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Abstract

Background

Plasmodium blood-stage infections can be identified by assaying for protein products
expressed by the parasites. While the binary result of an antigen test is sufficient for a clini-
cal result, greater nuance can be gathered for malaria infection status based on quantitative
and sensitive detection of Plasmodium antigens and machine learning analytical
approaches.

Methods

Three independent malaria studies performed in Angola and Haiti enrolled persons at health
facilities and collected a blood sample. Presence and parasite density of P. falciparum infec-
tion was determined by microscopy for a study in Angola in 2015 (n = 193), by gRT-PCR for
a 2016 study in Angola (n =208), and by qPCR for a 2012-2013 Haiti study (n = 425). All
samples also had bead-based detection and quantification of three Plasmodium antigens:
pAldolase, pLDH, and HRP2. Decision trees and principal component analysis (PCA) were
conducted in attempt to categorize P. falciparum parasitemia density status based on con-
tinuous antigen concentrations.

Results

Conditional inference trees were trained using the known P. falciparum infection status and
corresponding antigen concentrations, and PCR infection status was predicted with accura-
cies ranging from 73-96%, while level of parasite density was predicted with accuracies
ranging from 59-72%. Multiple decision nodes were created for both pAldolase and HRP2
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antigens. For all datasets, dichotomous infectious status was more accurately predicted
when compared to categorization of different levels of parasite densities. PCA was able to
account for a high level of variance (>80%), and distinct clustering was found in both dichot-
omous and categorical infection status.

Conclusions

This pilot study offers a proof-of-principle of the utility of machine learning approaches to
assess P. falciparum infection status based on continuous concentrations of multiple Plas-
modium antigens.

Introduction

Malaria remains a significant global public health burden that is responsible for an estimated
229 million infections worldwide and 409,000 deaths annually, with the vast majority of
malaria cases and deaths occurring in Sub-Saharan Africa [1]. The knowledge of malaria epi-
demiology and implementation of control measures in any endemic setting are imperative for
the reduction of transmission and eventual transition to elimination efforts [2]. Utilizing rapid
diagnostic tests (RDTs), detection of Plasmodium antigens directly from human blood pro-
vides an effective measure of active malaria infection [3]. In 2019, 348 million RDTs were sold
by global manufacturers with the most commonly used RDTs detecting the presence of Plas-
modium falciparum histidine rich protein 2 (HRP2), though tests are available which also
detect Plasmodium aldolase and lactate dehydrogenase (LDH) [1]. These RDTs are evaluated
at a sensitivity of detection of 200 parasites/pL, although actual field results can be influenced
by a number of test, operator, and parasite factors [4]. A positive HRP2-based RDT result
could indicate an active P. falciparum infection (clinical or subpatent) or a recently-cleared P.
falciparum infection with HRP2 antigen still in systemic circulation. Due to the length of time
for post-treatment clearance of HRP2, HRP2-based RDTs can be positive for weeks after reso-
lution of infection [5, 6]. Clearance of aldolase and LDH is substantially quicker and their pres-
ence is more indicative of active infection [7]. A negative result for any type of RDT can
indicate a true negative, or false negative due to a low-density Plasmodium infection or low
production of the antigen target (or non-production of HRP2 due to a gene deletion, [8]).
RDTs provide a qualitative, point-of-care measurement for specific Plasmodium antigens
(presence or absence of the antigen), and quantitative measurement of these malaria antigens
can occur in the laboratory setting through different immunoassay platforms [9-11].

Further molecular testing, such as real-time polymerase chain reaction can be used as a sen-
sitive method to detect the presence/absence of active infections for all malaria species and
inform estimates of malaria prevalence [12]. However, testing is more laborious and costly as
multiple steps and assays are needed for confirmation of Plasmodium DNA. Initial screening
of samples using antigen detection can serve as a more economical and high-throughput
method to screen samples to predict parasite presence/absence status using PCR. Additionally,
beyond the simple presence or absence of a Plasmodium antigen in a sample, using lab assays
for detection of multiple antigens can provide quantitative estimates for each target, as well as
generate an antigen profile (interpretation for +/- to multiple targets) for a specimen [9].

Recent advances in statistics and computing power have seen the increase of use of sophisti-
cated machine learning approaches for classification in the context of complex datasets [13,
14], including random forest machine learning approaches to predict protection to malaria
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based on antibody profiles [15]. In this study, we evaluated the use of machine learning
approaches using continuous concentration of antigen data to predict PCR presence/absence
classification. Specifically, we evaluated the use of conditional inference trees using antigen
concentration and log concentration to predict the presence/absence of infection and classifi-
cation of five parasite density levels using dried blood spot samples from high and low trans-
mission areas in Angola and Haiti. Predictive models can provide greater nuance to
epidemiological estimates and inform the selection of samples as a screening method for fur-
ther downstream molecular testing.

Materials and methods
Samples and ethics statement

Dried blood spot (DBS) samples used in this study were previously collected for a therapeutic
efficacy study (TES) in Angola in 2015 (n = 193) [16], an Angolan health facility (HF) survey
in 2016 (n = 208) [17], and a bednet study in Haiti enrolling persons seeking care in health
facilities from 2012-2013 (n = 425) [18]. The TES samples were from symptomatic children
seeking care at health facilities with microscopy confirmed P. falciparum infection. The 2016
health facility survey samples were from a representative sample of febrile and afebrile outpa-
tients of all ages in Angola. The Angolan TES activity was classified as non-research by human
subjects research boards at CDC (#2014-233b) and the Angolan Ministry of Health. Blood
sample collection during the Angolan health facility survey was approved by the Angolan Min-
istry of Health and further laboratory investigation approved by the Office of the Associate
Director for Science in the Center for Global Health at the CDC (#2018-034). The Haiti bed-
net study enrolled febrile patients presenting to health facilities and capillary blood was col-
lected blood for an RDT and also spotted onto filter paper. The Haiti study protocol was
approved by the National Bioethics Committee of Haiti and the Institutional Review Board at
the CDC. For all studies, written consent was obtained from all participants, and assent
obtained from minors upon consent from minor parent or guardian.

Plasmodium falciparum detection and parasite density calculation for
different studies

Molecular detection of P. falciparum infection and parasite density estimation were deter-
mined using real-time PCR and/or microscopy. Parasitemia for samples collected during the
2015 TES in Angola was determined using traditional microscopy [16]. Parasitemia for sam-
ples collected during the 2016 health facility survey in Angola was determined using sensitive
quantitative PCR (sen-qPCR) using methods previously described [9], with an analytical sensi-
tivity of 0.02 parasites/pL [19]. Parasitemia for samples collected in Haiti was determined
using PET-PCR using methods previously described [18].

PCR assays and multiplex antigen detection

For samples with PCR results, total DNA was extracted from blood specimens by column puri-
fication with the Qiagen DNA easy kit according to manufacturer’s protocol (Qiagen, Valen-
cia, CA), and purified DNA subjected to either PET-PCR or sen-qPCR as denoted above. To
translate from real-time PCR signal to estimated parasite density, appropriate standard curves
were prepared specific for each assay as described previously [20].

Concentrations of HRP2, pan-Plasmodium lactate dehydrogenase (pLDH), and pan-Plas-
modium aldolase (pAldolase) were calculated for each sample using the multiplexed antigen
bead-based assay and extrapolation from assay signal to antigen concentration performed
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using methods previously described [9]. For all laboratory data collected for analyses, it was
assumed there was no sample contamination.

Data analysis and malaria infection status classification

Principal components analysis (PCA) was performed using antigen concentration and log
concentration for PCR presence/absence and infection level parasitemia (parasites/uL) based
on five categories (none- 0, lowest—> 0-20, low—> 20-200, mid- > 200-2,000, high- >
2,000) using the prcomp function in R (R Foundation for Statistical Computing). Categories
were selected on a log10 scale with the 200 p/pL as the benchmark, being the minimum para-
site density RDT product testing employs [4]. As the Angola (microscopy dataset) were nearly
all high density infections, Infection level categories for that dataset were the following: lowest
=> 0-5,000; low = > 5,000-10,000; mid = >10,000-15,000; high = > 15,000. Conditional
inference trees were constructed using the ctree function in the party package in R. Condi-
tional inference trees were selected as a non-parametric regression analysis, which uses unbi-
ased recursive partitioning on continuous, multivariate data to identify the most informative
features (e.g., antigenic concentration) and quantitative thresholds for prediction. The decision
trees were trained using leave-one-out cross validation using antigen concentration and log
concentration as features to classify PCR presence/absence and infection level status as
described above. Accuracy, sensitivity, and specificity of conditional inference trees was calcu-
lated using the following: accuracy = (true positive (tp) + true negative (tn)) / (tp + false posi-
tive (fp) + tn + false negative (fn)); sensitivity = tp / (tp + fn); specificity = tn / (fp + tn). All
figures were created using the ggplot2 and cowplot libraries, unless otherwise stated. All R
code for data analysis and figure generation is available at https://github.com/SESchmedes/
plasmodium_falciparum_infection_status.

Results

The P. falciparum prevalence of the study population was 28% from the 2016 Angola survey
[17], and 4.0% from the Haiti study [18]. The mean age of participants for the 2015 Angola
TES was 2.8 years with a median 3 years and range 7 months- 12 years. The mean age of par-
ticipants for the 2016 Angola HF survey was 21 years with a median 15 years and range 1
month- 90 years. The mean age of participants for the 2012-2013 Haiti HF study was 17.4
years with a median 11 years and range 0-99 years.

HRP2, pLDH, and pAldolase concentrations were generated from a total of 826 dried blood
spot samples collected in P. falciparum high-transmission (Angola) or low-transmission
(Haiti) areas. Persons from the Angola TES had parasitemia determined by microscopy with a
range of 2,175 to 184,464 parasites/uL (mean 49,230 parasites/uL); parasite densities for the
Angolan health facility samples ranged from 0 to 43,290 parasites/uL (mean 618 parasites/uL);
parasite densities for Haitian samples ranged from 0 to 18,463 parasites/pL (mean 908 para-
sites/pL) (Fig 1).

Conditional inference trees were trained using leave-one-out cross validation with HRP2,
pAldolase, and pLDH concentrations (and log-transformed concentrations) for classification
of PCR presence/absence status (Fig 2) and infection level (Fig 3, S1 Fig). Both HRP2 and pAl-
dolase informed the models for PCR presence or absence for the full Angolan and Haitian
datasets, but pLDH concentrations did not. Using the non-transformed antigen concentra-
tions, the Angolan sen-qPCR data from the health facility survey only predicted one node
(bifurcation point) at a pAldolase concentration greater than 325.3 pg/mL to predict P. falcipa-
rum presence or absence (Fig 2A), and the Haitian PET-PCR provided two nodes with the first
at a HRP2 concentration of 183 pg/mL and the second at pAldolase at 274 pg/mL (Fig 2C).
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Fig 3. Conditional inference trees using HRP2, pLDH, and pAldolase antigen concentration and log concentration for malaria infection level
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When log-transforming the antigen data, additional prediction nodes were generated with the
Angolan sen-qPCR predicting two nodes with the first of pAldolase at 325.1 pg/mL and second
of HRP2 concentration at 595.7 pg/mL (Fig 2B). The log-transformed Haitian antigen data
also provided two nodes for infection presence/absence, the first at HRP2 concentration of
182.8 pg/mL, and the second at a higher HRP2 concentration of 779.8 pg/mL (Fig 2D). PCR
infection status was predicted with accuracies ranging from 73-96%, while infection level was
predicted with accuracies ranging from 59-66% (Table 1).

Table 1. Percent accuracies for malaria infection status prediction.

Country/Dataset Attribute Presence/Absence Infection Level % accurate
% accurate (Se, Sp)*
Concentration NA 70
Angola (microscopy) Log concentration NA 72
Angola (sen-qPCR) Concentration 73 (94%, 67%) 66
Log concentration 75 (73%, 78%) 66
Haiti (PET-PCR) Concentration 96 (97%, 95%) 59
Log concentration 96 (97%, 95%) 66

* Se: sensitivity; Sp: specificity; Accuracy, Se, and Sp are based on correct classification of malaria parasite presence/absence by utilizing PCR result as gold standard

https:/doi.org/10.1371/journal.pone.0275096.t001
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P. falciparum infection data was further modeled by conditional inference trees after sub-
dividing into five categories based on levels of estimated parasite densities. As the Angola TES
only enrolled participants based on a microscopically-confirmed parasite density above 2,000
p/uL, those data were not able to be evaluated using the same categorization scheme as the
Angola (sen-qPCR) and Haiti (PET-PCR) datasets; therefore, higher concentration infection
levels were used for resolution of level of infection (S1 Fig). In assessing the non-transformed
antigen data, the Angolan sen-qPCR generated four nodes for infection level, with the first
three from pAldolase and the fourth node from HRP2 (Fig 3A). The Haitian dataset provided
further resolution with a primary node at 311 pg/mL of pAldolase, and further downstream
nodes based on HRP2 or pAldolase concentrations (Fig 3C). As was the case for infection pres-
ence/absence, log-transformed antigen data provided more nodes for level of infection. For
Angolan sen-qPCR data, log-transformed antigen data provided five nodes with the first three
based on pAldolase concentration and the final two on HRP2 concentration (Fig 3B). Notably,
log-transforming the Haitian antigen data now provided the first node at HRP2 (concentration
of 182.8 pg/mL) with downstream nodes involving both HRP2 and pAldolase (Fig 3D). Per-
cent accuracy for predicting P. falciparum infection level ranged between 59 and 72%, all
which were lower than the accuracies of predicting simple presence/absence (Table 1).

For both presence/absence and infection level analyses with PCR data, pLDH did not pro-
vide significant decision nodes in the full dataset. However, if pAldolase data was removed,
leaving only HRP2 and pLDH, then pLDH did provide nodes. An example is shown for the
Angolan sen-qPCR dataset with pAldolase removed where pLDH provides the first nodes for
both the non-transformed and transformed antigen concentrations (S2 Fig). The correspond-
ing classification accuracy was approximately the same for both the non-transformed (75%)
and log-transformed (75%) antigen data when compared to the full dataset with all three anti-
gens included (Table 1). For all three studies, the pLDH and pAldolase concentrations were
shown to correspond with each other (S3 Fig).

When performing principal component analysis (PCA) on the datasets, scatterplots display-
ing the concordance between the first and second principal components (PC) showed a degree
of clustering based on infection presence/absence as well as level of infection. For data from
PCR assays, no discernable clustering was observed with non-transformed antigen data for
infection presence/absence (S4A and S4C Fig), but when antigen data were log-transformed,
the Haiti PET-PCR infection presence was strongly connected to lower values of PC1 (which
explained 81.1% of variance) (54D Fig). When assessing data by level of infection, the non-
transformed antigen data again did not show defined visual clustering (Fig 4A and 4C). Higher
PC1 values were strongly connected to higher parasite densities for the log-transformed anti-
gen data from Angola (Fig 4B), but the inverse was true for the Haiti dataset with lower PC1
values connected with the ‘mid’ and ‘high’ infection levels. Infection level categories by micros-
copy did not show any visual clustering by scatterplots of PC1 and PC2 (S5 Fig).

Discussion

Our results suggest that machine learning algorithms can be trained using quantitative malaria
antigen data to reliably predict P. falciparum presence/absence and as well as different levels of
peripheral parasite densities. Antigen detection is utilized globally for diagnosis of malaria by
RDTs, but these are designed to detect clinically-relevant parasite densities, and only provide a
binary result [3, 4]. Additionally, standard RDT use would also require a point-of-contact
action (i.e. administering anti-malarial drugs) upon a positive result, and the multiplex antigen
data and analyses presented here would be more utilized for epidemiological purposes. By
being able to categorize sample sets into levels of estimated parasite densities based on
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multiplex antigen data alone, an additional benefit could arise by being able to select samples
within these higher levels for greater success with DNA-based assays. The ability to use quanti-
tative antigen concentrations to train machine learning algorithms to predict peripheral para-
site densities represents a novel step forward for these efforts.

Collection of quantitative multiplex antigen data presents many advantages to other labora-
tory assays for the estimation of malaria status from a patient sample. These immunoassays are
formatted to a 96-well format, the per-sample cost is approximately an order of magnitude less
than nucleic-acid based assays, and hands-on time in the laboratory is short due to the simplic-
ity of the antigen detection assays [9, 10]. For the datasets available for this study, quantitative
data for three Plasmodium antigens was available: pan-Plasmodium LDH and aldolase antigens
(pLDH and pAldolase, respectively), and P. falciparum-specific HRP2. As all three datasets
were specifically capturing P. falciparum infections by microscopy or PCR assays, this panel of
three antigens was appropriate for this investigation. However, non-falciparum infections
have been reported in both Angola [9, 21] and Haiti [22], so the possibility also exists that

PLOS ONE | https://doi.org/10.1371/journal.pone.0275096  September 29, 2022 8/12


https://doi.org/10.1371/journal.pone.0275096.g004
https://doi.org/10.1371/journal.pone.0275096

PLOS ONE

Prediction of Plasmodium falciparum infection status using antigen concentrations

non-detected mixed infections with P. vivax, P. malariae, or P. ovale (only in Angola) could
have skewed the pan-Plasmodium antigen concentrations beyond what would be expected for
a P. falciparum-only infection. However, as a proportion of the total malaria burden on these
populations, non-falciparum infections are rare in these two countries, so presence of mixed
infections would likely not have influenced the models. With quantitative data potentially
available for other malaria antigen targets not utilized here, these similar machine learning
approaches could be expanded to be even more robust in predicting P. falciparum infection or
be modeled against infection with another of the human malarias.

In assessing the model input of the pan-Plasmodium antigens for the complete datasets,
pLDH was only informative for the Angola TES study (infection detected by microscopy),
whereas pAldolase was informative for nearly every other decision tree with both non-trans-
formed and log-transformed antigen concentrations. It may not be surprising that one of these
pan- antigens would “out-compete” the other as high collinearity was observed in absolute
concentrations between these two targets in the same sample (S3 Fig) [9]. As an example,
when the pAldolase data was removed from the Angolan health facility dataset, the pPLDH
replaced pAldolase as the first node on the decision tree. As both are metabolic enzymes in
Plasmodia spp., though concentrations of these two antigens would be expected to be largely
concordant, they both may provide unique information for different strains of P. falciparum
parasites which may express slightly different isoforms of these two antigens [23, 24]. By far,
the most informative input for the models creating the most nodes was the HRP2 antigen,
which is abundantly expressed during blood-stage P. falciparum infection [25]. This was true
in training models for both P. falciparum presence/absence as well as level of parasite density
during infection. The added advantage of being able to measure signals for multiple antigens
at a time is consistent with previous reports showing that HRP2/LDH ratios are predictive of
determining active from recently cleared infection [26].

When compared to models for parasite presence/absence, modeling for discrete infection
levels had noticeably lower accuracy. This was not surprising as blood-stage malaria infection
is characteristic of billions of parasites and high amounts of antigen being produced, so an
identified infection typically has very high amounts of these antigens in the host without pre-
cise gradations. Additionally, the “very low” (1-20 parasites/pL) and “low” (20-200 parasites/
uL) categories of P. falciparum infection are both under the parasite density levels evaluated by
the World Health Organization RDT evaluation program for product qualification [4]. The
highest accuracy, up to 96%, was observed for prediction of PCR presence/absence in Haiti,
and this could be explained by the low-transmission setting in this country; individuals would
have been less likely to have had a recent infection with antigen concentrations creating
“noise” that makes it more difficult to distinguish from active infection.

A limitation to this study was that datasets from each of the three studies provided different
sample sizes in terms of number of persons infected with P. falciparum and utilized different
enrollment criteria and samples from persons with different exposure histories. Additionally,
the only sample type utilized in these surveys was DBS, and during drying and storage, poten-
tial degradation of antigen or DNA may have occurred to understate the quantity of these bio-
markers. Different PCR assays were used for Haiti and Angola, and while both estimated
parasite densities from quantity of DNA in the samples, comparison of classification trees
between these two sample sets should consider the differences in PCR assays. A more recently
detected phenomenon of P. falciparum strains with deletions or alterations of the pfhirp2 gene
has been seen in numerous countries but was not evaluated in this study [8]. However, these
deletions have not been reported in Haiti [27], and only reported at very low levels in Angola
[9], so these potential deletions likely did not affect our analyses. High-transmission areas (like
Angola) might not perform as well using this model compared to low-transmission areas (like
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Haiti) due to lingering HRP2 antigen in circulation [5, 7], which could negatively impact spec-
ificity estimates.

Future studies on larger datasets should address optimal statistical tests and machine learn-
ing models for infection status prediction, as well as employ methods to correct for dataset
imbalance. Conditional inference trees were selected for use in this study to perform a non-
parametric regression analysis as a method for unbiased recursive partitioning to easily iden-
tify the most informative antigen for the model, in addition to predictive quantitative
thresholds of antigenic concentrations. As such, it could not be stated that this approach uti-
lized here would produce optimal accuracy, and further investigation of other statistical
approaches, such as k-nearest neighbor regression, linear discrimination analysis, random for-
est, gradient boosting, or finite mixture models, should be conducted on future antigenic con-
centration datasets collected addressing the limitations stated above.

This study provides a pilot methodology and the results can be used to design and conduct
additional studies. Specifically, future validation studies should have datasets with: substantial
numbers of negative and positive samples with a wide range of parasite densities; molecular
detection/parasite density measured using a variety of quantitative PCR techniques; and sam-
ples from different geographical areas (including pre-elimination, low-transmission and high-
transmission countries/regions). Further investigation of machine learning approaches could
provide greater resolution for determination of infection status from quantitative antigen data
to support malaria surveillance activities and epidemiologic studies.

Supporting information

S1 Fig. Conditional inference trees using HRP2, pLDH, and pAldolase antigen concentra-
tion for malaria infection level classification by microscopy. Infection level categories: Low-
est = > 0-5,000; Low = > 5,000-10,000; Mid = >10,000-15,000; High = > 15,000. A) Angola
(microscopy). B) Angola (microscopy), log scale. Y-axes at for all plots indicate probability of
correct classification on a scale of 0.0 to 1.0.

(TIF)

S2 Fig. Conditional inference trees using only HRP2 and pLDH data with pAldolase
removed for classification of Plasmodium falciparum presence or absence as determined
by PCR assay. Data shown for Angola (sen-qPCR) classification with antigen concentrations
on non-transformed scale on left and log-transformed on right. Y-axes at base of trees indicate
probability of correct classification on a scale of 0.0 to 1.0.

(TTF)

S3 Fig. Comparison of concentrations of pLDH and pAldolase antigens from persons
enrolled among the three surveys. Antigen concentration data shown for the Angola 2015
TES (A), Angola 2016 health facility (B), and Haiti bednet (C) studies with concentration of
pAldolase on x-axis and pLDH on y-axis for each.

(TIF)

S4 Fig. Principal components analysis of HRP2, pLDH, and pAldolase concentrations and
log concentrations for qPCR presence/absence. A) Angola (sen-qPCR). B) Angola (sen-
qPCR), log scale. C) Haiti (PET-PCR). D) Haiti (PET), log scale.

(TIF)

S5 Fig. Principal components analysis of HRP2, pLDH, and pAldolase concentrations for
infection level using microscopy. Infection level categories: Lowest = > 0-5,000; Low = >
5,000-10,000; Mid = >10,000-15,000; High = > 15,000. A) Angola (microscopy). B) Angola
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(microscopy), log scale.
(TIF)

S1 File. Inclusivity in global research.
(DOCX)

Acknowledgments

Disclaimer: The findings and conclusions in this article are those of the authors and do not
necessarily represent the views of the Centers for Disease Control and Prevention or the US
Agency for International Development.

Author Contributions

Conceptualization: Sarah E. Schmedes, Mateusz Plucinski, Eric Rogier.
Data curation: Sarah E. Schmedes, Eric Rogier.

Formal analysis: Sarah E. Schmedes, Mateusz Plucinski.

Project administration: Rafael P. Dimbu, Laura Steinhardt, Jean F. Lemoine, Michelle A.
Chang, Mateusz Plucinski.

Writing - original draft: Sarah E. Schmedes, Eric Rogier.

Writing - review & editing: Mateusz Plucinski.

References
1.  World Health Organization. World Malaria Report 2020. 2020 November 30, 2020.

2. LandierJ, Parker DM, Thu AM, Carrara VI, Lwin KM, Bonnington CA, et al. The role of early detection
and treatment in malaria elimination. Malar J. 2016; 15:363. https://doi.org/10.1186/s12936-016-1399-y
PMID: 27421656

3. Boyce MR, O’'Meara WP. Use of malaria RDTs in various health contexts across sub-Saharan Africa: a
systematic review. BMC Public Health. 2017; 17(1):470. https://doi.org/10.1186/s12889-017-4398-1
PMID: 28521798

4. Cunningham J, Jones S, Gatton ML, Barnwell JW, Cheng Q, Chiodini PL, et al. A review of the WHO
malaria rapid diagnostic test product testing programme (2008—2018): performance, procurement and
policy. Malar J. 2019; 18(1):387. https://doi.org/10.1186/s12936-019-3028-z PMID: 31791354

5. Plucinski MM, Dimbu PR, Fortes F, Abdulla S, Ahmed S, Gutman J, et al. Posttreatment HRP2 Clear-
ance in Patients with Uncomplicated Plasmodium falciparum Malaria. J Infect Dis. 2018; 217(5):685—
92. https://doi.org/10.1093/infdis/jix622 PMID: 29220497

6. Kyabayinze DJ, Tibenderana JK, Odong GW, Rwakimari JB, Counihan H. Operational accuracy and
comparative persistent antigenicity of HRP2 rapid diagnostic tests for Plasmodium falciparum malaria
in a hyperendemic region of Uganda. Malar J. 2008; 7:221. https://doi.org/10.1186/1475-2875-7-221
PMID: 18959777

7. Plucinski MM, McElroy PD, Dimbu PR, Fortes F, Nace D, Halsey ES, et al. Clearance dynamics of lac-
tate dehydrogenase and aldolase following antimalarial treatment for Plasmodium falciparum infection.
Parasit Vectors. 2019; 12(1):293. https://doi.org/10.1186/s13071-019-3549-x PMID: 31182154

8. Thomson R, Parr JB, Cheng Q, Chenet S, Perkins M, Cunningham J. Prevalence of Plasmodium falcip-
arum lacking histidine-rich proteins 2 and 3: a systematic review. Bull World Health Organ. 2020; 98
(8):558—68F. https://doi.org/10.2471/BLT.20.250621 PMID: 32773901

9. Plucinski MM, Herman C, Jones S, Dimbu R, Fortes F, Ljolje D, et al. Screening for Pfhrp2/3-Deleted
Plasmodium falciparum, Non-falciparum, and Low-Density Malaria Infections by a Multiplex Antigen
Assay. J Infect Dis. 2019; 219(3):437—-47. https://doi.org/10.1093/infdis/jiy525 PMID: 30202972

10. JangK, Tyler A, Lyman C, Kahn M, Kalnoky M, Rek JC, et al. Simultaneous Quantification of Plasmo-
dium Antigens and Host Factor C-Reactive Protein in Asymptomatic Individuals with Confirmed Malaria
by Use of a Novel Multiplex Immunoassay. J Clin Microbiol. 2019; 57(1). https://doi.org/10.1128/JCM.
00948-18 PMID: 30404944

PLOS ONE | https://doi.org/10.1371/journal.pone.0275096  September 29, 2022 11/12


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0275096.s006
https://doi.org/10.1186/s12936-016-1399-y
http://www.ncbi.nlm.nih.gov/pubmed/27421656
https://doi.org/10.1186/s12889-017-4398-1
http://www.ncbi.nlm.nih.gov/pubmed/28521798
https://doi.org/10.1186/s12936-019-3028-z
http://www.ncbi.nlm.nih.gov/pubmed/31791354
https://doi.org/10.1093/infdis/jix622
http://www.ncbi.nlm.nih.gov/pubmed/29220497
https://doi.org/10.1186/1475-2875-7-221
http://www.ncbi.nlm.nih.gov/pubmed/18959777
https://doi.org/10.1186/s13071-019-3549-x
http://www.ncbi.nlm.nih.gov/pubmed/31182154
https://doi.org/10.2471/BLT.20.250621
http://www.ncbi.nlm.nih.gov/pubmed/32773901
https://doi.org/10.1093/infdis/jiy525
http://www.ncbi.nlm.nih.gov/pubmed/30202972
https://doi.org/10.1128/JCM.00948-18
https://doi.org/10.1128/JCM.00948-18
http://www.ncbi.nlm.nih.gov/pubmed/30404944
https://doi.org/10.1371/journal.pone.0275096

PLOS ONE

Prediction of Plasmodium falciparum infection status using antigen concentrations

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

Markwalter CF, Gibson LE, Mudenda L, Kimmel DW, Mbambara S, Thuma PE, et al. Characterization
of Plasmodium Lactate Dehydrogenase and Histidine-Rich Protein 2 Clearance Patterns via Rapid On-
Bead Detection from a Single Dried Blood Spot. Am J Trop Med Hyg. 2018; 98(5):1389-96. https://doi.
org/10.4269/ajtmh.17-0996 PMID: 29557342

Roth JM, Korevaar DA, Leeflang MM, Mens PF. Molecular malaria diagnostics: A systematic review
and meta-analysis. Crit Rev Clin Lab Sci. 2016; 53(2):87—105. https://doi.org/10.3109/10408363.2015.
1084991 PMID: 26376713

Jenner AL, Aogo RA, Davis CL, Smith AM, Craig M. Leveraging Computational Modeling to Understand
Infectious Diseases. Curr Pathobiol Rep. 2020:1-13.

Schwalbe N, Wahl B. Artificial intelligence and the future of global health. Lancet. 2020; 395
(10236):1579-86. https://doi.org/10.1016/S0140-6736(20)30226-9 PMID: 32416782

Valletta JJ, Recker M. Identification of immune signatures predictive of clinical protection from malaria.
PLoS Comput Biol. 2017; 13(10):e1005812. https://doi.org/10.1371/journal.pcbi. 1005812 PMID:
29065113

Ljolje D, Dimbu PR, Kelley J, Goldman |, Nace D, Macaia A, et al. Prevalence of molecular markers of
artemisinin and lumefantrine resistance among patients with uncomplicated Plasmodium falciparum
malaria in three provinces in Angola, 2015. Malar J. 2018; 17(1):84. https://doi.org/10.1186/s12936-
018-2233-5 PMID: 29458380

Plucinski MM, Ferreira M, Ferreira CM, Burns J, Gaparayi P, Joao L, et al. Evaluating malaria case
management at public health facilities in two provinces in Angola. Malar J. 2017; 16(1):186. https://doi.
org/10.1186/s12936-017-1843-7 PMID: 28468663

Steinhardt LC, Jean YS, Impoinvil D, Mace KE, Wiegand R, Huber CS, et al. Effectiveness of insecti-
cide-treated bednets in malaria prevention in Haiti: a case-control study. Lancet Glob Health. 2017; 5
(1):e96—e1083. https://doi.org/10.1016/S2214-109X(16)30238-8 PMID: 27894851

Murphy SC, Prentice JL, Williamson K, Wallis CK, Fang FC, Fried M, et al. Real-time quantitative
reverse transcription PCR for monitoring of blood-stage Plasmodium falciparum infections in malaria
human challenge trials. Am J Trop Med Hyg. 2012; 86(3):383-94. https://doi.org/10.4269/ajtmh.2012.
10-0658 PMID: 22403305

Lucchi NW, Narayanan J, Karell MA, Xayavong M, Kariuki S, DaSilva AJ, et al. Molecular diagnosis of
malaria by photo-induced electron transfer fluorogenic primers: PET-PCR. PLoS One. 2013; 8(2):
e56677. https://doi.org/10.1371/journal.pone.0056677 PMID: 23437209

Fancony C, Gamboa D, Sebastiao Y, Hallett R, Sutherland C, Sousa-Figueiredo JC, et al. Various pfcrt
and pfmdr1 genotypes of Plasmodium falciparum cocirculate with P. malariae, P. ovale spp., and P.
vivax in northern Angola. Antimicrob Agents Chemother. 2012; 56(10):5271-7. https://doi.org/10.1128/
AAC.00559-12 PMID: 22850519

van den Hoogen LL, Herman C, Presume J, Romilus |, Mondelus G, Elisme T, et al. Rapid Screening
for Non-falciparum Malaria in Elimination Settings Using Multiplex Antigen and Antibody Detection:
Post Hoc Identification of Plasmodium malariae in an Infant in Haiti. Am J Trop Med Hyg. 2021.

Simpalipan P, Pattaradilokrat S, Harnyuttanakorn P. Global sequence diversity of the lactate dehydro-
genase gene in Plasmodium falciparum. Malar J. 2018; 17(1):16. https://doi.org/10.1186/s12936-017-
2157-5 PMID: 29316927

Lee N, Baker J, Bell D, McCarthy J, Cheng Q. Assessing the genetic diversity of the aldolase genes of
Plasmodium falciparum and Plasmodium vivax and its potential effect on performance of aldolase-
detecting rapid diagnostic tests. J Clin Microbiol. 2006; 44(12):4547-9. https://doi.org/10.1128/JCM.
01611-06 PMID: 17021060

Poti KE, Sullivan DJ, Dondorp AM, Woodrow CJ. HRP2: Transforming Malaria Diagnosis, but with
Caveats. Trends Parasitol. 2020; 36(2):112-26. https://doi.org/10.1016/j.pt.2019.12.004 PMID:
31848119

Reichert EN, Hume JCC, Sagara |, Healy SA, Assadou MH, Guindo MA, et al. Ultra-sensitive RDT per-
formance and antigen dynamics in a high-transmission Plasmodium falciparum setting in Mali. Malar J.
2020; 19(1):323. https://doi.org/10.1186/s12936-020-03389-0 PMID: 32883286

Herman C, Huber CS, Jones S, Steinhardt L, Plucinski MM, Lemoine JF, et al. Multiplex malaria antigen
detection by bead-based assay and molecular confirmation by PCR shows no evidence of Pfhrp2 and
Pfhrp3 deletion in Haiti. Malar J. 2019; 18(1):380. https://doi.org/10.1186/s12936-019-3010-9 PMID:
31775743

PLOS ONE | https://doi.org/10.1371/journal.pone.0275096  September 29, 2022 12/12


https://doi.org/10.4269/ajtmh.17-0996
https://doi.org/10.4269/ajtmh.17-0996
http://www.ncbi.nlm.nih.gov/pubmed/29557342
https://doi.org/10.3109/10408363.2015.1084991
https://doi.org/10.3109/10408363.2015.1084991
http://www.ncbi.nlm.nih.gov/pubmed/26376713
https://doi.org/10.1016/S0140-6736%2820%2930226-9
http://www.ncbi.nlm.nih.gov/pubmed/32416782
https://doi.org/10.1371/journal.pcbi.1005812
http://www.ncbi.nlm.nih.gov/pubmed/29065113
https://doi.org/10.1186/s12936-018-2233-5
https://doi.org/10.1186/s12936-018-2233-5
http://www.ncbi.nlm.nih.gov/pubmed/29458380
https://doi.org/10.1186/s12936-017-1843-7
https://doi.org/10.1186/s12936-017-1843-7
http://www.ncbi.nlm.nih.gov/pubmed/28468663
https://doi.org/10.1016/S2214-109X%2816%2930238-8
http://www.ncbi.nlm.nih.gov/pubmed/27894851
https://doi.org/10.4269/ajtmh.2012.10-0658
https://doi.org/10.4269/ajtmh.2012.10-0658
http://www.ncbi.nlm.nih.gov/pubmed/22403305
https://doi.org/10.1371/journal.pone.0056677
http://www.ncbi.nlm.nih.gov/pubmed/23437209
https://doi.org/10.1128/AAC.00559-12
https://doi.org/10.1128/AAC.00559-12
http://www.ncbi.nlm.nih.gov/pubmed/22850519
https://doi.org/10.1186/s12936-017-2157-5
https://doi.org/10.1186/s12936-017-2157-5
http://www.ncbi.nlm.nih.gov/pubmed/29316927
https://doi.org/10.1128/JCM.01611-06
https://doi.org/10.1128/JCM.01611-06
http://www.ncbi.nlm.nih.gov/pubmed/17021060
https://doi.org/10.1016/j.pt.2019.12.004
http://www.ncbi.nlm.nih.gov/pubmed/31848119
https://doi.org/10.1186/s12936-020-03389-0
http://www.ncbi.nlm.nih.gov/pubmed/32883286
https://doi.org/10.1186/s12936-019-3010-9
http://www.ncbi.nlm.nih.gov/pubmed/31775743
https://doi.org/10.1371/journal.pone.0275096

