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INTRODUCTION: Approximately 249million cases
of malaria, caused by infection with Plasmodium
species parasites, result in about 608,000 deaths
annually. Measures to combat the parasites that
cause malaria have become compromised be-
cause of reliance on a small arsenal of drugs and
emerging drug resistance. Moreover, zoonotic
cases of malaria are increasing in prevalence in
SoutheastAsia, causedby infectionwithPlasmo-
dium knowlesi and Plasmodium cynomolgi.
These parasites are evolutionarily closely related
to Plasmodium vivax and serve as powerful

in vitro models because P. vivax cannot be
cultured in vitro.

RATIONALE: The genomes of each Plasmodium
spp. reveal conservation but also substantial
differences. Although functional genetic studies
in Plasmodium spp. parasites have provided in-
formation on the essentiality and function of
genes throughout the Plasmodium life cycle, the
lack of high-confidence genome-wide essentiality
data limits the ability to prioritize targets for vac-
cines and therapeutics, particularly for parasites

in theP.vivax clade,which includesP. knowlesi.
In this study, we harnessed the development of
high-efficiencymolecular genetics in P. knowlesi
to elicit genome-wide piggyBac transposon
mutagenesis and provide the most complete
determination of gene essentiality for the blood-
stage infection in anyPlasmodium spp. with the
resolution to define truncatable genes.

RESULTS:We observed 1,456,750 independent
transposon insertions, ~38-fold more than was
previously achieved in thePlasmodiumfalciparum
piggyBac screen. A mathematical simulation
was used to determine that we have achieved a
3.6-fold higher number of insertions than the
required level of insertions to reach gene-level
saturation. Overall, 2037 genes (38.68%) with
at least one TTAA site (that serve as targeting
sites for the piggyBac transposon) were classi-
fied as essential, 2124 (40.34%)were classified as
dispensable, and 1105 (20.98%) were indetermi-
nate. The number of essential genes is similar
to previous observations in apicomplexans but
is higher than in many free-living organisms,
which reflects the highly specialized parasitic
lifestyle of Plasmodium spp. that relies heav-
ily on host metabolism. We further identified
126 genes whose disruption results in reduced
fitness, 122 genes that can tolerate 5′ or 3′
truncation, and 53 essential long noncoding
RNAs (lncRNAs). We found that the essenti-
ality of the druggable genome is broadly con-
served between Plasmodium spp.; however, we
identified the P. falciparum drug target bifunc-
tional farnesyl/geranylgeranyl diphosphate syn-
thase (FPP/GGPPS) as dispensable inP. knowlesi.
Notably, P. knowlesi showed a greater reliance
on the tricarboxylic acid (TCA) cycle genes, and
both P. knowlesi and P. vivax—in contrast to
P. falciparum—are inhibited by the aconitase
inhibitor sodium fluoroacetate. Perturbation
analyses with the frontline antimalarial arte-
misinin revealed modulators that both increase
and decrease susceptibility.

CONCLUSION: The essentiality of the P. knowlesi
genomewill be a useful tool for antimalarial drug
and vaccine target prioritization and for com-
parative essentiality studies across apicomplexan
parasites andeukaryotes.Tomake thedata readily
accessible to the community, we provide a web-
based app that can be used interactively to ex-
amine gene essentiality scores (https://umbibio.
math.umb.edu/PkEssenDB/); the data are also
available through VEuPathDB.▪
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A high-resolution transposon mutagenesis screen in P. knowlesi informs antimalarial discovery and
reveals drug resistance determinants. A near-saturation piggyBac transposon screen in P. knowlesi and
improved models for calling gene essentiality provide a high-confidence genome-wide map of gene
essentiality, allowing for comparative essentiality studies, prioritization of drug and vaccine targets, and
identification of genes that alter antimalarial susceptibility. chr, chromosome.
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Measures to combat the parasites that cause malaria have become compromised because of reliance
on a small arsenal of drugs and emerging drug resistance. We conducted a transposon mutagenesis
screen in the primate malaria parasite Plasmodium knowlesi, producing the most complete classification
of gene essentiality in any Plasmodium spp. to date, with the resolution to define truncatable genes.
We found conservation in the druggable genome between Plasmodium spp. and divergences in
mitochondrial metabolism. Perturbation analyses with the frontline antimalarial artemisinin revealed
modulators that both increase and decrease drug susceptibility. Our findings aid prioritization of
drug and vaccine targets for the Plasmodium vivax clade and reveal mechanisms of resistance that
can inform therapeutic development.

A
pproximately 249 million cases of ma-
laria, caused by infection with Plasmodium
spp. parasites, result in about 608,000
deaths annually (1). Efforts to reduce the
global burden of malaria have yielded

diminishing returns in recent years (1). Five
Plasmodium spp. are responsible for most ma-
laria cases in humans. Although vaccines against
Plasmodium falciparum are becoming avail-
able, treatment of the disease has become in-
creasingly compromised as a result of resistance
emerging to antimalarial drugs (2, 3). Moreover,
zoonotic cases of malaria are increasing in pre-
valence in Southeast Asia, caused by infection
with P. knowlesi and Plasmodium cynomolgi,
naturally found in cynomolgusmacaques (Macaca
fascicularis). P. falciparum (and Laveranian
spp.) are evolutionarily distinct from the ma-
jority of Plasmodium spp. that infect primates,
whereas P. knowlesi and P. cynomolgi sit with-
in the P. vivax clade that are more represen-

tative of the majority of Plasmodium spp. and
serve as valuable in vitromodels because P. vivax
cannot be cultured in vitro (4–8). The genomes
of each Plasmodium spp. reveal conservation
but also substantial differences. Although func-
tional genetic studies in Plasmodium spp.
parasites have provided information on the
essentiality and function of genes throughout
the Plasmodium life cycle, the lack of high-
confidence genome-wide essentiality data lim-
its the ability to prioritize targets for vaccines
and therapeutics, particularly for parasites in
the P. vivax clade, which includes P. knowlesi.
In this work, we harnessed the development of
high-efficiency molecular genetics in P. knowlesi
to elicit genome-wide transposon mutagenesis
to provide the most complete determination of
gene essentiality for the blood-stage infection in
any Plasmodium spp.

High-density transposon mutagenesis
of the P. knowlesi genome

To generate the transposonmutant library for
P. knowlesi, which like all Plasmodium spp. is
haploid during blood-stage proliferation, we
used a hyperactive piggyBac transposase (9).
P. knowlesi transfectants were generated in
rhesus macaque red blood cells (RBCs)—which
are more physiologically relevant than human
RBCs for P. knowlesi and support higher trans-
fection efficiency—and insertions were mapped
using a modified quantitative insertion-site se-
quencing (QIseq) approach (fig. S1A) (10). As
expected,many presumably essential genes (e.g.,
ribosomal genes) contained a low number of
reads, likely owing to a low level of continued
piggyBac transposition or the presence of dead
parasites. We therefore used a curated set of
background correction genes, the orthologs of
which are essential in multiple apicomplexan

parasites, to subtract background signal from
all potential sites (fig. S1B and data S1). There
are 158,734 TTAA sites in the P. knowlesi nu-
clear genome that serve as targeting sites for
the piggyBac transposon. All models described
in this work use either the number of reads per
site or the number of independent insertion
events (IIEs), defined as the presence or absence
of insertions in a site, to provide a measure of
relative abundance of mutants in the library.
TTAA sites are palindromic, and orientation of
insertions can be differentiated, resulting in
up to two IIEs per site per transfection pool
(with a maximum of 20 IIEs per site across 10
unique transfection pools) (fig. S1C). We ob-
served 1,456,750 IIEs in our screen after back-
ground correction, covering 80.1% of all TTAA
sites and 99.3% of protein coding genes with
at least oneTTAA (Fig. 1, A andB, and fig. S1,D to
H). Summary statistics can be found in data S2.
This is ~38-fold more insertions than was pre-
viously achieved in the P. falciparum piggyBac
screen (11). Quantitative polymerase chain re-
action (qPCR) was used to determine that the
average number of transposon insertions per
parasite genomewas 1.76 (fig. S2A). Of sites that
contained an insertion, 89.0% contained multi-
ple independent insertions, which suggests that
near-saturation mutagenesis of all TTAA sites
was achieved (Fig. 1B and fig. S1, D to F). Sites
in exons and introns contained fewer inser-
tions compared with intergenic sites because
mutants with insertions in essential genes will
not proliferate, as seen for ripr, a known es-
sential gene in P. knowlesi (Fig. 1, C and D) (12).
Within individual genes, the number of reads
mapped to introns and exons were weakly cor-
related to one another (fig. S2B). Because there
are some discrepancies between insertion in
introns and exons, we limited further analysis
to insertions within coding sequences (CDS)
that are most likely to disrupt gene function
to increase the confidence in our calls, albeit
with a loss of TTAA sites. Moreover, we exam-
ined sequence-dependent insertional bias using
a hidden Markov model (HMM). The HMM
was trained to identify sites with fewer-than-
expected insertions (coldspots; 1.9% of all sites)
in regions of the genome that are expected to
be nonessential based on high insertions in
surrounding sites. Motif analysis in the flank-
ing regions revealed that althoughmost TTAA
sites in the genome have a poly-T upstream,
coldspots have apoly-Tdownstream (Fig. 1E and
fig. S3, A to C). The coldspot motif was observed
in <1% of all TTAA sites and therefore was not
further considered when determining gene es-
sentiality (fig. S3, D andE). To assesswhetherwe
had achieved the number of insertions required
to reach gene-level saturation, we performed a
mathematical simulation, which indicated that
we have achieved 3.6- or 4.7-fold higher number
of insertions than the required level of inser-
tions, assuming that 0% (upper bound) or 40%
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Fig. 1. Generation of a near–site-level saturation transposon mutant library
in P. knowlesi. (A) Circos plot showing even distribution of transposon insertions
throughout the genome. Track colors are as follows: TTAA sites with an observed
transposon insertion across the genome (purple), genomic deletions in YH1 strain
compared with the reference H strain (black bar on light purple background),
insertionally depleted regions with ≥5 consecutive TTAA sites with reduced
insertions identified by a HMM overlapping with coding regions (light blue), read
counts mapped to each TTAA site on the + strand (red) or at the same site on
the − strand (teal), the TTAA density (potential insertion sites) across the
genome (dark green), lncRNAs identified in this study (black), and CDS (black).
Genomic locations of two representative genes are marked (blue and red
text). (B) Pie chart showing number of TTAA sites that contain 0, 1, or ≥2 IIEs
(fig. S1). (C) Background-corrected proportion of TTAA sites in exons, introns,
and intergenic regions that have at least one insertion (inserted; purple) or
no insertions (noninserted; gray). (D) Zoomed-in region from (B) showing that

the known essential gene in P. knowlesi, ripr (red box), has very few read
counts mapping to transposon insertions (y axis), whereas the intergenic region
and neighboring gene (blue box; PKNH_0817100, which is nonessential in
P. falciparum and P. berghei) have insertions throughout the gene. Insertions
(read counts reflecting relative abundance of mutants) and TTAA density have
been normalized in the window shown to range from 0 to 1. Red lines indicate
TTAA sites in the genome that serve as potential insertion sites. (E) Identification
of a motif associated with reduced transposon insertion throughout the genome
(coldspots) (see also fig. S2). nt, nucleotide. (F) Mathematical simulation
showing the number of TTAA sites in the genome that contain at least one
insertion [observed (OB)] is significantly higher than that required to reach gene-
level saturation using the lower bound (LB) (40% essential genes) and upper
bound (UB) (0% essential genes). For greater accuracy in measuring
saturation, both orientations of each TTAA site are counted separately in this
model. The total number of sites is 317,468.
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(lower bound; based on previous essentiality
data in Plasmodium spp.) of genes are essen-
tial, respectively (Fig. 1F).

Improved models to identify gene essentiality
in P. knowlesi

To make high-confidence calls of gene essen-
tiality at the genome-wide level, we consid-
ered, for each gene, the total number of TTAA
sites, their spatial distribution on the gene,
variations in insertions across sites within the
same gene, and baseline background inser-
tions (fig. S4A). The proportion of genes with
read counts above background increases with
the number of TTAA sites per gene, with no
significant change observed with increase in
TTAA sites beyond five [5 consecutive TTAA
sites on average covers 758 base pairs (bp)],
indicating that essentiality can be called with
high confidence for these 4021 genes (fig. S4, B
and C). To develop an improved gene essenti-
alitymodel, the hybridmodel score (HMS), we
combined a Bayesian mutagenesis score (BMS)
with amodified version (MMIS) of the mutagen-
esis index score (MIS) (11). The BMS accounts
for the factors listed above for high-confidence
gene essentiality calls with ≥5 TTAA, whereas
theMMIS is more sensitive for short genes with
<5 TTAA sites (figs. S4A and S5). The HMS
model softly transitions between the BMS and
MMIS based on the number of TTAA sites with-
in a gene to provide themost accurate score for a
given gene (fig. S4A). To make essentiality calls
using HMS, we identified two cutoff points, cor-
responding to the transitionpoints (“knee-points”)
of the HMS curve in terms of ranked-order
genes. The cutoffs areHMS< 0.26 for essential
genes and HMS > 0.88 for dispensable genes
(Fig. 2, A and B, and fig. S6A). Genes in be-
tween cannot be confidently called by HMS.
We curated a set of gold plus essential and dis-
pensable genes based on conserved essential-
ity calls from previous studies in P. falciparum,
Plasmodium berghei, and Toxoplasma gondii
using conservative criteria defined in the Mate-
rials andmethods section and data S1 (11, 13, 14).
We examined the classification of the gold plus
essential genes and found these genes to be
called with 86.4% and 80.5% accuracy, respec-
tively, which provides support for the HMS
model with these thresholds (fig. S6, B and C,
and data S1). We developed a second model,
occupancy index score (OIS), which leverages
information from independent transfection
pools (based on IIEs rather than total read
counts per a site across transfections used in
HMS—i.e., the number of independent inser-
tions across transfections rather than the re-
lative abundance of all samples combined) that
is particularly useful for identifying essential
genes with few TTAA sites or genes that are
truncatable (figs. S5 and S6D). OIS classified
94.7% and 70.1% of predicted essential and
dispensable genes accurately, respectively (fig.

S6, E and F). Though genes classified as dis-
pensable by OIS are done so with high con-
fidence, it also classifies a higher number of
dispensable genes falsely as essential (fig. S6,
D to F). By contrast, HMS provides a conserv-
ative score where genes with insufficient data
receive an intermediate score to prevent false
calls; we therefore used HMS for large-scale
genome-wide analyses (fig. S6, A to C). Of 14
genes that have previously been genetically
validated in P. knowlesi, 12 were classified as
expected by the HMS model, 1 gene was clas-
sified as intermediate (ARP, PKNH_0515300,
HMS = 0.264, expected to be essential), and
1 gene (GAMA, PKNH_1322900, HMS = 0.21)
was classified as essential in our screen but dis-
pensable in a previous study using a different
P. knowlesi strain andmay reflect strain-specific
invasion ligand dependencies (fig. S6G and data
S1) (5, 12, 15–20). As expected, all but one of the
background genes, with high-confidence essen-
tiality in other apicomplexans, were consid-
ered essential by HMS (the exception is NEK1,
PKNH_1447700,with aHMSnear the threshold,
0.3) (fig. S6H). A comparison of each model can
be found in figs. S5 and S6.
Overall, 2037 genes (38.68%) with at least

one TTAA site were classified as essential, 2124
(40.34%) as dispensable, and 1105 (20.98%) as
indeterminate owing to an intermediate HMS
(Fig. 2C and data S3). In total, 138 genes (2.62%)
could not be classified owing to a lack of TTAA
sites, and 579 essential genes with <5 TTAA
sites in the gene were classified with reduced
confidence (data S3). We investigated whether
genome amplifications were present that may
produce false dispensable calls. Using whole-
genome sequencing and qPCR, we identified
two amplified regions, including 34 genes that
were all classified as dispensable and were
excluded from further analysis (fig. S7 and data
S3). Taken together, the number of essential
genes is similar to previous observations in
apicomplexans. The proportion of the genome
classified as essential is higher thanmany free-
living organisms, reflecting the highly specialized
parasitic lifestyle of Plasmodium spp., which
relies heavily on host metabolism (13). To make
the data readily accessible to the community, we
provide a web-based app that can be used in-
teractively to examine HMS and OIS scores
associatedwith gene essentiality (https://umbibio.
math.umb.edu/PkEssenDB/); this information
is also available through VEuPathDB (21).
To further identify noncoding regions of the

genome that are intractable to mutagenesis, we
trained a second HMM to identify stretches of
≥5 TTAAs with reduced insertions (Fig. 1A).
Themajority of these insertion-depleted regions
overlapped with genic regions (87.7% total);
however, we also identified 13.3% of depleted
regions with no genic overlap. To determine
whether the remaining depleted regions were
attributable to essential long noncoding RNAs

(lncRNAs), which are increasingly being recog-
nized as important forPlasmodium spp. biology,
we performed total RNA sequencing (RNA-seq)
on asynchronous blood-stage P. knowlesi and
applied the HMSmodel to determine their es-
sentiality (22). This resulted in the identifica-
tion of 864 lncRNAs, 794 ofwhich have at least
one TTAA and 55.8% of which have ≥5 TTAAs
in their cognate DNA sequences, of which 53
(6.6%) were essential by HMS (Fig. 2D, fig. S8,
and data S4). Only 13 essential lncRNAs over-
lap with CDS, and therefore lncRNAs do not
significantly affect gene essentiality calls on a
global scale (fig. S8A and data S4). The RNA-
seq data were also used to identify potential
discrepancies in P. knowlesi gene models or
alternative isoforms. We identified 892 genes
that putatively have alternative isoforms, in-
cluding 90 genes with a discrepancy in essen-
tiality between the annotated gene and the
alternative isoform or gene model, which sug-
gests either biological differences or incorrect
genemodels, that will require further validation
(data S4). We considered whether bias against
insertion in untranslated regions (UTRs) of es-
sential genes contributed to insertionally de-
pleted regions and found reduced insertions,
which suggests that insertions proximal to cod-
ing sequences disrupt expression (fig. S9, A and
B). As seen in mammalian cells, there is a slight
increase in insertions observed in the 5′UTR of
dispensable genes (fig. S9, A and B) (23, 24). The
remaining 2.4% of insertionally depleted regions
that do not overlap with genic regions, UTRs
(1000 bp proximal to CDS), or lncRNAs could
be due to heterochromatin, overlap with other
ncRNAs, or missing gene annotations.

Identification of low-fitness and truncation
mutants explains many intermediate genes

We reasoned that additional features relating to
the amount and distribution of the TTAA sites
within a gene could contribute to genes having
an intermediate HMS. Indeed, these genes on
average contained fewer TTAA sites than genes
with HMS < 0.26 or HMS > 0.88 (fig. S9C). De-
termination of uneven insertion across genes can
be used to identify dispensable domains within
larger essential genes, including multidomain
proteins. To this end, a truncation model was
developed to identify uneven insertion across
the gene. This was achieved by fitting a step
function to the binarized mutability of sites
across the gene (BMS model), with goodness of
the fit calculated by mean squared error (MSE)
(figs. S4A and S10). The majority of unevenly
high insertions occurred in the first and last
10% of the gene (Fig. 2E and fig. S10, A and B;
normalized CDS 0 to 0.1 and 0.9 to 1). To in-
crease the likelihood of genes classified as
truncatable being biologically informative, we
limited further analysis to genes with >10% of
gene length disrupted from the 5′ or 3′ end. In
total, 122 truncatable genes were identified
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Fig. 2. Defining the essentiality of the genome for proliferation in RBCs.
(A) Distribution of all genes by rank order of HMS. Genes that are more likely to
be essential have a HMS closer to 0. Genes more likely to be dispensable
have a HMS closer to 1. (B) Distribution of genes by HMS and the FIS. Genes with
a HMS < 0.26 (red dashed line) are considered essential, and genes with a
HMS > 0.88 (blue dashed line) are considered dispensable. Genes with a
significantly reduced fitness are highlighted in orange, and genes with increased
fitness are highlighted in pink. (C) Percentage of genes that are essential,
dispensable, or intermediate (HMS > 0.26 and < 0.88). Intermediate HMS genes
with <5 TTAA sites (short), significantly reduced FIS (low fitness), significantly
increased FIS (high fitness), and genes that are truncatable from the 5′ or 3′ end
are shown. Genes with zero TTAA sites are not included. (D) HMS distribution
of lncRNAs identified in this study. Sense and antisense refer to lncRNAs that
overlap with the CDS in the sense and antisense orientation. lncRNAs with a
HMS < 0.26 (red dashed line) are considered essential, and lncRNAs with a
HMS > 0.88 (blue dashed line) are considered dispensable. (E) Number of genes

with varying lengths of truncation from the 5′ and 3′ end of the gene (normalized
CDS to 0 and 1), respectively. Only genes with a truncation in the normalized
CDS between 0.1 and 0.9 (>10% of the gene; red dashed lines) are considered
significant. (F) Distribution of the essentiality scores of truncatable genes by
HMS and OIS have fewer false classification of these genes as dispensable
compared with MIS. (G) SR140 is an essential but truncatable gene. The lack of
insertions in the 5′ end of the gene, which includes an RNA recognition motif
(RRM), a SURP motif, and a CID domain, suggests that these domains are
essential for function, whereas the 3′ end of the gene contains insertions,
suggesting that it is dispensable. (H) The essentiality of P. knowlesi genes
separated by the presence or absence of orthologs in other organisms. Orthologs
with conservation across greater evolutionary distance are enriched for essential
genes. (I) The essentiality of P. knowlesi genes involved in host-parasite
interactions. For (D), (F), (H), and (I), white circles indicate medians. The bars
show the interquartile ranges (IQRs), and the whiskers extend to values within
1.5 times the IQR. ****P < 0.0001; **P < 0.01.
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using a 25%cutoff onMSE (89 3′ truncations and
33 5′ truncations). Of the 122 high-confidence
truncatable genes, all but two were classified
as intermediate or essential by HMS, verifying
that the HMS model prevents false dispens-
able calls from insertion in only part of the
gene to which the MIS is prone (Fig. 2F and
fig. S10C). The OIS model classified most of
these correctly as essential (Fig. 2F). These
include known examples of essential but 3′
truncatable genes from P. falciparum, such
as PTEX150 (25), and previously unknown
examples, such as U2 small nuclear ribonu-
cleoprotein (snRNP)–associated SURPmotif–
containing protein (SR140, PKNH_1355400),
which has a truncatable 3′ end directly after all
annotated domains (Fig. 2G and fig. S10, D to
H). A total of 33 genes contained insertions in
the 5′ of the CDS, for which there was a strong
bias in the orientation of transposon insertion,
suggesting that there is promoter activity
within the transposon that can drive expres-
sion of a 3′ fragment from an alternative start
site in a small subset of genes (Fig. 2E and fig.
S10, I and J). A more relaxed MSE cutoff of
75% can be used to identify truncatable genes
with more complex insertional patterns, such
as AP2-I (PKNH_0806500), but may include
false calls as seen by the inclusion of dispens-
able genes (fig. S10, A, B, and H). To identify
intermediate genes with fitness defects, we
introduced a fitness index score (FIS) that
tracks changes in relative abundance of each
mutant over three time points (days 9, 14, and
19 posttransfection) (fig. S11, A to C). Overall,
126 genes were identified as having a signif-
icantly reduced fitness (excluding genes
with HMS < 0.26), of which 91% had an in-
termediate HMS (Fig. 2, B and C, and fig. S9E).
This is fewer than was observed in P. berghei,
which may be due to mutants with large fit-
ness defects being lost by day 9 in our screen
(compared with measurements from days 4 to
8 in P. berghei), before which accurate quanti-
fication of mutants is difficult owing to high
background from plasmid DNA, and is sup-
ported by an enrichment of P. berghei slow
orthologs being classified as essential in our
screen (fig. S11D) (13). Overall, ~36% genes with
an intermediateHMS can be explained by genes
that are truncatable, have few (<5) TTAA sites,
or are of intermediate fitness (Fig. 2C and fig.
S11E). The remaining genes may have an in-
termediate HMS for biological or technical
reasons, including subtle growth effects, being
able to tolerate insertion in some sites, having
reduced chromosomal accessibility, or lacking
sufficient data to make an accurate call owing
to the random nature of transposon insertion.

P. knowlesi genes involved in host-parasite
interactions are mostly dispensable in vitro

In agreement with observations in other orga-
nisms, a greater proportion of P. knowlesi genes

that have orthologs across greater evolutionary
distance are essential. P. knowlesi genes, with
orthologs in apicomplexans or eukaryotes, con-
tain 46.4% and 46.5% essential genes, respec-
tively, whereas genes found only in P. knowlesi,
theP. vivax clade, andPlasmodium spp. contain
6.3%, 9%, and29.8%essential genes, respectively
(Fig. 2H, fig. S12A, and data S5). Genes with
syntenic orthologs between Plasmodium spp.
are further enriched for essential genes com-
pared with those with nonsyntenic orthologs,
whereas geneswith paralogs aremore likely to
be dispensable, presumably because of their re-
dundant or diversified functions in the para-
site (fig. S12, B and C, and data S5). Of the 400
essential Plasmodium-specific genes, 52.5%
are annotated as conserved proteins of un-
known function. Essential genes conserved
across Apicomplexa and higher eukaryotes
were enriched for those involved in ribosome
biogenesis, RNA metabolism, and transcrip-
tion (fig. S12D). The essentiality of P. knowlesi
genes wasmapped onto the putative subcellular
localization based on the hyperLOPIT data of
their orthologs in the apicomplexan T. gondii
(26). Organelles involved in host-parasite in-
teractions, including apical, microneme, rhop-
try, and dense granule genes, contained fewer
essential genes, whereas protein trafficking,
mitochondrial, apicoplast, nuclear, proteasomal,
and ribosomal genes contained a high propor-
tion of essential genes, consistent with previous
studies, which highlighted these as promising
drug targets (fig. S13, A and B).
Genes specific to P. knowlesi and the P. vivax

clade predominantly belong to large gene fam-
ilies encoding proteins involved in host-parasite
interactions (Fig. 2I and data S5 and S6). The
majority of proteins exported into the host RBC,
including all full-length SICAvar genes, are dis-
pensable in vitro,which is expectedbecause they
are primarily involved in immune evasion (Fig.
2I, fig. S12D, and data S6). Notably, 12 of 300
exported genes are essential, including one
PIR/KIR (PKNH_1454600) and two PHIST
genes (PKNH_0201300 and PKNH_0117900),
and nine genes annotated as “Plasmodium ex-
ported protein, unknown function,” which sug-
gests essential functions under in vitro culture
conditions (Fig. 2I and data S6). The lncRNAs
overlapping with CDS are biased toward anti-
sense transcripts and are associated with non-
essential genes belonging to multigene families
(data S4). Among genes that encode for zoite
proteins (merozoite, sporozoite, and ookinete
forms) involved in host cell invasion (TRAP, TRP,
MSP, EBL, RBL, TRAG, and 6-Cys families), few
are essential; this is presumably due to functional
redundancy (as evident in P. falciparum) (27),
roles in invasion of other life cycle stages (e.g.,
CSP and celTOS, although celTOSwas proposed
to be essential in aP. falciparumpiggyBac screen)
(11, 28), or membership in multigene families,
such as TRAGproteins (29–31) (Fig. 2I, fig. S13C,

and data S6). Most validated and putative vac-
cine antigens from P. falciparum and P. vivax
were essential in P. knowlesi, including MSP1,
AMA1,GAMA, SRA, all RONproteins, theCLAMP
complex, and PCRCR complex proteins (which
in non-Laveranian parasites lack an obvious
Rh5 ortholog and have been genetically valid-
ated as essential inP. knowlesi) (Fig. 2I, fig. S13C,
and data S6) (12). There are several P. knowlesi–
specific differences in essentiality, including
RON1 andMSP5, which are uniquely essential
in P. knowlesi, and MA and MSP4, which are
uniquely dispensable in P. knowlesi (fig. S13C
and data S6). Within the EBL and RBL families
that have divergent orthologs in P. knowlesi,
only NBPXb is essential; however, we were un-
able to verify the essentiality of DBPa or DBPg
because they are duplicated and deleted in the
YH1 strain, respectively (fig. S13C) (32). We
curated an extended list of 38 schizont pro-
teins with potential as vaccine antigens and
found 17 to be essential, including the recently
identified prohibitin 1 (33) (Fig. 2I, fig. S13D,
and data S6). This information can help pri-
oritize vaccine targets for P. vivax clade par-
asites, which, because of the unculturability of
P. vivax in vitro, have little to no validation
from previous studies.

Comparative analysis predicts drug
susceptibility in Plasmodium spp.

Wecomparedouressentialitydata forP.knowlesi
with previous essentialome studies of apicom-
plexan parasites, including P. falciparum,
P. berghei, and T. gondii, and found a high level
of overall agreement, with P. berghei having the
highest concurrence with the P. knowlesi data
and T. gondii the least, likely due to a combina-
tion of technical differences between the screens
(gene disruption method, culture conditions,
and scoringmethods) and evolutionary distance
(Fig. 3A and fig. S14A) (11, 13, 14). Conservative
criteria were used to identify high-confidence
conserved essential or dispensable genes across
Plasmodium spp. (Materials and methods).
Of the 691 genes with 1:1 orthologs and high-
confidence essentiality calls across all three
species, 225 (32.6%) were dispensable and 329
(47.6%) were essential in all species, whereas
137 (19.8%) had discrepant essentiality in at
least one species (Fig. 3B and data S7). Pair-
wise comparisons show that the P. falciparum
piggyBac screen has the highest level of dis-
crepant genes with P. knowlesi and P. berghei
(16.9% and 14.4% discrepant calls, respective-
ly) compared with P. knowlesi and P. berghei
(7% discrepant calls), which may be due to di-
vergent biology or the lower saturation of the
P. falciparum screen (fig. S14, B and C). Con-
served essential genes between Plasmodium
spp. were enriched for central metabolic path-
ways, such as glycolytic processes (Fig. 3C). We
also investigated a larger set of 1238 ortho-
logs with lower-confidence essentiality calls
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in each species. As expected, this group con-
tained a greater number of discrepent genes,
and the enriched pathways were similar be-
tween the two gene sets (fig. S15 and data S7).

We investigated the cross-species essentiality
of 54 previously validated drug targets and 32
known resistance proteins curated from litera-
ture (Fig. 3, D and E, and data S8). Themajority

of validated drug targetswere essential across all
species, whereas fewer resistance mechanism
genes were essential (87% and 53% haveHMS <
0.26, respectively) (data S8). Only six genes were

Fig. 3. A comparative analysis
of gene essentiality across
apicomplexan parasites.
(A) Receiver operating char-
acteristic (ROC) curve quantify-
ing the predictive power of
the P. knowlesi essentiality anal-
ysis for classifying genes from
other high-throughput screens.
HMS highly correlates with previ-
ous apicomplexan essentiality
screens. (B) Venn diagrams
of conserved and species-specific
essential (left) and dispensable
(right) genes with 1:1 orthologs
and high-confidence essentiality
calls between Plasmodium
spp. (C) GOEA of conserved
essential (left) and dispensable
(right) Plasmodium genes at the
intersection identified in (B).
The inner color of each point is
the median HMS. The outer
color and text color show the
GOEA category: biological
process (BP), brown; cellular
component (CC), green; and
molecular function (MF), gray.
(D and E) Heatmaps of essen-
tiality scores of validated
Plasmodium drug targets (D)
and resistance mechanisms (E).
Genes studied further are
bolded in the heatmaps. The
scale for all heatmaps is shown
on (D). (F) Heatmap of essentiality
and fitness scores of genes up-
and downstream of FPP/GGPPS
function in isoprenoid bio-
synthesis and utilization. Color
scheme matches that of (D).
(G) IC50 of the FPP/GGPPS inhib-
itor, MMV019313, for P. falciparum
(Pf) and P. knowlesi (Pk) in a
1.5-cycle growth inhibition assay.
Three independent replicates
were performed in technical
duplicate. Means and SDs
are shown. Statistic shown is
an unpaired t test (****P <
0.0001). (H) Heatmap showing
essentiality and fitness of
TCA cycle genes and their
orthologs in different Plasmodium
spp. Color scheme matches that of (D). (I and J) Percentage inhibition of schizont maturation for P. falciparum (Pf), P. knowlesi (Pk), and P. vivax (Pv) by the aconitase
inhibitor sodium fluoroacetate at 2 mM (NaFAc) (I) and the OAT inhibitor L-canaline at 8.2 mM (J) is shown. Three independent replicates were performed in technical
duplicate. Means and SDs are shown. Statistic shown is ANOVA with multiple comparisons (adjusted **P < 0.005; ***P < 0.001; ns, not significant). For all panels, Pf.MIS
data are from the P. falciparum piggyBac screen (11). Pb.RGR data are from the large-scale screen in P. berghei (13). Toxo.Phenotype data are from the T. gondii CRISPR-
Cas9 screen (14). Pf.KO and Pb.KO refer to targeted gene disruptions in P. falciparum (Pf) and P. berghei (Pb) from the literature and from phenoplasm.org (90).
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uniquely dispensable in P. knowlesi from the
high-confidence set of 691 1:1 Plasmodium
spp. orthologs and had no significant fitness
defect in P. knowlesi (data S7). This included hy-
droxymethyldihydropterin pyrophosphokinase-
dihydropteroate synthase (PPPK-DHPS, PKNH_
1429900) and bifunctional farnesyl/geranylgeranyl
diphosphate synthase (FPP/GGPPS, PKNH_
0926500). Both genes contained insertions
throughout the gene, and we confirmed the
gene model using RNA-seq data and that they
are not amplified in the genome by qPCR and
using existing whole-genome sequencing data
(figs. S7 and S16). It is possible that the high
folate in the culture medium bypasses the es-
sential function of PPPK-DHPS, although the
conditions are the same as in the P. falciparum
piggyBac study that found PPPK-DHPS to be
essential, or alternatively that growth in rhesus
macaque RBCs alters their metabolic require-
ments. The dispensability of FPP/GGPPS, which
is listed as a high-priority drug target (34), is
not explained by altered essentiality of the up-
or downstream pathways (Fig. 3F and data S8).
Drug susceptibility testingwith thePfFPP/GGPPS
inhibitor, MMV019313, exhibited a 9.5-fold higher
median inhibitory concentration (IC50) against
P. knowlesi comparedwithP. falciparum, which
has been suggested to have a secondary target at
similar higher concentrations in P. falciparum,
supporting the observed dispensability ofPkFPP/
GGPPS (Fig. 3G) (35).
Notably, the 10 genes uniquely essential in

P. knowlesi included two, ornithineaminotrans-
ferase (OAT) and glutamate dehydrogenase 3
(GDH3), that bidirectionally convert glutamate
to a-ketoglutarate (Fig. 3H and data S7 and
S8). These metabolic intermediates, along with
glycolysis-derived pyruvate, participate in ana-
plerosis to replenish the tricarboxylic acid (TCA)
cycle of Plasmodium spp. OAT essentiality could
result from its role in the proline synthesis path-
way, which includes other genes with inter-
mediate HMS (Fig. 3H) (36). To directly test
the dependency of P. knowlesi and P. vivax on
OAT function, the OAT inhibitor L-canaline
was used. It was active against P. knowlesi but
not P. falciparum or P. vivax (Fig. 3I and fig.
S14E). We then investigated the essentiality of
other TCA cycle genes in P. knowlesi, given that
OAT and GDH3 feed metabolic intermediates
into the TCA cycle in other Plasmodium spp.
Notably, all TCA cycle enzymes except for KDH
are essential or have significantly reduced FIS
(Fig. 3H, fig. S14F, and data S8). The enzymes
mPDH and KDH, which govern pyruvate entry
intotheTCAcycle, areredundant inP. falciparum;
however, mPDH is essential in P. knowlesi (Fig.
3H) (37). To assess thedependence ofP. knowlesi,
P. vivax, and P. falciparum on the TCA cycle,
we inhibited a key step catalyzed by aconitase
using the inhibitor sodium fluoroacetate. This
aconitase inhibitor was found to be inhibitory
against both P. knowlesi and P. vivax but not

P. falciparum (Fig. 3J and fig. S14D). Taken to-
gether, our data suggest that there is an in-
creased reliance on the TCA cycle in P. vivax
clade asexual-stage parasites but with different
metabolite utilization requirements. Empirically,
we hypothesize that any TCA cycle inhibitors
being pursued as transmission-blocking drugs
for P. falciparum may be active against asex-
ual P. vivax clade parasites (38).

Perturbation analysis reveals determinants of
antimalarial susceptibility

We next investigated the utility of our high-
saturation transposonmutagenesis inP. knowlesi
to identify genes that modulate sensitivity to
knownantimalarials throughunbiased genome-
wide perturbation screens (Fig. 4A; fig. S17, A to
D; and data S9). GNF179 is a close analog of
ganaplacide (KAF156), which has shown pos-
itive results in a phase 2 clinical trial (39). After
selection of the transposon library with GNF179,
two statistical models, EdgeR and a site-level
model, were used to identify genes with signif-
icantly changed numbers of insertions (40).
Genes were considered hits only when either
model classified them as statistically signifi-
cant. We observed a significant enrichment
(~1000-fold) for transposonmutants in one gene,
acetyl-CoA transporter (ACT, PKNH_0621300),
indicating that its disruption results in resistance
(Fig. 4B, fig. S17E, and data S9). Disruption of
ACT is known to induce GNF179 resistance in
P. falciparum (41). A limitation of transposon
perturbation screens is that the lack of inser-
tions in essential genes prevents their study,
including drug targets, with the possible ex-
ception of those in UTRs that alter expression.
This is observed with the other known media-
tors ofGNF179 resistance inP. falciparum, cyclic
amine resistance locus (CARL, PKNH_0818900)
and UDP-galactose transporter (UGT, PKNH_
0910900), which were both essential in our
screen, and therefore their role in GNF179 re-
sistance could not be determined (41–43). Two
genes (PKNH_0722900 and PKNH_0929900)
were significantly depleted, both of which are
unique to Plasmodium spp. and have no pre-
dicted domains. However, because these genes
are not essential, they are unlikely to be the
target but instead are modulators of GNF179
sensitivity that may provide pathways to bet-
ter understanding the mechanism of action of
GNF179 (Fig. 4B, fig. S17E, and data S9).
The mechanism of action and resistance of

artemisinin (ART), the mainstay of antimalar-
ial treatment for P. falciparum globally and
increasingly for P. vivax, are highly complex
(3, 44, 45). Perturbation of P. knowlesi with
dihydroartemisinin (DHA) revealed 10 genes
with significantly altered levels of insertions,
six enriched and four depleted. These included
orthologs of genes known to influence ART
susceptibility as well as new genes (Fig. 4C, fig.
S17F, and data S9). We compared our hits with

previous P. falciparum DHA transposon per-
turbation studies; however, these genes were
not included in the smaller number of mutants
used in those screens (46, 47). Among 21 ge-
netically validated genes that modulate DHA
sensitivity in P. falciparum, only six were non-
essential (data S9). Although some of these
genes displayed changes in line with their role
inP. falciparumARTsensitivity, onlyP. knowlesi
knowpain-3 (PKNH_0912900, the closest or-
tholog of P. falciparum falcipain-3) was sig-
nificantly enriched in our screen, in support of
a shared role of hemoglobin digestion in DHA
activity betweenP. knowlesi andP. falciparum
(data S9) (48–50). Multiple genes with no pre-
vious link toART sensitivitywere also identified,
including three geneswith enriched insertions—
a phospholipid or glycerol acyltransferase (PGAT,
PKNH_0712100), a protein of unknown function
(PKNH_0830900), and protein transport pro-
tein SEC16 (SEC16, PKNH_0917600)—alongwith
four genes with depleted insertions—vacuolar
fusion protein CCZ1 (CCZ1, PKNH__0904800), a
proteinof unknown function (PKNH_0840900),
F-box protein (FBX07, PKNH_1008000), and
patatin-like phospholipase 1 (PATPL1, PKNH_
0412000) (Fig. 4C, fig. S17F, and data S9).
Two of the most highly enriched genes, type

II NADH:ubiquinone oxidoreductase (NDH2,
PKNH_0713000) and riboflavin kinase (RFK,
PKNH_1112200), have functions linked to mito-
chondrial metabolism. NDH2 is one of five
mitochondrial dehydrogenases that form the
electron transport chain (ETC) toproduce reduced
ubiquinone and is not essential in P. falciparum
or P. berghei, but it has an intermediate HMS
score in P. knowlesi (0.64) (51, 52). Notably,
NDH2 in P. falciparum is up-regulated in Kelch
13 (K13) DHA-resistant mutants, and down-
regulation of the ETC has been associatedwith
increased resistance to artemisinins in yeast
and T. gondii (53–55). RFK is necessary for the
conversion of riboflavin (vitamin B2) to FMN
and FAD, which are required for multiple path-
ways, including oxidative-reduction processes
and energy metabolism in the mitochondria.
We observed inhibitory activity of the RFK in-
hibitor roseoflavin against P. knowlesi at a
similar concentration to that of P. falciparum
(fig. S17G) (56). This inhibitor had an antago-
nistic effect on DHA activity, confirming the in-
creased fitness of RFK mutants observed after
DHA selection and highlighting a potential
previously unidentified resistance mechanism
(Fig. 4D).

Conclusions

We havemade a comprehensive classification of
gene essentiality in a Plasmodium spp. malaria
parasite during blood-stage growth. The genes
that we have identified present promising tar-
gets for synergistic inhibition with DHA and
other antimalarials, a strategy that is being ac-
tively pursued (57–66). The high efficiency of
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transfection of the P. knowlesi in vitro culture
system will make genome-wide screens more
accessible to the malaria community, includ-
ing usingmodified transposon strategies, such
as outward-facing promoters that alter expres-
sion of essential genes in perturbation screens.
Themodels developed in this work can also be
applied to P. falciparum and other organisms
if high-density insertional saturation can be
achieved. Comparative studies and genetic per-
turbation screens in parasites of the P. vivax
clade will aid prioritization of drug and vaccine
targets and reveal alternative mechanisms of
resistance that will inform therapeutic devel-
opment and surveillance.

Materials and methods
Parasite culture

The P. knowlesi YH1 strain used was generated
in (6). Parasites were maintained in rhesus
(Macaca mulatta) RBCs provided from Yerkes

National Primate Research Center, Emory Uni-
versity. Parasites were cultured in RPMI-1640
media supplemented with 25 mM HEPES,
11.50 mg/l hypoxanthine, 2.42 mM sodium
bicarbonate, and 4.31 mg/ml AlbuMAX II
(Invitrogen), at 37°C in a 1% oxygen, 5% carbon
dioxide and 94% nitrogen environment.

Plasmid construction

Plasmids were synthesized by Twist Bioscience
using their custom ampicillin resistance plas-
mid backbone. The Pk3xNLS-HypPB plasmid,
to transiently express hyperactive piggyBac
transposase, was generated using (in order 5′
to 3′), 1574 bp of the 5′UTR fromCYP19A (PKNH_
0818800), 3x nuclear localization signals (NLS), a
linker, hyPBase (9), 3xHA tag and 600 bp of the
3′UTRofHSP70(PKNH_1312700).ThePkPfRh3HR-
BeRFP-hDHFR transposon plasmid, which con-
tains the transposon and selectable marker, was
generated using (in order 5′ to 3′), 5′Homolgous

recombination (HR) region PfRh3 (not used in
this study), Sbf1 and NotI sites flanking the
transposon on both sides (to reduce intact plas-
mid DNA in library prep), 5′ piggyBac inverted
terminal repeat, 1056 bp of the 5′UTR CPN10
(PKNH_1434800), mBeRFP fluorescent protein
(not used in this study), a T2A skip peptide,
hDHFR selectable marker, 500 bp of the 3′UTR
of BIP (PKNH_0715900), 3′ piggyBac inverted
termal repeat and a 3′Homolgous recombina-
tion (HR) region PfRh3. UTRs include a small
number ofmutations to aid synthesis. Sequences
of each component and full plasmids can be
found in data S10.

Transfection and pooling

Cotransfection of the transposase and trans-
poson plasmids into P. knowlesi YH1 was per-
formed using a modified protocol from (5)
using the Amaxa 4D nucleofector (Lonza) and
the P3 Primary Cell 4D-Nucleofector X Kit L

Fig. 4. Perturbation analysis
reveals previously unknown
mechanisms of drug action and
resistance. (A) Schematic of
P. knowlesi perturbation screens.
Two transposon mutant pools
were generated by combining the
original transposon pools
(replicate 1 and replicate 2 that
each originate from independent
transfections). Each replicate
was exposed to either GNF or DHA
(fig. S17) and compared with an
untreated control. After drug
selection, the relative abundance
of each mutant was compared
with the untreated control to
determine fold-change and statis-
tical significance (Materials and
methods). Enrichment of trans-
poson insertions in specific genes
implicate them in drug resistance,
whereas reduced insertions
indicate drug sensitization. (B and
C) Change in relative abundance
of transposon mutants of all genes
in the library by the EdgeR
model after GNF179 (B) or DHA
(C) selection. Genes with transpo-
sons that are enriched (resistant) are
marked in red, and genes that are
depleted (sensitized) are marked in
blue (see also fig. S17 for the site-
level model). (D) The fractional
inhibitory concentration (FIC) of the
riboflavin kinase inhibitor (RFK),
roseoflavin, shows antagonism with
DHA in P. knowlesi. The dashed line
represents the theoretical values
expected when the drug interaction
is additive. Values above the line
show that the interaction is antagonistic, and those below the line show that the interaction is synergistic.
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(Lonza, V4XP-3024). Briefly, mature schizonts
were purified on a 60% percoll gradient (900 ×
g for 15 min), washed with complete RPMI and
allowed to recover in RPMI at 37°C in a 1%
oxygen, 5% carbon dioxide and 94% nitrogen
environment for ~1 hour. Purified schizonts were
pelleted and all RPMI was removed. 7.5 mL of
each plasmid (7.5 mg of each plasmid) were
combined with 100 mL of complete P3 primary
cell solution and 20 mL of parasites (~80 to 90%
purity, ~2 × 108 cells). This mixture was trans-
ferred to the supplied cuvette and electroporated
using the FP158 program. Parasites were trans-
ferred to a 1.4 mL tube containing 1 ml com-
plete RPMI plus 100 mL rhesus RBCs, and
incubated at 37°C on a thermomixer, shaking
at 600 rpm for ~20 to 30 min. Parasites were
washed with complete RPMI and pooled with
2 to 5 transfections per 10ml of culture (10 total
pools). 100 nM pyrimethamine was added to
select for the transposon after 1 day, and media
replaced daily.

P. knowlesi TPN sample and DNA preparation

P. knowlesi TPN mutant parasites were col-
lected for gDNA prep, 400 to 600 ml of infected
RBCs. The P. knowlesi TPN mutant blood pel-
lets were lysed with 0.03% saponin followed
by genomic DNA extraction using a QIAamp
DNA Blood Mini Kit (QIAGEN). The gDNA
was quantified using Qubit High Sensitivity
assay according to the manufacturers protocol
(Life Technologies Ltd, UK).

QIseq-based P. knowlesi TPN DNA
library preparation

A modified QIseq approach was used (10). For
each TPNmutant library, up to 500 ng of gDNA
was fragmented combined together with end
Repair, dA-tailing and adaptor ligation using the
NEBNext Ultra II FS DNA Library Prep kit. The
adaptor cleavage for furthermultiplex library pre-
paration was done using USER enzyme (NEB) at
37°C for 15 min. The adapter-ligated DNA libra-
rieswere cleaned using 0.8x volumeAmpureXP
(Beckman Coulter (UK) Ltd, UK). The piggyBac-
genome junction was amplified through two
nested PCR reactions (PCR1 and PCR2) using
NEBNextUltra IIQ5MasterMix. Both the nested
PCRreactionsamplified the5′endof thepiggyBac
transposable element sequence inserted with-
in the genome. For PCR1, primers BE_582- 5′-
GACGGATTCGCGCTATTTAGAAAGAGAG-3′
(primingwithin the 5′ transposon repeat element)
and BE_583- 5′-ACACTCTTTCCCTACACGAC
(priming with the NEB adaptor sequence) were
used to amplify using conditions of annealing
at 67°C and extension at 68°C with 14 cycles
of PCR. The PCR1 product was purified using
Qiagen PCR cleanup kit and further subjected
to restriction digestionwith enzymesNotI and
SbfI to reduce episomal plasmid DNA (nonin-
tegrated transposon). The samples were again
purified with Qiagen PCR cleanup kit and used

for PCR2. The PCR2 conditions were as follows:
BE_584-5′-TCGTCGGCAGCGTCAGATGTGTAT-
AAGAGACAGTCAATTTTACGCAGACTATCT-
TTCTAGGGTTAA-3′ (Rv primer; underlined
seq specific to 5′ transposable element along
with Illuminaadapter) andBE_585-5′-GTCTCGT-
GGGCTCGGAGATGTGTATAAGAGACAGTCCC-
TACACGACGCTCTTCCGATCT-3′ (Fw primer,
underlined sequence specific to theNEBadapter
along with Illumina adapter; 12 cycles of PCR;
annealing and extension at 68°C). The final PCR
product was purified and size selected using
Ampure XP beads. The size selection was two-
step with 0.6x volume to remove large DNA
fragments, followed by 0.8x volume to remove
small DNA fragments (<200 bp and residual
PCR primers). The final PCR reaction was per-
formed to add Illumina sequences and indexes
to each sample using commercially available
index primers (Nextera XT Index kit, Illumina).
The final TPN amplicon product was purified
with 0.9x volume Ampure XP beads. The li-
brary size and concentration were determined
using Bioanalyzer high sensitivity DNA anal-
ysis (Agilent Technologies) and Qubit High
Sensitivity assay according to the manufac-
turers protocol (Life Technologies Ltd, UK).

P. knowlesi transposon library–based sequencing

To ensure quality control, all individualP. knowlesi
TPN-based DNA libraries were pooled and se-
quenced using a MiSeq-Nano kit (Illumina) to
estimate the correct concentration and size of
the libraries. For deep coverage, the pooled libra-
ries were then sequenced using the NovaSeq
6000 S4 Reagent Kit v1.5 (300 cycles, Illumina).
Up to 35% of PhiX was spiked into the trans-
poson library pooled samples to improve cluster
generation.

P. knowlesi lncRNA sequencing

P. knowlesi YH1 was synchronized using percoll
gradient centrifugation method. The parasites
were harvested and saved in TRIzol (Thermo-
Fisher) at different stages of intraerythrocytic
cycle: rings, trophozoites, and schizonts in the
parasite concentration ratio of 2:2:1, with par-
asitemia between 4 and 5% grown at 2% he-
matocrit in rhesus RBCs. The different parasite
stage samples were pooled together for long
noncoding RNA sequencing at BGI Genomics
sequencing platform (San Jose, California).
Briefly, for the lncRNA library preparation,
ribosomal RNA was removed using RNase H
kit, followed by RNA fragmentation. The cDNAs
were synthesized using a standard protocol at
BGI Genomics (67). For second-strand synthe-
sis, dUTP was used instead of dTTP. Double-
stranded cDNA fragments are subjected to
end-repair, and then a single “A” nucleotide is
added to the 3′ ends of the blunt fragments.
The reaction system and program for adaptor
ligation were subsequently configured and set
up to ligate adaptors with the cDNAs. This was

followed by the final PCR for amplification of the
cDNAs. The cDNAswere then denatured to gen-
erate single-stranded PCR products, which were
cyclized. At the BGI Genomics facility, sequenc-
ingwas performedwhere the single-stranded cir-
cular DNAmolecules were replicated via rolling
circle amplification, thereby generating DNA
nanoballs (DNBs) with multiple copies of DNA.
High-quality DNBs were then loaded into pat-
terned nanoarrays using a high-intensity DNA
nanochip technique and sequenced through
combinatorial probe-anchor synthesis (cPAS).

Schizont maturation assays to test
drug susceptibility

A cryopreserved Brazilian P. vivax isolate was
thawed as reported previously (68, 69). The sam-
ples were then enriched on 1.080 g/mL KCl high
Percoll gradients. Briefly, 2 mL of parasitized
RBCs resuspended using Iscove’s modified
Dulbecco’s medium (IMDM, Gibco) were lay-
ered on 3mL 1.080 g/mL KCl high Percoll gra-
dient and spun for 15min at 1200× gwith slow
acceleration and no break. The interface post
Percoll-gradient spin was removed, washed in
incomplete IMDM, and used for drug assays.
As a part of the drug assay setup, the enriched
P. vivax parasites, predominantly early rings,
were subjected to in vitro culture conditions
with 0.2%hematocrit in IMDMcontaining 10%
AB+ heat-inactivated sera and 50 mg/mL gen-
tamicin at 37 °C in 5% CO2, 1%O2, and 94%N2.
The effect of L-canaline (Cayman Chemicals), So-
dium fluoroacetate (Molport,supplier Advamacs)
and MMV019313 on parasite development was
assessed by measuring the proportion of par-
asitesmaturing fromring to schizont stage based
on their DNA content. Specifically, ring stage
P. vivax,P. knowlesi andP. falciparumparasites
at 0.5 to 1% parasitemia and 0.2% hematocrit
were exposed to the drugs in 384-well flat clear
bottom black plates (Corning) and incubated
at 37°C. The final concentrations of the drugs
in the plate ranged from 1.3 nM to 100 mM for
MMV01913, L-canaline and 0.01 mM to 2 mM
for sodium fluoroacetate. All three parasite spe-
cies, P. vivax, P. knowlesi, and P. falciparum,
were monitored for maturation from rings
toward late stage schizonts in the presence of
given drug versus no drug control. The drug
assays were harvested at 28 to 30 hours for
P. knowlesi and 44 to 48 hours for P. vivax
and P. falciparum by staining with 1X SYBR
green I dye for 15 min (working stock: 1:1000
dilution in 1X PBS). SYBR green intensities cor-
responding to parasite DNA contentweremea-
sured using Cytek flow cytometer and analyzed
using the FlowJo software (version 10.10.0).
DHA-treated parasites served as a kill con-
trol to identify parasite gating for rings.

1.5 cycle assays to test drug susceptibility

DrugsensitivitiesofP.knowlesiandP. falciparum
asexual stage parasites were assessed using a
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SYBR green I-based fluorescence assay (70).
Stock solutions of dihydroartemisinin (DHA),
MMV01913, and Roseoflavin (Cayman Chem-
icals) were prepared inDMSO at 10mM,where-
as L-canaline and sodium fluoroacetate were
prepared in water with 0.1% Triton X-100 at
10 mM and 50 mM, respectively. The drugs
were printed directly onto 96-well black clear
bottom plates (Corning) using HPD300e digital
dispenser. Synchronized ring-stage Plasmodium
spp. parasites used for measurement with or
without drugs were prepared in 96-well black
clear bottomplates at a culture volume of 100 ml,
1%-hematocrit, and starting parasitemia of 1%,
in RPMI-1640 as described previously (71). Sub-
sequently, P. knowlesi and P. falciparum cul-
tures were gassed and incubated at 37°C for
48 hours and 72 hours, respectively. To quan-
tify the DNA content, the parasite cultures were
lysed by adding 20 ml of a 6x lysis buffer (0.16%
saponin, 20 mM Tris-HCl, 5 mM EDTA, 1.6%
Triton X-100, pH 7.4) containing 1:1000 SYBR
green I (Invitrogen, S7567). Fluorescence in-
tensities were measured using a microplate
reader (SpectraMax iD5, Molecular Devices)
at the excitation wavelength 494 nm and
the emission wavelength 530 nm. The raw
fluorescence values were normalized to un-
treated controls after subtraction of back-
ground fluorescence.

Fixed ratio method (isobologram) analysis for
drug synergy

The fixed ratio method was used to assess the
impact of combinatorial effect of DHA and
Roseoflavin on P. knowlesi, as described previo-
usly (72). The two drugs, DHA and Roseoflavin,
were combined to generate six dose-response
curves based on combinatorial ratios, ensuring
the IC50 of each drug fell at a midpoint within
a two-fold serial dilution. Out of the six com-
binatorial ratios two included the two drugs
alone (100Roseoflavin:0DHA and 0Roseoflavin:
0DHA) and the remaining four each had a
component relating to each of the two drugs
in the combination (80Roseoflavin:20DHA;
60Roseoflavin:40DHA; 40Roseoflavin:60DHA).
SYBR-green I based drug assay was performed
as described above. The SYBR fluorescence read-
out data obtained was used to generate dose-
response curves using GraphPad. This included
four dose-response curves relating to each com-
binationofDHAandRoseoflavinand twocurves
for each drug alone. The IC50 values calculated
from each of these dose response curves were
used to construct an isobologramusingGraphPad
(GraphPad Prism, 10.1.1).

Quantification and statistical analysis for
drug susceptibility

All statistical analysiswas performed inGraphpad
PRISM 10. IC50 values were calculated using the
nonlinear regression function (variable slope –
four parameters, least squares regression). Statis-

tical significance of IC50 changeswere determined
using analysis of variance (ANOVA) or t test. De-
tails of each analysis can be found in the corre-
sponding figure legend.

Drug selections of transposon pools

Initial transposon pools were combined into
replicate 1 and replicate 2 (eachoriginating from
unique transfections) 14 to 25 days after initial
transfections. Each perturbation selection was
started with 1 ml packed RBCs at 2% parasit-
emia (~2 × 108 mixed stage parasites). Drug was
applied continuously at the concentrations
shown in fig. S17. To ensure sufficient selection
on parasites, drug concentration was increased
through the experiment until a significant dif-
ference in the growth rate was observed be-
tween the treated and untreated control. If
parasitemia dropped below 0.5%, then par-
asites were taken off drug to recover (fig. S17).
Parasites were diluted as needed to maintain
parasitemia between 1 and 10%, and culture
media was replaced daily.

Determination of gene copy number

The qPCR reactions were conducted using the
StepOnePlus Real-Time PCR System (Applied
Biosystems). Each reaction contained 10 mL of
Fast SYBR Green Master Mix (Applied Biosys-
tems, cat. no. 4385610), 0.15 mL of each forward
and reverse primer (100 mM stock, final con-
centration 0.5 mM each), 2 mL of DNA, and
nuclease-free water to a final volume of 20 mL.
The following cycling conditions were used:
an initial denaturation at 95°C for 20 s, followed
by 40 cycles of denaturation at 95°C for 3 s and
annealing/extension at 60°C for 30 s. Stan-
dard curves were generated using 10-fold se-
rial dilutions of gel-extracted amplicons to
ensure accurate quantification. Relative copy
numbers were calculated using the StepOne
Software (version 2.3). Primer sequences are
provided in data S10.

Tn-seq read alignment and preprocessing

The reference genome and gene annotations
for P. knowlesi (H strain, release 58) were down-
loaded from https://plasmodb.org/. Read adap-
tors were trimmed using Cutadapt v.2.10 (73)
from the 5′ endwith parameter settings: –pair-
adapters –pair-filter=any –quality-base=33 -m 30
-q 20 –discard-untrimmed. Trimmed paired-end
reads were filtered using a custom R script to
remove reads with no TTAA at the beginning of
the read as well as reads with TTAA but without
the transposon sequence in read1. Filtered paired-
end reads were mapped to the genome using
BWA-mem v.0.7.17 (74). PCR duplicates were
removed using samtools v.1.10 markdup (75).
High quality usable readswere extracted using
samtools with parameter settings: samtools
view -q 30 -f 66 -b -h. Filtered bam files from
read1 were converted into bed files and all po-
tential TTAA sites and their unique identifiers

were identified and assembled into a count
matrix using bedtools v.2.31.0 (76) and custom
R scripts. Only read1s were used to construct
the count matrix. Reads in the final bed files
were matched to their unique TTAA identi-
fiers. Read countswere determined in twoways:
unidirectional and directional, where read in
opposite orientation were considered as inde-
pendent insertions.

Background correction and gold plus lists

Wecurated a list of 30putative background genes
in P. knowlesi based on their orthologs having
a targeted gene disruption in P. falciparum,
evidence of essentiality in P. berghei from either
targeted disruption or genomic screening and
are essential in theT. gondiiCRISPR-Cas9 screen.
The extended gold-plus lists were generated
using the following criteria: shared essential/
dispensable calls in theP. falciparum,P. berghei,
and T. gondii screens and no conflicting data
with targeted gene disruptions, or essential/
dispensable in bothP. falciparum andP. berghei
screens and targeted gene disruptions in both
species. Essentiality data for targeted disrup-
tions are from phenoplasm.org (61). Screening
data are from the P. falciparum piggyBac screen
(6), the P. berghei large-scale screen (7), and
T. gondii CRISPR-Cas9 screen (8). Our criteria
for high-confidence calls in each of these screens
were: For P. falciparum, genes <650 bp were
excluded; essential genes have MIS < 0.2 and
classified as nonmutable; dispensable genes
have aMIS > 0.8 and classified asmutable. For
P. berghei, essential genes have RGR < 0.2 and
classified as essential; dispensable genes have
RGR > 0.9 and dispensable classification.
For T. gondii, essential genes have CRISPR
score < −3, and dispensable genes have CRISPR
score > 0. For background correction, genes
were ranked by essentiality according to the
total number of reads mapped to the CDS of
the genes. For this analysis, TTAA sites lo-
cates close to the end (>99%) of the transcript
were not considered. Outliers were flagged as
those with read counts over the 75% quantile
and filtered out from subsequent analysis, re-
sulting in 22 genes with high confidence (fig.
S1B). Themean value of total reads mapped to
TTAA sites within the CDS of the 22 genes were
used as “background insertions” and subtracted
from all TTAA sites from every gene per sample
separately.

Comparative essentiality analysis

Genes lacking orthologs in pairwise or across
the three species of Plasmodiumwere filtered.
For the remaining genes, the comparisons were
performed under both high and low confidence
cutoffs. Essential and dispensable groups with
high confidence cutoff were flagged using the
criteria for high-confidence calls in each of
the screen as described in the “Background
correction and gold plus lists” section. For low
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confidence cutoff, genes labels were taken di-
rectly from the P. berghei and P. falciparum
studies without additional filters.No changewas
applied to P. knowlesi.

Assessment of saturation level

To assess the saturation level of insertions with-
in the genome, we performed a simulation as
follows. Genes were randomly split into two
groups, insertable and un-insertable assuming
(i) 60% of genes are insertable (lower bound)
and (ii) 100% of genes are insertable (upper
bound). TTAA sites in the CDS regions of genes
were classified according to the genes they re-
side in. Sites were sampled at random, and the
proportion of insertions and targeted genes
were calculated. Total number of sampled sites
ranged from 0 to 1000000. Saturation was es-
timated at 95% level of insertable genes being
targeted.

MIS calculation

The MIS was calculated as previously described
(11). We applied the following modifications to
account for noise in the data. First, the count
data was corrected to remove background noise
and count permillion (CPM) normalization was
performed. All TTAA sites locates at the >=99%
the transcript were removed. We calculated the
MSg score as MSg ¼ log Ngþ1

Dg

� �
. Here, Ng is the

total number of reads mapped to the CDS of
gene g andDg ¼ NTTAA�1000

Lg
is the TTAA density

of the gene g, i.e., the number of unique TTAA
sites per kb of the CDS of gene g. NTTAA rep-
resents the total number of TTAA sites within
the CDS of gene g and Lg is the CDS length of
gene g. TheMSgbg of the 22 gold list of essential
genes were used to estimate the background
mean and standard deviation mbg and sbg. Then,
MSg of all genes were corrected by the z-score
normalization with mbg and sbg and shifted using
by max normalized score of gold list (GL) to
calculate the final MSgnew score

MSgnew ¼ MSg � mbg
sbg

�maxbg∈GL
MSgbg � mbg

sbg

� �

A Gaussian mixture model was then fitted
to theMSgnew and the parameters were inferred
using the expectation maximization (EM) algo-
rithm. Finally, the MIS was calculated as the
posterior probability that gene g belongs to the
dispensable gene group using the Bayes formula

MISg ¼ Pðpg ¼ 1jMSgnew ; mpg¼1; spg¼1Þ

¼ P pg ¼ 1ð Þf ðMSgnew jmpg¼1; spg¼1ÞX
pg¼1;0

PðpgÞf ðMSgnew jmpg ; spg Þ

where pg is a Bernoulli random variable repre-
senting the essentiality of gene g with pg = 1
corresponding to dispensable and pg = 0 cor-
responding to essential. Here f represents the
normal density.

Weight calculation for TTAA site
To account for the distribution of TTAA sites
and their relative position within a gene, we
devised a weighting scheme that proportion-
ally assigns weights based on distance from
the TSS. Specifically, introns were removed from
every gene g and exons were concatenated. The
CDS length of every gene g was normalized to
0 to 1 and the relative distance Ri of each
TTAA site i was calculated by

Ri ¼ di � Lgj j
Lg

� 1

2

where di is the distance of site i to the TSS
and Lg is the CDS length. Subsequently, the
weight of each TTAA site i was calculated
based on the quadratic equation

Wi ¼ � 5

8
R2
i þ

2

5
Ri þ 1

The coefficients� 5
8 and

2
5 were calculated to

optimize the weights in a way that weight is
the highest closer to the center and quadrat-
ically drops down closer to the ends, with the
3′ end having the lowest weight. The rationale
behind this formulation is that the disruption
of TTAA sites at the 3′ end should be less ef-
fective in disrupting the protein product. Wi

was then passed through a sigmoid function
to cause a quicker drop at the ends and reduce
the weight of TTAA locating at extreme 3′ end
of the CDS with settings: a = 1000, b = 0.48.

y ¼ 1

1þ e�a Wi�bð Þ

These weights were used in all subsequent
models.

Modified MIS

A modified MIS model was devised to reduce
the bias introduce by gene length as follows

~MSg ¼ log

X
Ni �Wi þ 1

NTTAA

 !

Here, Ni denotes the total number of reads
mapped at the TTAA site i within the CDS of
gene g,Wi is the weight of the TTAA site i, and
NTTAA is the total number of unique TTAA. All
the theoretical TTAA sites were weighted with
the weight function introduced in the last par-
agraph. We calculated the~MSg of gene based
on amodified equation without CDS length Lg
because it introduces a bias in dispensability
calls for genes with long CDS length. We back-
ground corrected and normalize the~MSg and
calculate the posterior probability of dispens-
ability of the genes as in the MIS calculations.

OIS

To leverage the statistical power of indepen-
dent transfection pools, we devised an OIS as
follows.First, samples fromthe same transfection

pool were merged, resulting in 10 sets. The occu-
pancy score of gene g is defined by

OSg ¼ log

X
Oi �Wi þ 1

NTTAA

 !

where Oi is the occupancy count for site iwith-
in the CDS of gene g and Wi is the weight for
site i based on the previously defined weight
function. Occupancy counts for the OIS model
were collapsed into binary values after back-
ground noise removal and CPMnormalization
(cutoff = 0.5) for each transfection pool (oc-
cupancy per site per transfection pool). OSg of
all geneswere then normalized using the same
approach as in the MSg and MIS model.

OSgnew ¼ OSg � mbg
sbg

�max
OSgbg � mbg

sbg

� �

The OSgnew wasmodeledusingamixedGaussian
distribution and parameters were fitted using
the EM algorithm. Same procedure as inMIS
was applied to calculate the posterior proba-
bility of gene essentiality with OIS.

Bayesian network model

We developed a Bayesian methodology to infer
gene essentiality as well as the chromatin state
of the TTAA sites within genes.

Model overview

The Bayesian approach probabilistically esti-
mates the essentiality of each gene as well as
mutability of the sites and their innate chro-
matin state. As input, the model takes in the
observed insertion counts at each site within
the CDS of the genes, runs a probabilistic query
to find most probable configuration of the gene
essentiality and site mutability, and outputs
the estimates of gene essentiality, chromatin
state, and site mutability. To achieve this, we
first construct a directed acyclic graph (DAG)
for each gene (fig. S4A). The graph consists of
the following layers. The head node is a bi-
nary random variable representing the gene.
The value of this node will probabilistically de-
termine the essentiality of the gene (0: essential
and 1: nonessential). Directly below the node,
we introduce a layer of nodes to model mu-
tability of the (ordered) sites within the CDS
of the gene (one node per site). The value of
these nodes model represents the site state
(0: immutable; 1: mutable). Each of these nodes
has a child node directly underneath repre-
senting the chromatin state of the site (0:
inaccessible/1: accessible). In this layer, nodes
are connected to the immediate downstream
node, forming a Markov chain. The rationale
for these connections is to account for spatial
chromatin state, which may affect consecutive
sites (sites near (in)accessible sites are more
likely to be (in)accessible). Finally, each of these
nodes has a direct child node representing the

RESEARCH | RESEARCH ARTICLE

Elsworth et al., Science 387, eadq6241 (2025) 7 February 2025 11 of 15

D
ow

nloaded from
 https://w

w
w

.science.org on February 11, 2025



observable counts. Input count data (evidence)
is provided to the model and through a sam-
pling procedure, values and corresponding prob-
abilities of unobserved nodes are estimated to
identify the most probable configuration.

Mathematical details

For each gene we constructed a directed acyclic
graph

AG ¼ N ;Eð Þ
where N represents the nodes and E repre-
sents the connections (edges) between thenodes.
The network consists of several layers. The ter-
minal nodes in the network Xi, represent the
observed counts for each site in the original
count matrix. Directly above the count nodes,
latent variable Ci are introduced to model the
latent chromatin state. These random variables
are Bernoulli with two states (0: inaccessible/1:
accessible). Moreover, to account for chromatin
state in the neighboring regions, we introduced
a Markov Chain where state of Ci−1 influences
the state of Ci. Nodes Si are also Bernoulli ran-
dom variables representing the site state (0:
immutable/1:mutable) within the CDS of gene
G. Finally, Gi represents the gene state (0:
essential/1: dispensability). Figure S4A shows
the schematic of the Bayesian network.
For terminal observed counts notes, we as-

sumed that each Xi is independent and used a
mixture of two negative binomial distribution
representing essential and dispensable sites)
to model Xi.

Xi ∼ pNB p0;u0ð Þ þ p� 1ð ÞNB p1;u1ð Þ
The parameters (p, p0, u0, p1, u1) of the mixed
negative binomial distribution model were
inferred by EM algorithm via maximizing P
(Gi, Si, Ci | Xi).
To fit the model, we developed a Gibbs sim-

pler that was used to identify the most likely
state of each node in the network. The joint
probability distribution of each node was fac-
torized given its Markov blanket (MB). The
factorization and posterior state of each state
were calculated as follows

PðCi ¼ 0 MBj Þ ¼ PðCi ¼ 0 Si ¼ si;Ci�1 ¼ ci�1;Xi ¼ xij Þ

¼ PðXi ¼ xi Si ¼ si;Ci�1 ¼ ci�1;Ci ¼ 0j Þ � P Si ¼ si;Ci�1 ¼ ci�1;Ci ¼ 0ð Þ
P Si ¼ si; Ci�1 ¼ ci�1;Xi ¼ xið Þ

¼ PðXi ¼ xi Ci ¼ 0j Þ � PðCi ¼ 0 Ci�1 ¼ ci�1; Si ¼ sij Þ � P Ci�1 ¼ ci�1ð Þ � P Si ¼ sið Þ
P Xi ¼ xið Þ � P Ci�1 ¼ ci�1ð Þ � P Si ¼ sið Þ

P(Ci = 0|Ci−1 = ci−1, Si = 0) can be calculated by
the transition probability matrix

0:9 0:1
0:2 0:8

� �

P(Ci = 0|Ci−1 = ci−1, Si = 1) can be calculated by
the transition probability matrix

0:8 0:2
0:1 0:9

� �

P(Ci = 1|MB) was calculated by P(Ci = 1|MB) =
1 − P(Ci = 0|MB). The posterior of Si nodes are
given by

PðSi ¼ 0 MBj Þ ¼ PðSi ¼ 0 Gi ¼ g;Ci�1 ¼ ci�1;Ci ¼ cij Þ
¼ PðCi ¼ ci Ci�1 ¼ ci�1; Si ¼ 0j Þ � P � Si ¼ 0 Gi ¼ gj Þ � P Ci�1 ¼ ci�1ð Þ � P Gi ¼ gð Þ

P Gi ¼ g;Ci�1 ¼ ci�1;Ci ¼ cið Þ

¼ PðCi ¼ ci Ci�1 ¼ ci�1; Si ¼ 0j Þ � PðSi ¼ 0 Gi ¼ gj Þ � P Ci�1 ¼ ci�1ð Þ � P Gi ¼ gð Þ
P Gi ¼ gð Þ � P Ci�1 ¼ ci�1ð Þ � P Ci ¼ cið Þ

P(Si = 0|Gi = g) can be calculated by the transi-
tion probability matrix

0:9 0:1
0:3 0:7

� �

Similarly, P(Si = 1|MB) was calculated by
P(Si = 1|MB) = 1 − P(Si = 0|MB). The network
was fully instantiated at random and node
values were updated using a Gibbs Sampling
procedure. Finally, the posterior probability
of gene Gi modeled using a saturation logistic
function with adaptive weight wi

PðGi ¼ 0 MBj Þ ¼ PðGi ¼ 0 Sj Þ ¼ e
X
wiSi

1þ e�
X
wiSi

wi ¼ 5

1þ e5�NTTAA
þ 1

where NTTAA is the total number of theoret-
ical TTAA sites locating at the CDS of gene Gi.
Note that the more sites a gene has, the more
confident the essentiality of the gene will be.
The P(Gi = 1|MB) was calculated by: P(Gi = 1|
MB) = P(Gi = 1|S) = 1 − P(Gi = 0|S). The prob-
ability P(Gi = 1|MB) is defined as the BMS of
the dispensability of gene.

HMS calculation

To take advantage of bothMMIS and BMS, we
devised a hybridmodel combining the two using
a convex sumwith an adaptive weight as follows

P Gi Sj Þ ¼ 1� lð Þpa þ lpbð

l ¼ 1

1þ e5�NTTAA

where pa and pb represent the posterior prob-
ability of gene G being dispensable in MMIS
model and Bayesian network model, respec-
tively. The transition point was set to 5, which
causes the hybrid models to softly switch to
MMIS for genes with lower than 5 TTAA sites,
and the BMS for geneswithmore than 5 TTAA
sites. The rationale behind this hybrid model
is that MMIS tends to be less conservative for
calling dispensability for genes with low num-
ber of TTAA sites. Hence this soft switch al-
lows for confident calls for all genes with at
least 3 TTAA sites (fig. S5).

FIS

To access the fitness advantages and defects of
genes over time, regardless of essentiality score,

we devised a FIS to track counts across time-
points. A total of three timepoints (day 9, day 14,
and day 19) were used. Samples before day 9
were excluded from this analysis. Background
noise removedandCPMnormalizedcountmatrix
was used to calculate the relative abundance
of eachmutantm for each transfection pool at
each time point separately as

MFSg ¼

log

X
m
rm;k
t;g þ 1

� �
� 1X

k
I t ∈ TPNkð Þ �

1X
m
I m ∈ gð Þ þ 1

NTTAA

2
64

3
75

Here, rm;k
t;g represents the normalized reads

number of mutant m targeting gene g on its
CDS in transfection pool k,

X
kI t ∈ TPNkð Þ is

the total number of transfections that contains
the timepoint t,

X
mI m ∈ gð Þis the total num-

ber of mutants targeting gene g in all samples.
I t ∈ Trkð Þ and I m ∈ gð Þ are two indicator func-
tions which are introduced to normalize differ-
ences in sample numbers and time points.

I t ∈ TPNkð Þ

¼ 1; if t in k
0; else

; I m ∈ gð Þ ¼ 1; if m ≠ 0
0; else

��

A linear regression model was fitted for each
gene’sMFSg using the three time points.MFSg
is defined as the slope of fitted regression line.
This slope captures the fitness trend of gene g
over time. Significance of slope was estimated
as the linear regression slope coefficient P val-
ues corrected for multiple hypothesis testing
using the false discovery rate (FDR) method.

Identification of truncatable genes

To identify truncatable genes, we devised a sim-
ple change point (cp) detection algorithm that
fits a step function to a binary vector S track-
ing themutability of the TTAA sites associated
with the gene. This vector is calculated by the
Bayesian Network, which consists of nodes rep-
resenting site insertability. The cp values range
from 0 to 1, covering all points on the normal-
ized length of the gene. The goodness of the fit
was estimated by least squares approximations.
Thebest fitwas used to rankgene truncatablility.
This procedure was applied 5′ to 3′ and 3′ to 5′ to
identify both 3′ and 5′ truncatable genes. We
used cutoff 0.1 < Ri < 0.9 and 0 < cp < 1 and
MSE<25 percentile/75 percentile (fig. S10) to
identify truncatable genes with high confidence,
where MSE represents the Mean squared error
between fitted step function and the vector S. cp
is the relative location of the changing point
within the genebased on rankedTTAA sites and
Ri represents the relative distance of changing
point to TSS.

HMM for identifying depleted regions

We developed a HMM to identify depleted
and enriched TTAA insertion regions across
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all chromosomes. The hidden state of theHMM
is a binary random variableX representing the
status of the site as 0 for depleted and 1 for
nondepleted. The observable node O down-
stream of X represents the actual observed
counts of the background corrected counts
matrix. This random variable was modeled
as a geometric random variable with param-
eters specific to the hidden state. The geomet-
ric distribution parameters for each state were
estimated by modelling the observed back-
ground counts as a mixture of two geometric
distributions with state specific parameters
estimated using observed read counts. These
probabilities were used as emission probabil-
ities. The transition probabilities between states
were set by trial and error as

0:7 0:4
0:3 0:6

� �

The Vitterbi algorithm was used to estimate
the posterior probability of hidden state. We
modified the source Python code from (77) to
generate a custom R script. Final depleted re-
gions were marked using a cutoff of ≥ 5 con-
secutive TTAA sites labeled as “depleted” by
the model. Identified depleted regions were
visualized on the circos plot.

Hot-spot and cold-spot detection

A similar HMM was trained to identify hot-
spots (i.e., TTAA sites with very high insertion
levels) and coldspots (depleted regions). The
HMMs consisted of two states and the emission
probabilitieswere estimated using the quantiles
of the count distribution (counts on the upper
0.999 quantiles for hot-spots and reads < 1 count
for coldspots). Transition probability matrices
were set by trial and error as

0:6 0:4
0:4 0:6

� �

An independent analysis was used to valid-
ate hotsopts and coldspots as follows: 0 counts
after background noise removal in exons of
dispensable genes and intergenic regions were
directly extracted for motif enrichment. Re-
gions 10 nt upstream and downstream of the
coldspots and hotspots were extracted for mo-
tif enrichment analysis.

Motif analysis

Extracted fasta sequences were used to per-
form motif search. Motif search was performed
using BAMMmotif (78).

Orthology analysis

All orthologs genes between Apicomplexan
species were identified by OrthoMCL (https://
orthomcl.org/) (79). Search terms used for de-
fining conservation groups in OrthoMCL (re-
lease 6.2) were by phyetic pattern: P. knowlesi
(Pkno=1T),P. vivax clade (pcym+pkno+pvip=3T),

Plasmodium ((pber+pfal+pcha+pgal+prei+
pyoe>=1T) AND (pkno=1T)), apicomplexan
((PIRO+COCC>=1T) AND (pkno=1T), and eu-
karyotic (CILI+FUNG+META+VIRI>=3T AND
(pkno=1T)). Reciprocal blast onprotein sequences
by R package orthologr (v.0.4.0) (80) with set-
tings: eval = 0.001. OrthoFinder2 (81) was used
to further narrow down the list and increase
the confidence in ortholog calls.

Paralogs, synteny, and protein localization data

Paralogs and syntenic genes were downloaded
from PlasmoDB (21). Protein localization was
identified using orthologous genes in T. gondii
and hyperLopit data (26).

Isoform essentiality

Isoforms were identified using the same pipe-
line as in in the lncRNAs. Same scores asHMS,
OIS andMISwere used to call the essentiality for
all identified isoforms. The transcripts flagged
as “=” in transcript assembly result were fil-
tered out.

Perturbation analysis at gene and site level

We devised two approaches to statistically as-
sess the difference in insertions between treated
and control groups. In the first approach, we
aggregate the site level insertions to gene level
by summing the background corrected counts
into a single count. This was done for each rep-
licate (2 biological and 2 technical) and the fold
change enrichments and P values were calcu-
lated using the background corrected and CPM
normalized counts with the edgeR (v.3.40.2)
package (40).
In the secondapproach, backgroundcorrected,

CPM normalized count matrix was used to cal-
culate the fold change for every site. Sites with
0 count were removed from all samples. To fur-
ther increase statistical confidence, genes with
less than 6 sites (bidirectional) were excluded
from the analysis. The FCwas calculated for each
site and the inverse of coefficient of variation (CV)
was calculated by

CV inverse ¼ Mean log2FCð Þ
Sd log2FCð Þ

In both approaches, significance was deter-
mined using log2FC at 95 and 5; 97 and 3; 99
and 1 percentile, for insertional increasing and
decreasing genes, respectively. Final “hits” were
determined using the following criteria: gene
must contain >1 TTAA site, have a HMS >0.26
and one of the following: in the 99% percentile
in both replicates in either the site-level model
or the EdgeRmodel (for EdgeRmust also have a
P value andFDR<0.05), or be the single highest
change in either direction in either replicate by
either model.

lncRNA processing

Trimmed reads were mapped to the genome
described above by using HISAT2 v.2.1.0 (82)

with the following parameters: –rna-strandness
RF –dta –score-min L,0,-0.6 –no-mixed –no-
discordant. Nonuniquely mapped reads and
low-quality reads were filtered out by sam-
tools v.1.19 (82) using parameters: -q 10 -f 2 -b
-h. The quality of filtered reads was analyzed
by RseQC v.2.6.4 (83) and MultiQC v.1.6 (84).
Samtools was used to sort bam files. The tran-
scriptome was assembled using stringtie v.2.1.7
(85) with and without GTF annotation. The
GTF annotation and assembled GTF files were
compared using gffcompare v.0.12.6 (86). Novel
lncRNA were filtered out by customized bash
script using the following criteria: 1. Transcripts
igreater than 200bp with number of exons
greater than 1; 2. Read coverage of transcript
greater than 3; 3. Transcript is not protein-
coding. The fasta files of filtered potential
lncRNAs were extracted by gffread v.0.12.7 (86)
and processed by CPC2 (87) to assess coding
potentiality. Transcripts have coding poten-
tiality flagged by CPC2 with default setting
were filtered out. Novel lncRNAs flagged with
“i” (intronic), “x” (antisense), “o” (sense), “u”
(intergenic) classes were filtered using a cus-
tomized bash script.

Gene set enrichment

Gene ontology enrichment analysis (GOEA)was
performed using available GO on PlasmoDB.
Significant GO terms (Benjamini < 0.5 and rank
<= 8 and Result count >=3) were identified and
the log10 (fold enrichment) and −log10 (P value)
were used to visualize the significant GO terms.

Structural variants

To identify structural vairants (indels, SNPs)
of the human-adapted Pk YH1 strain used in
this study, the genome DNA (SRA accession
number: SRX1553878) was processed as follows:
read quality was analyzed by FastQC, pair-end
reads were trimmed by Cutadapt v.2.10, sorted
by samtools v.1.10 andmapped to genome using
BWA-mem v.0.7.17. Structural variants were
called by delly v.1.2.6 (88). Deletion variants
were filtered by bcftools v.1.10.2 (89) using the
parameter ‘SVTYPE=“DEL”’. BCF files were
converted into vcf files and bed files with set-
ting: bcftools query -f '%CHROM\t%POS\t%
INFO/END\t%INFO\t%FILTER\t.\t.\n'. Dele-
tion events with flag “PASS” and “PRECISE”
were retained and processed by a custom R
scripts. Calls were manually verified in IGV.
Duplicated regions were filtered using the
parameter 'SVTYPE=“DUP” with flag “PASS” or
“PRECISE” and visually verified in IGV as well.
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