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ABSTRACT
Many of the gene regulatory processes of Plasmodium falciparum, the deadliest malaria parasite, remain poorly understood. To develop a comprehensive guide for exploring this organism’s gene regulatory network, we generated a systems-level model of
P. falciparum gene regulation using a well-validated,
machine-learning approach for predicting interactions between transcription regulators and their targets. The resulting network accurately predicts expression levels of transcriptionally coherent gene
regulatory programs in independent transcriptomic
data sets from parasites collected by different research groups in diverse laboratory and field settings. Thus, our results indicate that our gene regulatory model has predictive power and utility as a
hypothesis-generating tool for illuminating clinically
relevant gene regulatory mechanisms within P. falciparum. Using the set of regulatory programs we identified, we also investigated correlates of artemisinin
resistance based on gene expression coherence. We
report that resistance is associated with incoherent expression across many regulatory programs,
including those controlling genes associated with
erythrocyte-host engagement. These results suggest
that parasite populations with reduced artemisinin
sensitivity are more transcriptionally heterogenous.
This pattern is consistent with a model where the parasite utilizes bet-hedging strategies to diversify the

population, rendering a subpopulation more able to
navigate drug treatment.
INTRODUCTION
Despite decades-long eradication campaigns, malaria remains a global burden with an estimated 405 000 deaths
worldwide in 2018 (1), largely as a result of the deadliest
malaria parasite, Plasmodium falciparum. While malariaassociated deaths have declined over the past decade, likely
due to both vector control measures and the roll-out of
artemisinin-based combination therapies, the annual death
rate has plateaued in recent years. The origin of all malariaassociated mortality and morbidity is the destructive, cyclic
asexual development of blood stage parasites that leads to
erythrocyte death. Thus, elucidating the parasite’s molecular regulatory mechanisms during its blood stage provides
opportunities for identifying drug targets that would reduce
the global burden of the disease. While extensive gene regulation at the level of translational repression occurs during the parasite’s mosquito-to-man and man-to-mosquito
transitions (2–4), it appears that transcriptional, not translational regulation, plays a dominant role in protein regulation during the asexual, blood stage cycle (5). Transcriptional profiling has illustrated oscillatory patterns in cohorts of genes (6), suggesting that tightly regulated transcriptional networks initiate and/or respond to parasite life
cycle progression within the asexual blood stage. However,
outstanding questions that surround transcriptional regulation in P. falciparum asexual stages remain. To elucidate the
gene regulatory interactions that contribute to key cellular
processes in blood stage P. falciparum, we aimed to build a
predictive genome-scale transcriptional regulatory network
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a given phenotype. A critical phenotype of global importance is the loss of artemisinin sensitivity in Plasmodium
parasites. Artemisinin and its derivatives are widely used in
combination therapies against malaria to quickly reduce the
patient’s parasite biomass. Several countries have seen the
emergence of parasite strains that require extended clearance times following artemisinin-based therapy, threatening one of the cornerstones of malaria treatment across
the globe (24). Importantly, although genetic correlates of
artemisinin resistance have been identified (25), including
mutations in the Kelch13 protein (26,27), not all parasites with a reduction in sensitivity of artemisinin harbor
Kelch13 mutations, and the molecular pathways underpinning artemisinin resistance include global processes such
as production of phosphatidylinositol 3-phosphate containing vesicles (28), oxidative stress (29), the unfolded protein
response (30) and hemoglobin endocytosis (31). A comprehensive view of how a parasite is able to circumvent
artemisinin has yet to be fully defined (32). To elucidate
properties associated with artemisinin resistance, we identified concordant gene sets generated for the EGRIN that
were associated with transcriptomic samples collected prior
to artemisinin-based therapy that showed an artemisininsensitive (AS) or artemisinin-resistant (AR) phenotype after therapy. We hypothesized that molecular mechanisms
underlying artemisinin resistance would manifest as gene
sets showing elevated coherence among samples with longer
parasite clearance times. Surprisingly, our analysis revealed
that artemisinin resistance is linked to dramatically less
coherence across a range of gene regulatory mechanisms,
including––but not limited to––those associated with processes known to be part of the parasite’s bet-hedging strategy for evading the immune system during blood stage
infection and persisting in the presence of environmental
stress (33,34).
MATERIALS AND METHODS
Data sources
Transcriptomic data used to train our PfEGRIN model
were downloaded from Gene Expression Omnibus (GEO)
accession GSE59097 using the R package GEOquery (35).
This data set is associated with a study by Mok, et al. (30)
that examined transcriptomic correlates of artemisinin resistance. It consists of microarray-based gene expression
measurements on 1043 P. falciparum field isolates obtained
in Bangladesh, Democratic Republic of Congo, Cambodia,
Laos, Myanmar, Thailand and Vietnam. Each transcriptomic profile in this data set represents an individual patient’s infection, was obtained prior to artemisinin-based
therapy, and is associated with an infection-specific parasite
clearance half-life value. AR and AS parasites were found
in all geographic regions where sampling occurred.
The Mok et al. study also includes a separate 110-sample
transcriptomic data set (GEO accession GSE59098) consisting of microarray measurements on blood stage parasites that were collected from 19 of the Pailin, Western Cambodia patients in accession GSE59097, cultured ex vivo, and
then sampled at various timepoints over 40 hours. This data
set was one of three used to assess the model’s ability to predict gene expression levels in transcriptomic data not used
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(TRN) for the parasite that could be applied to laboratory
and field-isolated P. falciparum strains alike.
TRNs link transcription factors (TFs) with their targets
and are generally constructed using a set of transcriptomes
and a pre-existing set of TF-target pairs (7). A TRN, therefore, can provide biological insight by predicting––on a
global scale––which proteins regulate which genes, which
proteins are critical in functional networks, and how the organism’s overall regulatory system is organized. The Apicomplexan Apetala2 (ApiAP2) family of DNA binding proteins is the dominant set of characterized TFs for Plasmodium (8), and has been demonstrated to bind specific
DNA sequences (9) and regulate multiple steps in parasite
life cycle progression (8,10) including erythrocyte invasion
(11), blood stage replication (8), sexual differentiation (12),
oocyst development (13), sporogony (14) and liver stage development (15). Other TFs have been molecularly analyzed
(16) and putative TFs have been identified using computational approaches (17,18). Building a P. falciparum TRN allowed us to predict and quantify, on a genome scale, which
of these transcriptional regulators influence which target
genes. Thus, our TRN represents a large set of hypotheses
about which gene products regulate the expression of other
genes and to what degree. Together, these hypotheses provide a systems-level roadmap that can help guide empirical
studies aimed at unraveling the mechanistic relationships
between molecular role players in P. falciparum.
To construct the network, we employed a set of systems biology tools and an analysis methodology previously developed for constructing Environmental and Gene
Regulatory Influence Networks (EGRINs) in microbes
such as Halobacterium salinarum (19,20), Escherichia coli
(19), Mycobacterium tuberculosis (21) and Saccharomyces
cerevisiae (22) (Figure 1). The genome-level transcriptional
control networks predicted by these EGRINs have been
validated previously through, for example, empirical confirmation of predicted TF binding sites in E. coli (19) and
gene expression changes due to TF overexpression in M. tuberculosis (21). The biological insights derived from these
EGRINs include the identification of novel regulators of
peroxisome-related genes in S. cerevisiae (22) and regulators of bedaquiline tolerance in M. tuberculosis (23). We
built the P. falciparum EGRIN (PfEGRIN) by analyzing
transcriptomic data sets to discover co-regulated groups of
genes, and then performed regularized regression to determine which proteins regulate those genes, and to what extent. The result is a set of weighted interactions between
transcription regulators (TRs) and their targets comprising
a genome-wide regulatory network that can be used to predict target gene expression levels based on expression levels of their regulators (Figure 1). Here, we detail the development of the PfEGRIN, report its capabilities for predicting global gene expression across multiple validation
data sets, characterize its structural organization, and profile TRs with the highest number of regulatory targets in the
model. Moreover, we use the EGRIN model to gain insight
into mechanisms that enable artemisinin resistance.
Beyond outputting weighted TR-target interactions (i.e.
hypotheses regarding which TRs influence the expression
of which transcripts), EGRIN models facilitate the identification of concordant sets of transcripts associated with
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to train the model. The other two data sets used in this assessment are available through GEO accessions GSE83667
and GSE116341. GSE83667 consists of 58 microarraybased, P. falciparum transcriptomic profiles obtained from
blood samples collected in Malawi (36). GSE116341 primarily consists of single-cell RNA-seq data from an in vitro
P. falciparum blood stage strain, but also includes 28 bulk
RNA-seq measurements on parasite populations, which we
used for model validation (37).
FASTA and GFF files containing genome sequence and
annotation information for the P. falciparum 3D7 strain
were downloaded from plasmodb.org (38) (release 42) and
used in cMonkey2 runs.
A FASTA file containing P. falciparum 3D7 protein sequence information across the organism’s proteome was
downloaded from UniProt (39) for use in identifying proteins with potential gene regulatory functions.
Model construction
To generate our global gene regulatory network, we adapted
a workflow previously used to generate EGRINs for
Halobacterium salinarum and E. coli (19). First, we used
the cMonkey2 biclustering tool (40,41) (version 1.2.11) to
identify co-regulated genes among the transcriptomic profiles from training data (GEO accession GSE59097). The
output of a cMonkey2 run is a set of biclusters, each of
which contains a set of genes and a set of transcriptomic
samples in which those genes show elevated expression coherence. Thus, each bicluster represents genes that are likely
co-expressed as part of a common regulatory program. We
then used the Inferelator, a regression analysis algorithm
(20,42) (https://github.com/baliga-lab/cMonkeyNwInf) to
generate a network of weighted regulator-target interactions from the collection of biclusters in each cMonkey2
run in combination with a list of P. falciparum transcriptional regulators. The weights of these interactions, which
quantify the influence that regulators have on their target
genes, were then averaged across these EGRINs to create an
ensemble EGRIN. The final list of 90 300 regulator-target

pairs comprising the model was determined by ranking all
pairs in the ensemble EGRIN by their absolute weights,
then testing model predictions on training data using various percentages of the top-ranked pairs.
In the context of EGRIN modeling, when discussing the
transcriptional influence of gene products on other genes’
expression, we make a distinction between TFs and TRs.
We refer to proteins that have been demonstrated to regulate target gene expression by binding to cis-regulatory
DNA elements as TFs. We consider TRs a broader set of
proteins that regulate gene expression, but not necessarily
through sequence-specific DNA-binding. We make this distinction because many of the proteins presumed to have
gene regulatory activity in our model have not been molecularly analyzed, and their precise modes of action as regulators remain unknown. It is a distinction we introduce to
make it clear that the complement of regulatory proteins
in our model is not limited to those that exert regulatory
influence through sequence-specific, cis-regulatory DNAbinding, but also includes proteins that may influence expression via more indirect mechanisms (hence the use of the
word ‘Influence’ in the term EGRIN).
Identifying biclusters from transcriptomic data
The cMonkey2 biclustering tool identifies potential gene
regulatory programs based on transcriptomic data and a
priori biological knowledge (40,41). The tool groups genes
based on their coherence across transcriptomic profiles;
genes with expression levels that shift more in parallel across
transcriptomic profiles are more likely to be grouped together by the algorithm as this suggests the genes may be
under the influence of a common set of transcriptional regulators. Concomitantly, cMonkey2 identifies subsets of transcriptomic profiles (samples) in which gene sets show high
coherence. This allows cMonkey2 to delineate particular experimental samples in which gene coherence is high. For
example, expression in a certain regulatory pathway may
only be coherent among transcriptomic profiles from samples that were treated with a certain drug.
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Figure 1. Overall workflow used to generate the global P. falciparum EGRIN. We used cMonkey2 to generate biclusters containing genes showing coherence
across sample subsets, then used the Inferelator tool to combine that information with a list of transcription regulators (TRs) to generate a genome-scale
regulatory network. A higher-resolution image of the network visualization on the right is provided in Supplementary Figure S4. Network visualization
generated using the ‘circlize’ R package (69).
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Inferring a gene regulatory influence network from biclusters
The Inferelator tool uses elastic net regularization, which
is a linear regression-based statistical modeling method, to
determine which P. falciparum TRs regulate which target
genes and to quantify the direction and strength of that
regulatory influence. Given the biclusters from a cMonkey2
run and a list of TRs assumed to have regulatory influence
on the organism’s genes, the Inferelator generates a list of
weighted TR-bicluster pairs that indicates which TRs regulate which groups of biclustered genes and to what degree. Generally speaking, this determines which TRs regulate which gene regulatory programs identified by cMonkey2. The weights of the TR-bicluster pairs quantify the influence of a TR on a gene regulatory program and are determined by the elastic net algorithm underlying the Inferelator. They represent the elastic net algorithm’s best esti-

mates for predicting the mean expression levels of genes in
a bicluster from the expression levels of TRs. Our systemslevel EGRIN, which is composed of relationships between
TRs and target genes, is constructed from the TR-bicluster
pairs: For each such pair, a regulatory relationship between
the TR and each individual gene member of the bicluster
is asserted in the EGRIN, and the TR-bicluster weight is
used as the weight of that relationship. The resulting set of
relationships can be analyzed as a node-and-edge network
consisting of genes (nodes) and the directed, weighted regulatory relationships between them (edges). Using these relationships, expression levels for individual genes can be computed using only the expression values of TRs predicted to
influence their expression. This can be done for any individual transcriptomic profile for which TR expression values
are available. Gene expression predictions are obtained by
first collecting all TR-target pairs that include the gene and
have non-zero weights, and then multiplying each weight by
the expression level of the TR in the pair, then summing
these products across the TR-target pairs.
The Inferelator identifies regulatory relationships using
correlation, and one of the challenges in developing a network using a correlation-based approach is determining
the directionality of regulatory relationships. For example, if two TRs have well-correlated expression levels, this
may indicate that the first regulates the second, the second
regulates the first, or the regulation is reciprocal. If given
temporally-resolved expression data as input, the Inferelator can address this issue using dynamic modeling of TRtarget interactions. The data used here for model training
were from a single time point, and dynamic modeling was
therefore not applicable. However, an additional way to address the directionality issue, which was used in our approach, is by applying de novo upstream motif detection
when using cMonkey2 to identify biclusters. Doing so adds
an additional layer of biological evidence indicating that coregulated genes in a bicluster are targets of some TR and not
necessarily the reverse. Thus, while the Inferelator may find
a regulatory relationship suggesting that TR1 targets TR2 , it
may not necessarily predict the reciprocal because upstream
motif detection may assign TR1 to a bicluster whose overall expression profile does not correlate well with TR2 . We
therefore assume that each individual TR-target regulatory
relationship identified by the Inferelator is unidirectional.
Reciprocal relationships may nonetheless appear in the resulting network if the Inferelator separately identifies both
elements of a reciprocal relationship between TRs.
Determining model convergence
The cMonkey2 algorithm includes elements of randomness
as it attempts to optimally group genes and samples together. For example, at the beginning of each cMonkey2
run, genes and samples are randomly divided into a specified number of biclusters. Additionally, to avoid falling into
local minima, a small amount of random noise is applied to
the probability matrix used to assign genes to biclusters at
each iteration of the algorithm. At the end of each iteration,
a random set of elements (genes or samples) is selected for
bicluster re-assignment as part of the algorithm’s optimization routine (19). Therefore, separate cMonkey2 runs using
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For details on the cMonkey2 algorithm, we refer to the
reader to the original paper describing the algorithm (40)
and the Supplementary Information in Brooks, et al. (19)
which describes updates to the algorithm present in the
version of cMonkey2 used to construct the PfEGRIN. To
summarize, the algorithm uses a stochastic procedure modeled after k-means clustering to optimize the assignment of
genes and transcriptomic samples to a pre-defined number
of biclusters. First, genes and transcriptomic samples are
divided into the set of biclusters using k-means clustering.
Then, across a series of iterations, the algorithm updates
the assignment of genes and samples among the biclusters
based on a scoring metric that quantifies how well a gene or
sample fits within a particular bicluster (analogous to determining closeness to the centroid of a k-means cluster). This
metric incorporates measures of concordance in gene expression levels, agreement among predicted upstream gene
regulators, and other data providing evidence for gene interactions such as protein-protein interaction networks. The
result is a set of biclusters containing genes that show high
likelihood of being co-regulated within a common gene regulatory program among samples in the bicluster.
To prepare the transcriptomic data from the GSE59097
training data set for cMonkey2 biclustering analysis, we
normalized the data on a gene-by-gene basis using a z-score
transform. The 5000 genes with the highest standard deviation across samples in the raw GSE59097 expression data
were used in our runs. This cutoff was chosen to be consistent with established cMonkey2 protocols, to ensure comparability against previous EGRIN development efforts,
and to avoid fitting our model to potential noise generated
by transcripts with low variance while ensuring that a comprehensive set of P. falciparum genes remained in the model.
Runs were performed using the Bicluster Sampled Coherence Metric (BSCM), which helps optimize the difference
in coherence between samples within a bicluster and those
not in the bicluster (43). cMonkey2 runs were performed
with de novo binding motif detection enabled. This means
that when the tool calculates the likelihood that a gene belongs within a particular bicluster, it scans the P. falciparum
genome to determine if the gene and those in the bicluster
share common upstream binding motifs and are therefore
more likely to be co-regulated.
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Compiling P. falciparum transcription regulators
The list of TRs used as input to the Inferelator consists of
known, empirically-analyzed TFs, predicted TRs reported
in the literature, and predicted TRs we identified through
a protein domain analysis performed on the P. falciparum
proteome. The TR list was populated in part using the collection of regulatory genes previously compiled by Bischoff
and Vaquero (17) who used Pfam Hidden Markov Model
profiles (44) to identify proteins with potential transcriptional activity. Among the 202 genes they identified, their
list includes the 27 genes encoding ApiAP2 proteins (45).
We also included empirically-analyzed and putative TFs
mentioned in a recent review (16). To further expand the
list, sequences for proteins in the P. falciparum proteome
were downloaded from UniProt (39) and then input to the
InterProScan tool (46) to identify protein domains within
each proteome entry. InterProScan utilizes domain information from several databases, including Pfam (44) and
SMART (47), and provides textual descriptions of any domains that are found within the scanned proteins. From the
InterProScan output, we selected any proteins annotated
against protein domains containing the phrase ‘DNA binding’ or ‘transcription factor’. We accounted for subtle variations in these specific phrases. For example, domain annotations containing the phrase ‘dna-binding’, ‘DNA binding’ or ‘dna binding’ were all flagged by our approach. We
added the genes encoding these proteins to the existing list
of TRs, accounted for overlap, then selected those genes
that were present in the list of 5000 used for our cMonkey2
runs. This final list of genes was used as input to each of the
Inferelator runs we performed to generate our ensemble of
EGRIN models.
Model evaluation
Evaluations using the three transcriptomic validation data
sets compared measured and model-predicted mean gene
expression across the biclusters generated from our 77
cMonkey2 runs. For all three validation data sets, the model

was used to predict expression values for each gene in a
bicluster using the measured expression levels of the TRs
regulating those genes and the weight of those interactions
in our model. For each bicluster tested, the mean modelpredicted expression of its genes was computed and compared to the mean measured expression from the validation
data set. To ensure the comparisons were valid, we normalized the validation data using the same method applied to
the training data used to create the model (gene-by-gene
z-score transform). To quantify model accuracy, we calculated root-mean-square errors (RMSEs) between the predicted and measured values across samples in each bicluster.
In some cases, due to missing values in samples within the
validation sets, we were not able to compare the full complement of predicted and measured values for each sample. Therefore, for a bicluster to be included in this analysis,
we required that more than half of the samples in the validation data set contain the full complement of predictedto-measured gene expression comparisons. An archive of
R scripts and data objects that allow a user to reproduce
model-based, quantitative predictions reported here is included as Supplementary Data.
For evaluations that assessed overlap between modelpredicted targets of ApiAP2 TFs and targets predicted
based on empirically-derived binding sequence motifs, we
used the ‘TF Binding Site Evidence’ page on plasmodb.org
to retrieve lists of genes that are targeted by ApiAP2 TFs
based on the presence of TF-specific upstream binding motifs. We used the page’s default parameters to set the size of
the upstream region to scan (1000 bp), the minimum number of motifs per gene (1 motif) and the minimum confidence level for a match to the motif (P-value ≤ 1e–4). We
then compared the retrieved lists to the targets of ApiAP2
TFs predicted by our model. For each ApiAP2 TF evaluated, a hypergeometric enrichment test was used to quantify the overlap between motif-based and model-based target predictions.
Identifying correlates of artemisinin resistance
Hypergeometric enrichment tests were used to identify biclusters that were either significantly enriched for samples with AR infections or significantly enriched for samples with AS infections. In accordance with previous criteria used to analyze the training data used to build our
model, we classified samples with parasite clearance halflives greater than or equal to 5 h as AR (30). Samples with
lower clearance times were classified as AS. After identifying biclusters that showed over-representation of either
the AR or AS group, we functionally profiled the genes in
the biclusters by determining their enrichment for members
of gene sets collected from the Gene Ontology (48,49), the
Malaria Parasite Metabolic Pathways (MPMP) resource
(50,51), and data sets associated with stage-specific gene expression at different points in the parasite life cycle (52–59).
RESULTS
Gene regulatory network model construction
To generate a robust P. falciparum EGRIN, we adapted a
workflow previously used to create EGRINs for H. salinarum and E. coli (19). As illustrated in Figure 1, we first
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the same input data do not generate identical results, and an
ensemble of cMonkey2 runs is needed to account for runto-run variation and produce statistically robust results.
To determine the number of cMonkey2 runs needed to
ensure robustness in our final gene regulatory model, we
performed multiple cMonkey2 runs, then used separate Inferelator runs to compute TR-target weights for each individual cMonkey2 run. We determined what percentage of
TR-target pairs produced by the Inferelator had average
weights that shifted less than 5% when comparing average
weights over the total number of cMonkey2 runs to average weights over three less than the total number of runs. If
more than 95% of the averaged TR-target weights shifted
less than 5%, then we concluded that additional cMonkey2 runs would not substantially change the gene regulatory network model derived from the averaged weights. We
reached our target level of convergence for TR-target interaction weights after 77 cMonkey2/Inferelator runs: less
than 5% of the average weights on TR-target interactions
changed >5% between 74 and 77 runs (Supplementary Figures S1 and S2).
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Generating biclusters
The primary product of a cMonkey2 run is a set of biclusters, each of which contains a set of genes and a set of samples whose transcriptomic profiles show elevated coherence
among those genes. Put another way, there are a set of transcripts that increase and decrease together, within a set of
samples. These biclusters identify genes that may be part of
a common regulatory program and thus, form the foundation of EGRIN models (Figure 2). The difference between
coherent gene expression among samples within a bicluster and the remaining samples in the data set can be visualized by normalized gene expression (Figure 2, top) or by
examining the standard deviation between transcript levels
of genes within the bicluster (Figure 2, bottom). Here, we
have used the biclusters output by cMonkey2 to (i) group P.
falciparum genes into distinct regulatory programs that are
then associated with TRs to build our EGRIN model, and
(ii) identify genes that are associated with artemisinin resistance or sensitivity by identifying biclusters whose sample
membership showed enrichment for either artemisinin resistant or artemisinin sensitive samples.
Because cMonkey2 involves stochasticity in the biclustering initialization process as well as each iteration of the
optimization process, cMonkey2 runs are not deterministic.
Thus, the biclusters generated between runs are not identical, and an ensemble of cMonkey2 runs is needed to ensure
the results are statistically robust. To determine the required
number of cMonkey2 runs that would result in a robust
PfEGRIN, we performed runs until 95% of the TR-target
weights generated by the Inferelator from each run showed
convergence based on their average values across runs. We
found that our model showed convergence after 77 cMonkey2 runs (Supplementary Figures S1, S2).
Identifying candidate transcription regulators
Building an EGRIN model requires both cMonkey2 runs
and a list of TRs as input to the Inferelator (Figure 1).
Our compiled list of TRs includes the ApiAP2 proteins, a

previously compiled list of computationally-predicted
transcription-associated proteins (17), empiricallyanalyzed and additional candidate TRs (16), and additional
proteins that we identified as having potential regulatory
activity (Supplementary Table S1). We identified this latter
group of proteins in the interest of being inclusive in our TR
list, given that much of the gene regulatory landscape of P.
falciparum remains uncharacterized. Furthermore, whereas
our network-construction methodology can optimize
the model by removing TRs with little or no regulatory
influence, it cannot add TRs as part of this optimization
process. Therefore, we aimed to compile an inclusive list of
potential TRs so that we did not exclude genes with critical
regulatory roles. Using the InterProScan tool, we identified
proteins in the P. falciparum proteome containing protein
domains that indicate potential gene regulatory functions.
Out of the full P. falciparum proteome, 4996 proteins were
annotated with at least one protein domain. Of these, 105
were annotated with domains that suggested a potential
role as a TR, 92 of which were in the list of 5000 genes used
as input to the cMonkey2 runs (see Identifying biclusters
from transcriptomic data). Twenty-four of the 92 were in
the list of TRs that we had already compiled from literature
sources. Thus, through this analysis, 68 novel candidate
TRs were added to the previously compiled list of TRs,
bringing the number of TRs used to train our EGRIN to
258.
Generating and quantifying the gene regulatory influence network
Using a set of TRs and the biclusters from a cMonkey2 run,
the Inferelator uses elastic net regularization to produce a
list of TR-bicluster pairs with weights that quantify the influence of the TR on the genes in the bicluster (Figure 1).
These weights are then assigned to each gene in that bicluster to generate a network consisting of weighted edges that
link TR-target gene pairs. For each of our cMonkey2 runs,
we performed a separate Inferelator run to generate a TRtarget network, then aggregated the results from the Inferelator runs into an ensemble network as described previously
(19). Using an input set of TR expression values in the ensemble network, we can then predict the expression level of
an individual gene by identifying which TRs regulate the
gene, then computing the dot product of the weights on the
TRs regulating the gene and the TRs’ expression levels.
In accordance with previous EGRIN modeling efforts,
we initially used the top 100 000 TR-target pairs with the
highest absolute weights in our ensemble network for our
PfEGRIN model. To determine if this cutoff would produce
the most predictive model, we performed an optimization
analysis that compared the predictive capabilities of models consisting of different numbers of top-ranked TR-target
pairs. This analysis assessed the accuracy of model predictions on mean bicluster gene expression across the 38 500
biclusters generated by our 77 cMonkey2 runs. We found
that a model consisting of 7% (90 300) of the top-ranked
TR-target interactions from the ensemble gene regulatory
network provided the best fit to the training data based on
mean RMSE values (Supplementary Figure S3). The final
PfEGRIN model, therefore, consists of these 90 300 TR-
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used the biclustering tool cMonkey2 (40,41) to identify
genes and transcriptomic samples that group together based
on gene expression coherence. These biclusters were computed based on a large P. falciparum transcriptomic data
set (GEO accession GSE59097) and the genomic sequence
of the organism. We then used the Inferelator tool (20,42)
to generate a network of weighted TR-target interactions
based on coherence between TRs and biclustered genes. The
list of TRs used for this step was compiled from known,
empirically-analyzed TFs (16), putative regulators compiled via computational methods in a previous study (17),
and an analysis we performed using InterProScan (46) that
identified additional proteins with potential regulatory activity. For semantic clarity, we reserve the TF term for proteins that have been shown to bind to cis-regulatory DNA
elements; TRs are a broader class of proteins including
TFs whose regulatory activity is not necessarily limited to
sequence-specific binding. In the following sections, we detail results from each step in our workflow which ultimately
culminated in our system-level gene regulatory network.
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Table 1. Connectivity metrics from the TR-target regulatory network
Number of interactions
Number of genes

Number of TRs

+

−

5000

258

77 639

12 661

target pairs. An R data object file listing these interactions
and their weights is provided in the Supplementary Data.
Gene regulatory network characteristics
The final PfEGRIN model consists of 5000 genes (nodes)
and 90 300 TR-target interactions (weighted edges) (Table
1, Supplementary Figure S4). Positive regulation of target
genes by TRs dominates (86%) the network. All 5000 genes,
including the 258 TRs, are predicted to be regulated by at
least one TR. Five TRs had no influence on the expression
of other genes in the model but were regulated by other TRs.
These included two TRs from the list compiled by Bischoff
and Vaquero (17) (PF3D7 0215700 and PF3D7 1353500)
and three TRs included based on our InterProScan analysis
(PF3D7 1233000, PF3D7 1235400, and PF3D7 1312400),
none of which are members of the ApiAP2 family. Thus,
the model includes 253 TRs that influence the expression of
target genes.
To investigate the topology of the regulatory network, we
performed network analyses focused on the outgoing connectivity (out-degree) of TR nodes. The majority of TRs
regulate a small number of target genes, while few TRs
regulate a relatively large number of target genes (Figure
3A). Comparing the probability density of TRs and their
out-degrees on a log-log scale revealed a linear relationship
(Pearson correlation coefficient = –0.86, P-value = 3.6e–
9), indicating that the network degree distribution follows
a power-law (Figure 3A, inset). This suggests a scale-free
topology, which is a general characteristic of many networks in nature and society (60–62). For a scale-free network, the probability of a node having an out-degree of k
follows the power-law function
p (k) ∼ k−γ

where ␥ is the power law scaling exponent. The scaling
exponent of our P. falciparum gene regulatory network is
1.01, which is smaller than empirically-derived exponents
obtained from other eukaryotic model organisms including C. elegans (4.12), D. melanogaster (3.04), S. cerevisiae
(2.0) and A. thaliana (1.73) (63). The scale-free connectivity suggests that gene regulation is performed by a relatively low number of highly influential TRs. We ranked the
TRs based on their out-degrees and plotted the cumulative proportion of TRs against the cumulative proportion
of the corresponding target genes (Lorenz curve (64); Figure 3B). The deviation of the curve from the line of equality again demonstrates that a small fraction of TRs regulates a significant number of target genes in the PfEGRIN
model.
As part of these network analyses, we also examined
whether the approach used to compile our TR list was
overly inclusive and resulted in an excess of TRs with low
connectivity. If, for example, the TRs added through our InterProScan analysis contained proteins with substantially
less impact on gene regulation, we would expect that the
out-degree distribution of that set of TRs to skew toward
lower out-degrees. However, we found that the distribution
of out-degrees among ApiAP2s proteins, non-ApiAP2 TRs
compiled previously (17), and the additional TRs we identified in our InterProScan analysis did not differ significantly
(Kruskal–Wallis test, P-value = 0.32, Supplementary Figure S5). These results indicate that these TR categories influence the overall network according to a similar pattern
of connectivity and suggest that our approach for compiling TRs was appropriately inclusive.
The majority of TRs (249/258) included in the EGRIN
model influence <1000 genes. There are nine TRs that
each influence >1000 genes with PF3D7 0407600 having
the highest out-degree (1791). Together, these nine TRs influence 87.8% of the target genes in the model (4390). To
assess their functional roles, we tested each TR’s set of
regulatory targets for enrichment of functional gene sets
from GO, the MPMP resource, and sets associated with
specific parasite life cycle stages. The median number of
sets significantly enriched among these ‘hub’ TRs was 38
(range: 23–73). The TR with the highest number of targets,
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Figure 2. Example of cMonkey2 biclustering. Heatmap colors indicate normalized expression values for genes in an example bicluster across 380 transcriptomic samples within the bicluster (gray annotation bar) and 663 samples not in the bicluster (black annotation bar). Scatterplot below heatmap indicates
standard deviation (SD) of expression across genes for each sample. Samples in the bicluster show lower SD (more coherence) compared to the samples
not in the bicluster.
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PF3D7 0407600, showed the highest number of enriched
sets. For all nine TRs, their gene targets were significantly
enriched for GO:antigenic variation, GO:host cell plasma
membrane, MPMP:Interactions between modified host cell
membrane and endothelial cell, MPMP:Rosette formation
between normal and infected RBC, and MPMP:Structure
of telomere and subtelomeric regions (hypergeometric test,
FDR-corrected P-value < 0.05). These results, which link
the predicted ‘hub’ TRs in our model to antigenic variation and host-parasite cell interactions, are consistent
with the critical functions of ring-stage parasites such
as those whose transcriptomes were used to build our
model (30).
The TR with the highest number of regulatory targets,
PF3D7 0407600, is an uncharacterized gene that has received little attention in the P. falciparum gene regulation
literature. It is included in our list of compiled TRs based
on its presence in the TR list compiled by Bischoff and Vaquero (17) whose analyses identified C2H2-type zinc finger
domains in this protein. The TR’s high predicted out-degree
in our model suggests that the gene’s protein product may
play a critical regulatory role in blood-stage parasite infections, and our functional gene set enrichment analysis of the
targets of PF3D7 0407600 suggests it may regulate a variety of biological functions. Gene sets with the highest enrichment scores include those associated with the parasite’s
gametocyte and late-ring stages as well as protein phosphorylation and host-parasite cell interactions.
The TR with the second-highest number of regulatory
targets is PF3D7 1007700 (PfAP2-I). This gene encodes an
ApiAP2 protein that plays a important role in erythrocyte
invasion (11). Our model-predicted targets of PfAP2-I enriched for 23 functional gene sets, including sets associated
with antigenic variation, invasion, and host cell remodeling.
These results support previous findings that PfAP2-I plays
a critical regulatory role in the parasite’s blood stage development.
The full list of significantly enriched gene sets for all nine
‘hub’ TRs with more than 1000 gene targets is available in
Supplementary Table S2. For some of these TRs, the mechanism underlying their influence on gene expression remains
unknown. Thus, we have also included the protein domains
identified by our InterProScan for each of these nine TRs

in Supplementary Table S2 as they can suggest potential
mechanisms of regulatory action.
Model predictions on gene expression
We evaluated the capability of the PfEGRIN to predict
transcriptomic gene expression levels using three validation
data sets not used to train the model. These transcriptomic
data sets were selected so that the model would be tested
against data obtained from a variety of research groups, using a variety of measurement modalities, and from bloodstage parasite populations originating from different regions (Table 2). This allowed us to assess the model’s predictive capabilities across geographic locations, across transcriptomic platforms/processing pipelines, and across parasite populations cultured from clinical isolates or from in
vitro laboratory stocks.
Overall, we found that predictions on validation data
were only slightly less accurate than predictions on the
training data (Table 2). We evaluated the distribution of
RMSE values (Figure 4A) and correlation R values (Figure
4B) when using the PfEGRIN model to predict expression
values for biclustered genes on samples from the training set
(those within a bicluster) and on all samples from the validation set, or when using a model that predicts expression
based on random value selection from the normal distribution. Figure 5 shows sample-by-sample model predictions
on validation data set 1 (GEO accession GSE59098) for an
example bicluster in which predictive accuracy on the validation set was equal to the median of the model’s overall
performance and is representative of all biclusters tested.
Figure 5A compares, across samples in validation data set
1, the measured mean normalized gene expression values
for genes in the bicluster against model-predicted values.
Figure 5B shows the correlation between these values. The
RMSE and correlation coefficients for these predictions on
validation data set 1 are similar to the performance of the
model on the training data shown in Figure 5C and D.
The median RMSE values and correlation coefficients
for model-based predictions on data from samples used to
train the model were similar across our three validation tests
(Table 2, Figure 4). Although similar, these values are not
equivalent. This is because some biclusters did not meet
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Figure 3. Outgoing connectivity of gene regulatory network. (A) Histogram of out-degree distribution. Orange shading in stacked bar plot indicates
number of ApiAP2 TFs in a bin; blue shading indicates number of other TRs. Inset: Probability density of TRs and their out-degrees on a log–log scale
with regression line. R is the Pearson correlation coefficient. (B) Lorenz curve of TRs and their target genes. Dashed line indicates line of equality.
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Table 2. Descriptions of transcriptomic validation data sets used to evaluate the PfEGRIN model’s predictive performance and summary statistics for
each test. Summary statistics for root mean square error (RMSE) and correlation coefficients are presented as median values followed by the inter-quartile
range
Validation test 1

Validation test 2

Validation test 3

GSE59098
Mok et al. 2015 (30)
110
Clinical isolates (Cambodia)
Microarray
10 462
4515
0.26 (0.21–0.44)
0.29 (0.22–0.44)
0.73 (0.65–0.81)
0.97 (0.96–0.98)
0.95 (0.92–0.97)
0.16 (0.03–0.32)

GSE83667
Milner et al. 2012 (36)
58
Clinical isolates (Malawi)
Microarray
6341
3985
0.28 (0.21–0.44)
0.29 (0.22–0.38)
0.72 (0.64–0.81)
0.98 (0.97–0.98)
0.94 (0.90–0.98)
0.18 (0.03–0.34)

GSE116341
Ngara et al. 2018 (37)
28
In vitro strain Pf3D7
RNA-seq
10 078
4473
0.26 (0.21–0.44)
0.33 (0.25–0.44)
0.53 (0.42–0.68)
0.97 (0.96–0.98)
0.85 (0.69–0.92)
0.13 (-0.03–0.29)

Figure 4. PfEGRIN model predictive performance. (A) Distributions of root-mean-squared error (RMSE) in model-based gene expression predictions
across cMonkey2 biclusters generated in building the model. For each of our three validation tests, we used the model to predict mean expression among
biclustered genes across biclustered samples from training data as well as samples from validation data. For comparison, we also made predictions on the
validation data using a model that randomly selects values from a normal distribution. (B) Pearson correlation coefficients (R) for the same predictions in
(A).
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GEO accession
Associated publication
Number of samples
Source of parasites
Measurement technique
Biclusters evaluated
Unique genes evaluated
RMSE for PfEGRIN, training data
RMSE for PfEGRIN, validation data
RMSE for random model, validation data
Correlation coefficient for PfEGRIN, training data
Correlation coefficient for PfEGRIN, validation data
Correlation coefficient for random model, validation data
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our criteria for inclusion in a validation test due to missing
gene expression values (see Materials and Methods) and the
three validation test sets contain different complements of
missing data values. Therefore, the different validation tests
excluded different members of the 38 500 biclusters generated from our cMonkey2 runs. Consequently, the total number of unique genes assessed in our evaluations also differed
across validation tests.
Median RMSE scores were similar for PfEGRIN predictions over the three validation tests and were significantly lower than those based on random predictions
(P < 2.2e–16 for each validation set; paired Wilcoxon
rank-sum test). Median correlation coefficients between
PfEGRIN-predicted and measured expression values were
high (≥0.85) across the training and validation data sets
(Table 2, Figure 4B).

during the parasite’s intraerythrocytic developmental cycle
(IDC), peaking in the early-mid schizont stage (9).
Incoherent expression is associated with artemisinin resistance
Because the biclusters used to develop the PfEGRIN were
generated using transcriptomes from parasites with various
levels of artemisinin sensitivity, we reasoned that we might
be able to identify biclusters that exhibit concordance selectively in samples showing AR. However, across all 38 500
biclusters generated, no FDR-corrected P-values for AR
sample enrichment fell below 0.81. In contrast, 3202 biclusters (8%) met an FDR-corrected P-value cutoff of 0.05 for
enrichment of AS samples (Figure 6). This suggested that
AR is primarily associated with incoherence rather than coherence among gene regulatory programs.

Model-based versus motif-based ApiAP2 target prediction
We next evaluated the ability of the PfEGRIN to identify targets of ApiAP2 TFs, which regulate gene expression throughout different stages of the P. falciparum life cycle. We assessed the agreement between the model-predicted
gene targets of ApiAP2 TFs and targets predicted based on
empirically-determined upstream sequence motifs specifically recognized by those ApiAP2 TFs (9). Lists of predicted targets for each ApiAP2 based on upstream binding
motifs were downloaded from plasmodb.org and compared
to targets predicted by our model. Out of 18 ApiAP2 TFs
compared, four showed significant overlap between motifbased and model-based target lists (hypergeometric test,
FDR-corrected P-value < 0.05). In order of significance,
these ApiAP2s were PF3D7 0802100, PF3D7 1456000,
PF3D7 0604100 and PF3D7 1305200. Notably, mRNA
abundances of the top three TFs have similar dynamics

Correlates of artemisinin sensitivity
Considering gene expression was incoherent among AR
samples, we identified the genes and biological functions
most strongly associated with the AS biclusters. We first selected the most high-confidence AS biclusters by identifying those with FDR-corrected enrichment P-values <0.01.
We then tabulated and ranked the number of times each
gene appeared in one of these 710 highly enriched AS biclusters. We identified 111 genes that appeared more often than would be expected by chance (hypergeometric test,
FDR-corrected P-values < 0.05) (Supplementary Table S3).
Among this set are 35 var, 27 rifin, 8 putative ribosomal
component, 2 ApiAP2 TFs, 2 putative proteasome subunit
and 2 putative dynein heavy chain genes. Interestingly, we
found that the highest-ranking genes were members of the
parasite’s var gene family, which encode a group of immuno-
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Figure 5. Representative predictions made by the P. falciparum EGRIN model. (A): Measured gene expression levels from the validation test 1 data set
(red) compared to model predictions (blue) for genes in a representative cMonkey2 bicluster. Model accuracy in predicting expression levels for genes in
this bicluster was similar to the model’s overall prediction performance for the validation set. (B) Scatterplot showing correlation between measured and
predicted expression values in (A). R is the Pearson correlation coefficient. (C and D): Same as in (A) and (B), with measured and predicted expression
levels for samples in the GSE59097 training set contained in the bicluster.
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variant proteins involved in antigenic variation and erythrocyte adhesion at sites of vascular infection. They are a central component of the parasite’s strategy for evading immune clearance by the host, and a body of evidence suggests
they are under the control of epigenetic pathways (reviewed
in (65)); however, the interpretation of this result based on
microarray data is confounded by the high sequence complexity of genes in the var and rifin families (see Discussion).
To assess the broader landscape of biological functions
associated with AS biclusters, we assessed their enrichment
for the same functional gene sets used to functionally profile ‘hub’ TRs in our PfEGRIN, as described above. We
identified 115 gene sets for which AS biclusters were significantly enriched (Figure 7, hypergeometric test, P < 0.05).
For this analysis we initially defined enrichment scores with
FDR-corrected P-values <0.05 as significant. However, a
substantial fraction of AS biclusters (68%) exhibited no enrichment across gene sets using this criterion and thus could
not be functionally profiled. To help illuminate the functional roles of these biclusters, we relaxed the criterion and
defined enrichment scores with uncorrected P-values <0.05
as significant. To ensure that we only included gene sets that
showed enrichment more often than would be expected by
chance, we determined the null distributions of the gene sets
for our biclusters by randomly sampling 710 biclusters from
our complete set of 38 500 and performing functional gene
set enrichment tests on them. This process was repeated
10 000 times to build null distributions for each functional
gene set. For our functional enrichment analysis, we only
included those gene sets that appeared significantly more
often in the 710 AS biclusters as compared to occurrences
in their null distribution (95th percentile or higher).
The gene sets associated with the most prominent of several clusters in Figure 7’s heatmap are delineated by the
top-most clade in the first branch of the row dendrogram.
Twenty gene sets in this clade have a relatively high occur-

rence among AS biclusters; 41% of the biclusters are enriched in at least one of these sets. Many of these sets include genes involved in antigenic variation, the export of
cell adhesion proteins to the host cell membrane by the parasite, as well as erythrocyte-erythrocyte and erythrocyteendothelium adherence. Each of these processes has been
shown to be regulated epigenetically (66) and are central
features of the parasite’s ability to evade immune system
clearance. However, no single functional profile dominates
among the AS biclusters. There are many additional functional gene sets associated with them, including - but not
limited to - sets related to the cell cycle, metabolism, ribosome structural components, and ion transport. Thus, AS
appears associated with coherence across a variety of biological functions, and by extension AR is associated with
incoherence in these functions.
DISCUSSION
The EGRIN model of P. falciparum gene regulation described here is capable of making systems-level, quantitative
predictions on samples from three separate validation data
sets with a level of accuracy similar to those reported in previous EGRIN development efforts that were experimentally
validated (20). We expect the model will serve the research
community as a valuable hypothesis-generation tool for investigations into P. falciparum’s gene regulatory biology.
The model’s predictive performance across validation data
sets suggests that it is applicable to a variety of P. falciparum
populations, including those clinically isolated from different geographic regions and from in vitro laboratory strains.
Thus, it provides a critical step towards using transcriptomic data collected from field-isolated malaria parasites to
predict critical parasite phenotypes and could contribute to
tracking the emergence of drug resistance. Despite the heterogeneity in parasite origins and transcriptomic measure-
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Figure 6. Hypergeometric enrichment scores for artemisinin-resistant and artemisinin-sensitive samples among all biclusters generated in constructing the
PfEGRIN. Dashed line indicates –log10 of an FDR-corrected P-value of 0.05.
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ment techniques among the three validation data sets, the
predictive performance of the model was generally consistent across validation tests. Even when tested against the
third validation set, which differed from the training set in
that it was obtained from an in vitro laboratory strain as opposed to clinical isolates and consists of data from RNA-seq
as opposed to microarray measurements, the model showed
only a modest decrease in predictive performance (Figure
4). This decrease may be due to several factors. Field isolates
likely explore a larger gene expression space than laboratory strains, and because our model was trained on field isolates from a variety of locations, its predictive power across
samples from laboratory strains may be reduced compared
to samples collected in the field. Additionally, expression
profiling using RNA-seq provides for a higher dynamic
range than microarray experiments; the differences in accuracy and resolution between these modalities may contribute to the reduced predictive performance on RNAseq samples, especially for genes with lower expression
levels.
Comparisons between model-based predictions of
ApiAP2 TF targets and motif-based targets showed significant agreement for four out of 18 ApiAP2s tested.
For the three TFs showing the highest level of agreement,
mRNA abundances all peak during a relatively tight time
interval during the early-mid schizont stage of the parasite’s
intraerythrocytic developmental cycle (IDC) (9). Because
our model uses gene expression coherence, as opposed to
abundance, to identify co-regulated genes, the results of this
analysis may be explained by timing differences between
peak coherence of TF targets and peak abundance of TFs
regulating those targets. Based on gene expression levels,
the parasite populations used to train our model were
found to be predominantly in the ring stage and expression
levels of the top three ApiAP2s that showed significant
agreement are relatively low (30). It may be that as the

parasite initiates gene regulatory programs that transition
the organism from stage to stage, ApiAP2-specific binding
motifs become accessible and expression coherence among
genes possessing those motifs is initially high. Then, as
downstream regulatory mechanisms are activated by
these programs, coherence decreases among those genes.
In such a scenario, agreement between model-based and
motif-based TF targets would be highest among TFs whose
expression peaks in more downstream IDC stages. For TFs
with peak expression during the ring stage, the model’s predicted targets would be influenced by the accumulation of
systems-level changes in the parasite’s regulatory network
brought on by increased TF expression, including feedback
mechanisms influencing the expression of those TFs’ target
genes. Thus, for our model-based versus motif-based target
analysis, we do not necessarily expect agreement to be
high among TFs with peak expression during the ring
stage. We would instead expect agreement to be highest
among TFs whose targets are newly transcriptionally
active.
While the vast majority of predicted P. falciparum TRs require experimental validation, the model generated here can
guide P. falciparum molecular biology research by identifying which proteins are likely to function as TRs, their predicted targets, binding sites and biological processes with
which they associate. For example, by determining which
TRs’ target genes are over-represented in biclusters enriched for AS samples, we have used the model to create
a ranked list of putative TRs that appear to be associated
with artemisinin sensitivity. We note that the TRs used in
our model likely do not circumscribe the complete list of P.
falciparum TRs. Nonetheless, the accuracy of our model indicates that the TR list we compiled is sufficient to generate
a model with significant predictive power. While the model
can potentially generate insights into P. falciparum’s gene
regulatory programs, we may find that subsequent versions
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Figure 7. Heatmap showing clusters of functional gene sets among the 710 biclusters most highly enriched for artemisinin-sensitive samples. Annotation
bar plot indicates the total number of biclusters that were enriched for a given gene set. The gene sets in the top-most clade in the first branch of the row
dendrogram are shown in the text box.
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Bet-hedging, wherein organisms incur a fitness cost by
generating phenotypically-diverse sub-populations that allow the overall population to persist in stressful conditions,
is a proposed survival strategy of P. falciparum (33,34). Our
findings are consistent with parasite heterogeneity and bethedging being associated with survival in the presence of
artemisinin. This is in contrast with the traditional view of
the development of drug resistance, where it is presumed
that a ‘sweep’ of drug-sensitive parasites decreases genetic
diversity within the population, yielding a relatively genetically homogenous set of parasites. A bet-hedging strategy
has no requirement for genetic diversity. Rather, phenotypic
and epigenetic heterogeneity, revealed by transcript incoherence present before drug treatment, enables a subset of
the population to survive drug treatment. We hypothesize
that the appearance of artemisinin resistance within a parasite infection may reflect a differentiation process analogous
to the epigenetically-controlled transition from asexual to
sexual parasite forms (68), allowing parasite populations
to explore various phenotypic states. This process may be
an inherent mechanism used by the parasite to keep blood
stage populations sufficiently diverse so they persist under
ongoing immune system stress.
Much of our current understanding of artemisinin resistance on a cellular level implicates macromolecular, global
cellular processes. This is consistent with the notion that
an assemblage of altered cellular states might precede resistance. These states include global processes such as production of phosphatidylinositol 3-phosphate containing vesicles (28), oxidative stress (29), the unfolded protein response
(30) and hemoglobin endocytosis (31). Therefore, it would
be reasonable to hypothesize that a systematic response
within the parasite could modulate each of these cellular
processes, leading to a diversity of cellular states, resulting
in decreased artemisinin sensitivity. This is consistent with
the extensive research on the function of the Kelch13 protein, which has been linked to some artemisinin resistant
strains (26,27), because various cellular pathways have been
implicated in order to explain how Kelch13 contributes to
resistance (31,32). Within the context of the parasite’s bethedging mechanisms, investigations into whether Kelch13
modulates the phenotypic diversity of clonal parasite populations, and whether mutations in the protein increase that
diversity, would be warranted.
Our results illustrate a key advantage in using systemslevel perspectives to understand infectious disease processes
such as drug resistance. The holistic, integrated perspective we have applied here has illuminated widespread differences in gene expression coherence between AS and AR
infections. Based on our functional profiling results (Figure
7), there is a clear collection of biological functions associated with AS biclusters that involve genes contributing to
antigenic variation and erythrocyte-host interactions. These
associations are driven largely (but not exclusively) by the
over-representation of var and rifin genes among a subset
of the AS biclusters. We acknowledge that interpreting microarray results that focus on var and rifin genes can be
problematic, given the high sequence complexity in these
genes and the potential cross-reactivity among microarray
probes that target them. Thus, we hesitate to draw conclusions that implicate specific var or rifin genes as corre-
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of the model with a refined list of TRs improves prediction
accuracy and influences other model characteristics such as
TR-target network topology.
Our network analysis of the EGRIN model suggests that
the degree distribution of the P. falciparum gene regulatory
network follows a power-law with a scaling exponent of
1.01, which is lower than those observed in networks derived empirically from studies on other model organisms.
Previous research has found that for networks with scaling exponents <2, a relatively smaller set of nodes are required to control the entire network (67). Therefore, one
interpretation of our results is that control of the P. falciparum gene regulatory network may be tighter compared to
other organisms. However, additional post-transcriptional
control of TRs, not incorporated into this model, likely also
influences gene expression. Moreover, while our methodology quantifies the influence of each TR on all genes in
the network, and the algorithm penalizes low-influence effects to exclude them from the network, the presence of relatively minor contributions of TRs to target gene expression may result in inflated TR out-degrees compared to the
true physical biological network. This over-estimated connectivity could potentially result in lower power-law scaling
exponents. Ultimately, a more comprehensive understanding of P. falciparum regulatory biology based on empirical studies is needed to validate the network characteristics
derived from our model and to provide additional data to
incorporate into future PfEGRIN versions. We also note
that the network characteristics derived from our model
are based on data from blood stage parasites only. Whether
these characteristics generalize across the various life cycle
stages of the parasite requires further investigation. Moving forward, we are interested in directly comparing P. falciparum’s regulatory network characteristics to those of other
organisms to illuminate the organism’s transcriptional control strategy and determine if and how the networks of obligate parasites such as P. falciparum differ from non-obligate
organisms.
Overall, our efforts to find correlates of artemisinin resistance led to the discovery that resistance is linked to
broad, increased transcriptional incoherence across a wide
range of cellular processes (Figure 7). By comparison, hallmark constituents of the parasite’s epigenetically controlled
mechanisms linked to virulence or the ability to persist under immune pressure (34,68) appeared highly coherent in
sensitive populations (Supplementary Table S3, Figure 7).
From these results, we hypothesize that artemisinin resistance may be an emergent property of parasite populations
that have higher capacities for exploring diverse phenotypic
states during infection. Parasite populations with more diversity in their gene regulatory programs may be better
equipped to evade immune system clearance and establish
infection sites, resulting in a higher parasite burden that requires more time to clear following artemisinin treatment.
This observation also links immune evasion mechanisms
with the capacity to circumvent drug pressure. This linkage,
if substantiated, has critical consequences for malaria eradication, where current strategies include the use of mass drug
administration, particularly in areas of high transmission
that are populated with diverse, pre-existing anti-PfEMP1
immunity.
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16. Toenhake,C.G. and Bártfai,R. (2019) What functional genomics has
taught us about transcriptional regulation in malaria parasites. Brief.
Funct. Genomics, 18, 290–301.
17. Bischoff,E. and Vaquero,C. (2010) In silico and biological survey of
transcription-associated proteins implicated in the transcriptional
machinery during the erythrocytic development of Plasmodium
falciparum. BMC Genomics, 11, 34.
18. Iyer,L.M., Anantharaman,V., Wolf,M.Y. and Aravind,L. (2008)
Comparative genomics of transcription factors and chromatin
proteins in parasitic protists and other eukaryotes. Int. J. Parasitol.,
38, 1–31.
19. Brooks,A.N., Reiss,D.J., Allard,A., Wu,W.-J., Salvanha,D.M.,
Plaisier,C.L., Chandrasekaran,S., Pan,M., Kaur,A. and Baliga,N.S.
(2014) A system-level model for the microbial regulatory genome.
Mol. Syst. Biol., 10, 740.
20. Bonneau,R., Reiss,D.J., Shannon,P., Facciotti,M., Hood,L.,
Baliga,N.S. and Thorsson,V. (2006) The Inferelator: an algorithm for
learning parsimonious regulatory networks from systems-biology
data sets de novo. Genome Biol., 7, R36.
21. Peterson,E.J.R., Reiss,D.J., Turkarslan,S., Minch,K.J., Rustad,T.,
Plaisier,C.L., Longabaugh,W.J.R., Sherman,D.R. and Baliga,N.S.
(2014) A high-resolution network model for global gene regulation in
Mycobacterium tuberculosis. Nucleic Acids Res., 42, 11291–11303.

Downloaded from https://academic.oup.com/nar/advance-article/doi/10.1093/nar/gkaa1245/6101600 by Institute for Systems Biology user on 16 March 2021

lates of AR. We also emphasize that most AS biclusters
do not contain members of these gene families and are associated with other cellular processes. The strong association observed between artemisinin sensitivity and genes responsible for antigenic variation and erythrocyte–host interactions may be a result of those processes being some
of the most well-studied in P. falciparum, given their clinical relevance. In contrast, many P. falciparum proteins remain functionally uncharacterized and there may be critical, undiscovered gene regulatory pathways that cannot yet
be revealed by functional enrichment analysis and thus remain occult in our assessment of the functional landscape
of AS biclusters. AS biclusters that show more fragmented
functional profiles may in fact represent key gene regulatory
programs in the parasite that have yet to be characterized
and aggregated into broader functional categories. The biclusters we generated for this study, because they implicate
proteins in related functions, can offer a potential guide for
functionally characterizing the parasite’s less-studied proteins. Future research focused on characterizing these proteins and the pathways in which they participate will be critical for a global understanding of how Plasmodium parasites
regulate phenotypic changes throughout their life cycle and
in response to drug pressure.

Nucleic Acids Research, 2021 15

42. Greenfield,A., Hafemeister,C. and Bonneau,R. (2013) Robust
data-driven incorporation of prior knowledge into the inference of
dynamic regulatory networks. Bioinformatics, 29, 1060–1067.
43. Danziger,S.A., Reiss,D.J., Ratushny,A. V., Smith,J.J., Plaisier,C.L.,
Aitchison,J.D. and Baliga,N.S. (2015) Bicluster Sampled Coherence
Metric (BSCM) provides an accurate environmental context for
phenotype predictions. BMC Syst. Biol., 9, S1.
44. El-Gebali,S., Mistry,J., Bateman,A., Eddy,S.R., Luciani,A.,
Potter,S.C., Qureshi,M., Richardson,L.J., Salazar,G.A., Smart,A.
et al. (2018) The Pfam protein families database in 2019. Nucleic
Acids Res., 47, D427–D432.
45. Balaji,S., Babu,M.M., Iyer,L.M. and Aravind,L. (2005) Discovery of
the principal specific transcription factors of Apicomplexa and their
implication for the evolution of the AP2-integrase DNA binding
domains. Nucleic Acids Res., 33, 3994–4006.
46. Jones,P., Binns,D., Chang,H.-Y., Fraser,M., Li,W., McAnulla,C.,
McWilliam,H., Maslen,J., Mitchell,A., Nuka,G. et al. (2014)
InterProScan 5: genome-scale protein function classification.
Bioinformatics, 30, 1236–1240.
47. Letunic,I. and Bork,P. (2018) 20 years of the SMART protein domain
annotation resource. Nucleic Acids Res., 46, D493–D496.
48. Ashburner,M., Ball,C.A., Blake,J.A., Botstein,D., Butler,H. and
Cherry,J.M. (2000) Gene ontology: tool for the unification of biology.
Nat. Genet., 25, 25–29.
49. The Gene Ontology Consortium (2018) The Gene Ontology
Resource: 20 years and still GOing strong. Nucleic Acids Res., 47,
D330–D338.
50. Ginsburg,H. (2006) Progress in in silico functional genomics: the
malaria Metabolic Pathways database. Trends Parasitol., 22, 238–240.
51. Ginsburg,H. and Abdel-Haleem,A.M. (2016) Malaria Parasite
Metabolic Pathways (MPMP) upgraded with targeted chemical
compounds. Trends Parasitol., 32, 7–9.
52. Lindner,S.E., Mikolajczak,S.A., Vaughan,A.M., Moon,W.,
Joyce,B.R., Sullivan,W.J. Jr and Kappe,S.H.I. (2013) Perturbations of
Plasmodium Puf2 expression and RNA-seq of Puf2-deficient
sporozoites reveal a critical role in maintaining RNA homeostasis
and parasite transmissibility. Cell. Microbiol., 15, 1266–1283.
53. Zanghı̀,G., Vembar,S.S., Baumgarten,S., Ding,S., Guizetti,J.,
Bryant,J.M., Mattei,D., Jensen,A.T.R., Rénia,L., Goh,Y.S. et al.
(2018) A specific PfEMP1 is expressed in P. falciparum sporozoites
and plays a role in hepatocyte infection. Cell Rep., 22, 2951–2963.
54. Lasonder,E., Rijpma,S.R., van Schaijk,B.C.L., Hoeijmakers,W.A.M.,
Kensche,P.R., Gresnigt,M.S., Italiaander,A., Vos,M.W.,
Woestenenk,R., Bousema,T. et al. (2016) Integrated transcriptomic
and proteomic analyses of P. falciparum gametocytes: molecular
insight into sex-specific processes and translational repression.
Nucleic Acids Res., 44, 6087–6101.
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