

acyl-CoA synthetase ACS1a 14 K506E 67.9 

D97G 88.5 

 332 

 333 

Discussion 334 

ART-R is one of the greatest threats to global malaria control and elimination, yet the molecular mechanisms 335 

underlying ART-R remain incompletely understood. Although pfk13 mutations are clear mediators of ART-336 

R, they do not fully explain the diversity of parasite responses to artemisinin-based therapy4,17. Thus, the 337 

response to artemisinins likely extends beyond a single resistance locus. Here, we show that established 338 

resistance-associated genes are transcribed in a coordinated rhythmic sequence across the 48-hour IDC. Across 339 

six independent datasets we defined a consensus rhythmic programme of 2,842 genes, and within it a set of 340 

119 genes transcriptionally co-timed with pfk13. By integrating this rhythmic transcriptomic framework with 341 

network analysis, structural modelling, population genomics and ex vivo susceptibility data, we prioritized 13 342 

candidate variants across 10 genes as potential co-mediators of ART-R. Beyond these candidates, the study 343 

provides a transferable framework for prioritizing resistance-associated genes in P. falciparum.  344 
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The IDC is a tightly regulated developmental programme that governs parasite replication, host-cell 345 

remodelling, metabolism, and progression through distinct developmental stages28,30. Although artemisinins 346 

are active against a broad range of asexual blood stages, the phenotypic impact of PfK13 mutations is most 347 

pronounced during the early ring stage, when altered haemoglobin uptake and processing reduce artemisinin 348 

activation and enhance parasite survival25,27,32. Because a protein is generally expressed during the 349 

developmental window in which it acts, the timing of transcription across the IDC offers a useful lens for 350 

identifying resistance-associated genes. Peak transcription marks when a gene product first becomes available 351 

and therefore sets a lower bound on when it can act hence a gene first transcribed during late schizogony 352 

cannot contribute to events earlier in that same cycle, although it may act during the rings that follow. 353 

Consistent with this, the established resistance-associated genes examined here showed distinct, stage-specific 354 

rhythmic profiles that tracked their normal biological roles rather than any shared adaptation to drug pressure. 355 

The expression of pfk13 and ap2-μ genes peaked during the early ring stage (Figure 2b), while pfcrt and several 356 

other genes peaked later in the IDC (Figures 2c and d), matching the developmental stages in which their 357 

respective cellular functions are required. These patterns do not establish direct functional roles in ART-R, but 358 

considering transcriptional timing provides a biologically informed approach for prioritizing candidate genes 359 

and generating testable hypotheses about their potential contributions to ART-R. 360 

Although conventional co-expression networks identify genes with similar expression profiles, they do not 361 

explicitly account for the timing of transcription. The complementary network analyses strengthened 362 

confidence in the transcriptional associations identified in this study. Community detection, which groups 363 

genes that are more densely connected to one another than to the rest of the network, placed PfK13 within 364 

broader transcriptionally coordinated gene modules. This suggests that genes associated with artemisinin 365 

response are embedded within wider developmental transcriptional programmes. Identification of the smaller 366 

phase-aware community was particularly informative because it resolved a tightly synchronized module 367 

containing several largely uncharacterized genes whose transcriptional timing closely resembled that of 368 

PfK13. These analyses provide a focused set of candidates and testable hypotheses for functional investigation 369 

to determine whether they contribute to ART-R. 370 

Integrating complementary sources of biological evidence further facilitated prioritization of candidate 371 

markers. We combined rhythmic expression, network topology, protein structural modelling, naturally 372 

occurring genetic variation, and integrated ex vivo drug susceptibility data to identify the most plausible 373 

candidate genes for future functional investigation. Each analytical layer addressed a different aspect of 374 

biological plausibility. Rhythmic transcription identified genes whose expression timing resembled that of 375 

pfk13, network analyses prioritized genes with consistent transcriptional relationships, structural modelling 376 

identified missense variants predicted to alter protein stability, population genomic data established which 377 

variants circulate in field parasites, and ex vivo susceptibility data assessed whether the variants were 378 

associated with altered dihydroartemisinin susceptibility. This multi-layered strategy increased specificity by 379 

requiring support from several independent sources of evidence, although we acknowledge that this stringency 380 

may have excluded true candidates that were supported by only one or a few analytical layers. The shared 381 

early-IDC profile of the prioritized genes (Figure 3) follows from the phase-synchrony criterion used to define 382 

the candidate set. Although this is a property of the selection rather than independent evidence, it ensures that 383 

the candidates are confined to the developmental window in which PfK13-mediated ART-R is expressed. 384 

More broadly, this integrative strategy provides a systematic approach for generating a focused set of 385 

experimentally testable candidates for future mechanistic studies. 386 

The functional diversity of the prioritized genes illustrates the breadth of biological processes represented 387 

among the candidates. The prioritized genes encode proteins involved in transcriptional regulation (AP2-G), 388 

phosphoinositide-mediated membrane signalling (PX1), membrane remodelling (DRPC, dynamin-related 389 
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protein C, annotated in PlasmoDB as a putative dynamin-like protein), host erythrocyte remodelling (RESA3), 390 

lipid activation and metabolism (ACS7 and ACS1a), and molecular chaperone function (A8IJP), together with 391 

several exported proteins whose biological functions remain poorly characterized44 . Among the prioritized 392 

genes, pfpx1 is notable because a study by Mukherjee et al. demonstrated that it participates in haemoglobin 393 

trafficking in P. falciparum, placing it within a cellular process closely linked to the established K13-mediated 394 

mechanism of ART-R21. More recent work provides converging genomic and functional evidence that pfpx1 395 

polymorphisms alter artemisinin susceptibility. Niaré et al.22 associated a pfpx1 haplotype (L1222P, M1701I, 396 

D1705N, plus two deletions) with decreased susceptibility in Ugandan field isolates, and Bower-Lepts et al.45 397 

recovered the same locus through a genetic cross of 460 recombinant progeny clones combined with in vitro 398 

drug selection. The PX1 substitution prioritized here (D384A) is distinct from the haplotype reported in those 399 

studies, indicating that variation at this locus associated with reduced susceptibility is not confined to a single 400 

allele. The remaining candidates should be viewed as candidates for functional testing, and it is not clear that 401 

ART-R involves all of the diverse biological processes represented in the candidate set. The identification of 402 

multiple prioritized variants within PF3D7_0701900, ACS7, and ACS1a, together with variant prevalences 403 

ranging from 14.7% for AP2-G N1511K to over 95% for variants in RESA3 and A8IJP, shows that the 404 

prioritization captured both relatively uncommon and highly prevalent polymorphisms. Variants at the upper 405 

end of this range are close to fixation in the sampled population and therefore contribute little discriminatory 406 

information since their appearance in significant combinations is likely driven by the lower-prevalence 407 

variants they accompany. Although direct mechanistic roles cannot be inferred from the present analyses, the 408 

convergence of transcriptomic, network, structural, genomic, and phenotypic evidence identifies these genes 409 

as candidates for functional validation.  410 

The biological relevance of our candidate set of genes is further supported by independent developmental 411 

multi-omics data from Mok et al.29 who profiled synchronized wild-type and resistance-associated K13 mutant 412 

parasites throughout the intra-erythrocytic developmental cycle. In wild-type parasites, pfk13 exhibited 413 

maximal transcript abundance during the early ring stage (0 hpi, log2 ratio 0.89), followed by a progressive 414 

decline through trophozoite development to a minimum at 32 hpi (−0.82), with re-expression at the onset of 415 

the subsequent erythrocytic cycle (0.46 at 48 hpi), closely matching the rhythmic profile recovered by our 416 

meta-analysis. pfcoronin showed a similar biphasic pattern; its expression was elevated near invasion (0 hpi, 417 

log2 ratio 0.56), fell to a trough during the trophozoite stage (32 hpi, −0.58), then rose sharply during late 418 

schizogony (40 hpi, 2.41; 48 hpi, 1.73). This early-and-late elevation, close to our meta-analysis derived peak 419 

of 45.7 hpi, indicates that the late signal represents a genuine expression peak. Notably, all prioritized 420 

candidate genes displayed a broadly similar developmental transcriptional trajectory, characterized by 421 

relatively high transcript abundance during the early IDC, declining expression through trophozoite 422 

development, and renewed expression during late schizonts and the subsequent ring stage. Although the 423 

precise timing and magnitude of expression varied between genes, the overall high–low–high pattern was 424 

remarkably consistent with that observed for pfk13, providing independent support for the conserved temporal 425 

organization identified in the present study. Furthermore, Mok et al. identified PF3D7_1218500 (PfDRPC) as 426 

differentially expressed at both the transcript and protein levels in parasites carrying resistance-associated K13 427 

mutations, while PF3D7_0701900 and PF3D7_1352900 were also differentially expressed at the transcript 428 

level between K13-mutant and wild-type parasites. The Mok et al. datasets were not among the six analysed 429 

here, so these agreements represent replication in an independent dataset rather than an echo of the criteria 430 

used to select the candidates. 431 

Beyond the specific candidates reported here, the analytical framework is itself an output of this work, and 432 

three of its components transfer readily to other problems. First, the meta-analysis yields a consensus 433 

description of IDC transcriptional timing, comprising pooled amplitude, phase and peak expression time for 434 

2,842 genes, together with heterogeneity and leave-one-study-out diagnostics (Supplementary Figure 1). 435 
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Because it draws on six datasets spanning both microarray and RNA-seq platforms, it is not tied to the 436 

idiosyncrasies of any one of them, and can be reused independently of the candidate-gene analysis reported 437 

here. Second, the phase-aware network scores gene pairs on amplitude-weighted phase similarity rather than 438 

correlation alone, and so resolves temporally coordinated modules that conventional co-expression analysis 439 

leaves buried within much larger communities. This approach is applicable to any organism with a periodic 440 

transcriptional programme. Third, the combinatorial screen tests combinations of variants directly rather than 441 

assuming additive single-variant effects, which suits populations in which variants co-segregate as haplotypes. 442 

Because these components are modular, the same framework extends to partner-drug resistance, to other 443 

Plasmodium species, or to any phenotype whose candidate genes are expected to act within a defined 444 

developmental window. More broadly, the framework reframes the search for resistance determinants as a 445 

question of when a gene acts rather than of sequence alone. As genomic surveillance continues to generate 446 

candidate variants faster than they can be functionally validated, prioritization schemes that draw on 447 

independent biological information, rather than statistical association alone, offer one route to closing that 448 

gap.This study identified promising candidate molecular markers associated with artemisinin response, though 449 

some limitations should be acknowledged. First, our analyses were based on previously generated 450 

transcriptomic datasets obtained under laboratory conditions and may not fully capture the transcriptional 451 

heterogeneity present in natural P. falciparum infections across diverse epidemiological settings. Related to 452 

this, nominal hours post-invasion are not strictly equivalent across studies, since synchronisation protocols 453 

differ e.g., six sequential sorbitol treatments in Bozdech et al., L-alanine synchronisation in Painter et al., and 454 

Percoll purification with a two-hour invasion window in Subudhi et al. So a residual inter-study phase offset 455 

of one to two hours is expected independently of any analytical choice. The random-effects framework 456 

accommodates this directly, since such offsets contribute to the between-study variance τ² and are therefore 457 

reflected in the heterogeneity statistics reported for each gene. They are propagated into the uncertainty of the 458 

pooled phase estimates rather than being assumed away. Second, the co-expression and phase-aware network 459 

analyses identify coordinated transcriptional patterns rather than direct regulatory or molecular interactions, 460 

and therefore cannot establish causal relationships among the prioritized genes. Third, computational 461 

predictions of protein structural stability provide indirect evidence of the potential consequences of genetic 462 

variation and cannot substitute for experimental characterization. It is not clear that polymorphisms most likely 463 

to disrupt protein stability are those likely to impact on drug susceptibility. Finally, the biological roles of 464 

these proteins in artemisinin response remain to be established through genome editing, functional genomics, 465 

biochemical characterization, and prospective phenotypic studies. Nevertheless, the convergence of multiple 466 

independent sources of evidence across complementary analytical approaches provides a compelling basis for 467 

prioritizing candidate proteins for experimental investigation. 468 

Data availability 469 

All datasets analysed were previously published and publicly available; no new sequencing data were 470 

generated. Six Plasmodium falciparum intra-erythrocytic developmental cycle transcriptomic datasets were 471 

obtained from Bozdech et al.²⁸, Otto et al.³⁰, Broadbent et al.³³, Chappell et al.³⁴, Painter et al.³⁵ and Subudhi et 472 

al.³⁶. These can be accessed as described in the respective publications. Whole-genome sequencing data were 473 

obtained from Niaré et al.²² (NCBI BioProject PRJNA1298911), while ex vivo dihydroartemisinin 474 

susceptibility data can be obtained upon reasonable request to the corresponding author. 475 

Code availability 476 

All code used in this study has been deposited in the GitHub repository 477 

(https://github.com/aceuganda/AIMaR). The repository includes annotated Jupyter notebooks for 478 

transcriptomic analyses, co-expression and phase-aware network construction, and pfk13-centred network 479 

analyses. Variant prioritisation and the WGS workflows are also provided as reusable Google Antigravity 480 

agent skills.  481 

https://github.com/aceuganda/AIMaR?utm_source=chatgpt.com
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Supplementary material 620 

Supplementary Figure 1: Leave-one-study-out sensitivity analyses demonstrated high stability of the 621 

inferred rhythmic programmes. Exclusion of individual datasets resulted in only modest changes in rhythmic 622 

vector magnitude, oscillation amplitude, and phase estimates for the majority of genes, indicating that the 623 

observed rhythmic patterns were not driven by any single study and were broadly conserved across datasets. 624 

 625 

 626 

Supplementary Table 1: Stage-specific peak expression timing of known antimalarial resistance-associated 627 

genes across the 48-hour intraerythrocytic developmental cycle (IDC). Most resistance-associated genes 628 

reached peak expression during the trophozoite stage, while pfap2-μ and pfk13 peaked during the early ring 629 

stage, pfmrp1 and ferredoxin during the trophozoite-to-schizont transition, and coronin during late schizogony. 630 

These results show that resistance-associated genes are activated at distinct developmental stages and form 631 

part of the parasite’s temporally coordinated IDC transcriptional programme. 632 

IDC Stage Genes 

Early ring stage (0–8 h) ap2-μ (0.3 h), k13 (3.4 h) 

Early/Mid trophozoite stage (8–24 h) mdr1 (9.0 h), mrp2 (12.1 h), crt (12.2 h), plasmepsin III 

(17.9 h), plasmepsin II (20.2 h), dhps (21.7 h), mdr2 (23.5 

h) 

Late trophozoite / schizont stage (24–36 

h) 

mrp1 (27.6 h), ferredoxin (32.2 h) 

Late schizont stage (>36 h) coronin (45.7 h) 

 633 
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