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Introduction

Background on Malaria

Malaria is a life-threatening, feverish disease that presents a major global health concern.
There are 241 million documented malaria cases across the globe!. About 95% of worldwide
cases are found across the African countries, with 55% of these cases in six of these countries.
Children under the age of 5 experience severe malaria symptoms and have a high mortality rate?
3. Severe clinical symptoms such as cerebral malaria, respiratory distress syndrome, organ
failures, anemias, destruction, and rupture of blood cells (erythrocytes) have been documented in
infected patients*. Rupturing of erythrocytes and signaling calls for failure to reproduce more
erythrocytes for body homeostatic functions. Furthermore, malaria has caused both
environmental and psychological distress for affected communities within endemic regions. This
is a public health concern as it creates limitations to pursuing activities essential for patients’
quality of life® °.

Figure 1 Infographic representing the Plasmodium falciparum life cycle and specific targets of the
cycle for three different vaccine strategies.

(Infographic Source: https://www.malariavaccine.org/malaria-and-vaccines/vaccine-development/life-cycle-malaria-parasite)

Malaria is caused by Plasmodium parasite species infection. The Plasmodium parasite
species are carried by female-sex Anopheles mosquitos. Within the mosquito the Plasmodium
species undergoes the sexual life cycle and produces sporozoites. These sporozoites can live
within the mosquito’s saliva. The sporozoites enter the host through mosquito bites and infect the
hosts' hepatocytes. Sporozoites creates the parasitophorous vacuole, which is the space where
they feed and undergo the asexual life cycle. Intracellularly, these sporozoites mature into
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trophozoites. Within the vacuole, the trophozoite will into a schizont containing 8-24
merozoites*. In the erythrocytic (blood) stage, these merozoites burst from cells, and enter the
bloodstream to infect other erythrocytes. The asexual life cycle continues to produce more
infecting merozoites.

About 90% of worldwide malaria cases are caused by Plasmodium falciparum’ 3. P.
falciparum is an Apicomplexan, obligate parasite with 14 chromosomes and eukaryotic and
bacterial organelles’. In endemic regions, P. falciparum infections happen during malaria
seasons. The seasonal malaria transmission varies based on geographic locations due to rainy and
dry seasons '© ! 12 This seasonal malaria transmission poses both a disadvantage to our immune
systems and an advantage for the parasite. The immune response in one malaria season would
not provide protective immunity against another season. The genetic diversity in P. falciparum
produces protein variants that can evade host immune responses across different seasons.

However, adults who have lived in endemic, high transmission regions have been
documented to develop naturally acquired immunities (NAI). NAI is the development of
protective immunity that increases with age and exposure to the parasites'> . Naturally acquired
immunity (NAI) is still not well understood. It has been hypothesized to act as a strain-specific
and/or strain-transcending protective immunity ' 1>, Furthermore, some studies indicate that the
NALI response may not involve strong adaptive T-cell immune responses, with evidence of low
parasite burden still seen in these individuals. However, what is clear is that allele-specific
immunity is gained against antigenic variants within one season. This can protect the host from
developing severe clinical symptoms '© 17 18 Therefore, the relationship between allele-specific
immune targets and NAI could provide insight into long-term immune protection against P.
falciparum. The goal is to develop an effective vaccine strategy based on antigens that elicit
strong immune responses.

Antigens of important proteins involved in the successful invasion of host cells have been
shown to elicit both adaptive immune and complement system responses. Studies have identified
that pre-erythrocytic and erythrocytic stage antigens are connected to specific type of immune
responses ' 2. Antigens within pre-erythrocytic stage proteins can activate both complement
and Th1-mediated responses 2!. Targeting the pre-erythrocytic proteins can deter further
development of the parasite, and potentially start the clearance of the parasite before entering the
erythrocytic stage. This also could prevent the development of clinical symptoms, as invasion
and parasite replication are stopped.

Antigens of erythrocytic-stage proteins can elicit CD4+ T-cell mediated, B-cell mediated,
and complement system responses 2! 2. However, finding these antigens in this stage may be
hindered by the smart parasite life cycle. The burst size in the liver stage produces an abundant
amount of merozoites, enough to start the widespread infection of erythrocytes. On the other
hand, the burst size in the erythrocytic stage, produces a much smaller amount of merozoites (8 —
24). In the erythrocytic stage, the adaptive immune system would have a smaller sample of
merozoites to identify antigens from. However, the real challenge in identifying antigen epitopes
(peptide portions of antigens) lies in the role that the P. falciparum genome plays. The parasite’s
genome diversity creates antigenic variants across multiple seasons.



Vaccine Development Efforts

P. falciparum genome garners mutations due to natural selection pressures and drug
resistance. Through these mutations, antigenic variation increases and can evade antibody
recognition. This antigenic variation presents one of the current challenges to vaccine
development against malaria parasites. Immune responses developed against antigens of the
leading vaccine candidates have been documented in previous studies * > . AMA1, CSP, RHS,
MSP1, MSP2, and MSP3 are erythrocytic stage proteins with identified B-cell and T-cell
epitopes®! 2°. PfSPZ is an attenuated sporozoite vaccine, with chemoprophylaxis and genetically
attenuated versions 27 . This vaccine showcased efficacy in lab experiments, but logistic
challenges in the deployment of such a vaccine stopped further progress in this direction
Sub-unit adjuvant vaccines have also been developed based on CSP in the past decade and are
undergoing clinical trials 3. CSP's NANP-repeat and TH2/TH3 regions contain B-cell and T-
cell epitopes and have been used to develop subunit RTS, S ASO1E vaccine 3! 3233 . While there
are numerous efforts to develop vaccines for CSP and pre-erythrocytic candidates, there are
current research efforts to further explore more vaccine candidates to develop blood stage
vaccines based on the 5200-gene library for P. falciparum. Anti-merozoite vaccines currently
under development are based on AMA1, MSP3, and GLURP proteins, but still do not show
evidence of protection and efficacy in individuals ** 3% 3¢,

28 29

In addition, clinical trials are testing the efficacy of transmission-blocking vaccines
developed based on gametocyte proteins such as Pfs230, Pfs25, Pfs28, and Pfs48/45 in P.
falciparum 7. These focus on stopping necessary mechanisms and proteins involved in the
sexual stage of P. falciparum, which would prevent sporozoites from being able to enter the host
(preventing infection altogether). There are pre-fertilization (Pfs230 and fs48/45) and post-
fertilization antigens (Pfs25 and Pfs28) identified in the last decade that present potential
antibody-antigen targets. The main challenges with transmission-blocking vaccines are the lack
of antibody production and maintenance of their immune responses. In addition, there are
difficulties with commercial and lab production of their recombinant protein versions. Whole C-
terminal, N-terminal, and specific regions of genes are being tested for vaccine efficacy.
However, with the genetic diversity creating numerous protein variants, new methods that
predict regions as targets for immunity must be explored.

With seasonal variation that allows for selection pressures on alleles, the vaccine
research community has shifted goals into creating a vaccine developed on multiple epitopes
with high binding affinity and capability of eliciting strong immune responses. The goal is to
understand the genomic diversity of P. falciparum isolates across malaria seasons to identify
targets of allele-specific immunity and find epitopes that could elicit T-cell and B-cell mediated
responses.

While the entire genome of P. falciparum has been interpreted to be under negative
selection, there could be regions within the vaccine candidate genes that are under balancing
selection pressures *®. Loci that are under balancing selection could have variants that would be
competing within the population. Perhaps, these could be protein variants created to evade and
trick our immune systems. So, to understand how the parasite creates these variants, it is
important to look at sites within the genes that allow for competition between alleles. This may
provide information on where targets of allele-specific immunity are located. Finding genomic
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targets of allele-specific immunity and looking at predicted epitopes would increase our
knowledge of which regions to target for vaccine development.



Protective Immunity

Naturally Acquired Immunity

NALI has been found in adult populations exposed to repeated malaria infections. NAI
does not sterilize the adult individual from malaria infections but prevents the development of
severe clinical symptoms. This is an example of premunition. In premunition, the low, persistent
parasitemia provides antigens for development of antibodies. Children in their early years go
from a high resistance to parasitemia at birth to later paroxysms of anemia and fevers. Children
also have a higher risk for severe and cerebral malaria at ages 2 to 5 *°. The Immunoglobulin G
(IgG) are found in the first six months of life and is thought to confer resistance to high
parasitemia *. IgG is one of the main immunoglobulins transferred from mother to fetus.

Previous studies have noted that some traits of NAI are specific at certain stages, develop
after constant uninterrupted exposure, and can wane if there is an interruption in exposure.
Development also depends on the degree of parasite exposure *! 2 ¥, However, NAI acting in
strain-specific or strain-transcending immunity is a trait of current interest.

It is common for one person to have multiple mosquito bites and be infected by
heterologous P. falciparum strains. Anopheles mosquitos’ ability to infect differs across P.
falciparum strains. Populations with NAI develop immunity against heterologous P. falciparum
strains depending on exposure. Therefore, it is of current interest to see if NAI acts as a strain-
transcending and/or strain-specific immunity. Strain transcending immunity is a type of immune
protection against several malaria strains, while strain-specific immunity is protection against
one strain **. Learning the mechanism of NAI provides an opportunity to create a potential
vaccine that works at the erythrocytic stage to prevent the development of clinical symptoms.

Barua et. al investigated NAI hypothesis within a population of Malawian children *°.
They followed 601 Malawian children from 6 — 18 months of age and measured antibody levels
at 18 months. The specific antibodies measured were the ones against MSP1 19kD fragment,
MSP2, (erythrocyte binding antigen 175) EBA175, variant surface antigens (VSA-very diverse)
expressed by P. falciparum parasites. and Rh2A9. These were all antigens that would be
expressed during the blood stage of the P. falciparum cycle. They found that the children who
had high antibody levels presented with parasitemia, with antibody levels being higher in
children with documented clinical malaria episodes. Perhaps early infection after the age of 6
months may have contributed to an increase in antibody levels. This antibody production may be
key in the development of NAI. Furthermore, the number of documented malaria episodes had
no difference with measured-antibody levels.

Scorza et. al created an expression library to test antigens that could develop cross-
protective immunity against different strains found in Plasmodium c. adami in mice '°. They
identified antigens with conserved T-cell and B-cell epitopes that produced antibodies inducing
moderate strain-transcending protective immunity against P. ¢. adami DS and SK strains. Strain
transcending protective immunity is a type of immune protection against all strains within one
infecting malaria parasite species. Strain-transcending protective immunity may require us to
find conserved regions T-cell and B-cell epitopes across all strains. This type of protective



immunity could be potentially generated through a multi-epitope vaccine that could counteract
the problem of malaria parasite immune evasion.

Allele-Specific Inmunity

There is antibody production against epitopes of antigenic variants in one malaria season.
However, the following season, new antigenic variants occur, and the last population of
antibodies and plasma cells are unable to confer immune protection. The antigenic variation
across seasons allows the parasite to evade immune recognition. Previous studies have tried to
investigate vaccine candidates that are targets of allele-specific immunity. Vaccine candidates
are genes that are being targeted for vaccine development 6 47, Successful targets have been
shown in adults with multiple malaria infections presenting with none or mild clinical symptoms
4849 We can hypothesize that a conglomeration of antigens that are targets of allele-specific
immunity may present a more effective immune protection across seasons. However, targets of
allele-specific immunity or NAI in adults are understudied. Previous studies have attempted to
do this with small datasets that cover one or two malaria seasons. Our study utilizes the
MalariaGEN Ptk6 VCF dataset comprising over 7000 samples across 27 Asian and African
countries, collected between 2001 and 2015. Our study will focus on specific cities within
countries to identify potential targets of allele-specific immunity across known multiple vaccine
candidates °. It is our hope that this research would guide the development of a multi-epitope
vaccine.



Hypothesis and Objectives

Antibodies produced in one malaria season do not confer protective immunity in the next season
due to antigenic variation found in exposed P. falciparum proteins. We hypothesize that within
the MalariaGEN Pfk6 dataset, would identify targets of allele-specific immunity. There are three
main objectives to investigate this hypothesis.

1) To identify signatures of selection pressure in coding sequences of vaccine candidate genes.

2) To measure the seasonal variation of haplotype frequencies in different malaria transmission
sites.

3) To determine epitopes and their types found in regions under selection pressure through in silico
methods (T-cell and B-cell prediction algorithms)

The study focuses on 10 leading vaccine candidates.

Gene Chromosome Start End
AMAI 11 1292966 1296696
CSP 3 221112 223145
MSPI1 9 1201305 1207576
MSP2 2 271576 274917
MSP3 10 1403807 1406234
Pfs230 2 369351 380156
Pfs25 10 1253373 1254412
Pfs28 10 1251151 1251807
Pfs48 45 13 1875452 1878087
RHS5 4 1082005 1084464

Table 1: Genomic location of 10 leading vaccine candidate genes and genomic location in 3D7 P.
falciparum strain.
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Study Design and Methodology

Figure 2: The flowchart for the data analysis pipeline of the Pfok of variant call format (vcfs)
files. Meta-analysis was done on the samples and sites were selected based on the representation
of data across different years. Variants analyzed were from collected samples from one site in
Cambodia, the Democratic Republic of Congo (DRC), and Ghana.

MalariaGEN v6.0 Data

The MalariaGEN Pfk6 dataset has 7113 samples that collected from 27 countries within
the continents of Africa and Asia. The data was released in 2020 and has VCFs, gene
differentiation estimates, mappings of drug resistance markers, drug resistance genotypes, and
measures of complexity of infection through the consortium’s pipeline. Within our analysis we
decided to focus on the following vaccine candidates within P. falciparum: RHS, CSP, AMALI,
MSP1, MSP2, MSP3, Pfs28, Pfs25, Pfs230, and Pfs48/45. Current clinical trials are developing
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vaccines based on these candidates. The current field is interested in identification of T-cell and
B-cell epitopes among the antigenic variants (See Vaccine Development). We looked at the
variation within the following geographical sites available within the data: 1) Kinshasa,
Democratic Republic of Congo 2) Pursat, Cambodia 3) Navrongo, Ghana (Table 2). We picked
sites that overall had well-spread sample data across the years. We compared time populations in
each geographical site (Figure 3).

Figure 3: This is a simplistic representation of the time populations that will be compared in
downstream population genetics analysis. Each circle represents a VCF file covering gene
variants of P. falciparum samples found within that year.

Country Site (Sample Size) Years Transmission  Area Context Rainy Season
Cambodia  Pursat (511) 2010-2014 High Rural June - Dec
DRC Kinshasa (366) 2012-2015 Variable Urban and Rural October — May
Ghana Navrongo (782) 2009-2013,2015 High Rural July — Sept

Table 2: Summary of VCF data and malaria transmission information for the geographical sites
are indicated within the table.

Generation of Unphased and Phased VCFs

beftools v1.9 and Beagle v5.2 were for data VCF normalization and phasing,
respectively. We generated VCF file for each vaccine candidate in each geographical site. The
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VCF files of the vaccine candidates were normalized and phased using the 3D7 P. falciparum
reference genome.

Sliding Window FST Analysis and FST Peak Identification

veftools v0.1.16 is a bioinformatic command line package that handles population
genetics statistics. Sliding Window FST command was utilized to compare the time populations
for each candidate gene. The window size was 10 nucleotides, and the sliding window was 5
nucleotides. The output was a table of weighted FST values for each window. The genome of P.
falciparum generally had negative FST values. We want to identify regions with high positive
FST values. This allele-frequency-based technique can indicate how different sample
populations are from each other throughout the entire window of the vaccine candidate. Higher
FST values in regions of the genes indicate the selection process of variants across the different
years. This was then graphed through the ggplot2 R package. Peaks that were found in the
coding sequence region are shaded in gray.

Sliding Window Tajima’s D Analysis and Tajima’s D Peak Ildentification

VCFKit v0.2.9 tool was used to calculate the Tajima’s D across the years for each
vaccine candidate gene. We used as window size of 20 nucleotides and a sliding step of 5
nucleotides. Signals of balancing selection within specific regions can be identified through this
method. This was run through the VCF file of a gene with all-time populations for each site.
Output text file with calculated Tajima’s D values for each geographical site was graphed with
ggplot2 R package.

T-cell Epitope Prediction with NetMHC4. Ipan and NetMHCII4.0pan

Identification of epitopes within vaccine candidate genes and comparison of epitopes to
signals of balancing selection may help in our understanding of where allele-specific immunity
targets are located or where changes are located within the vaccine candidates. NetMHCpan and
NetMHClIpan are bioinformatic tools developed for predicting T-cell epitopes given amino acid
sequences. Trained on IEDB data and HLA alleles, the neural networks predict epitopes across
different HLA Class I and Class II alleles. From the PlasmoDB database, amino acids sequences
of the vaccine candidates were collected for 3D7 strain. Each strain-specific fasta sequence was
run through NetMHClIpan 4.0 and NetMHCpan4.1 to predict binding affinities for each amino
acid within the sequences. Binding Affinity Rank for each amino acid sequence were then
graphed. The binding affinity rank was -log() transformed and plotted with ggplot2 R package.

13



Bioinformatic and Visualization Tools

Analysis Tools (Version)

Allele Frequency beftools (1.9)

Calculations per Variant

Sliding Window FST vcftools (v0.1.16), beftools (1.9)

Analysis

Sliding Window Tajima’s D  VCFKit(v0.2.9), beftools (1.9)

Analysis

Haplotype Frequency PEGAS (v1.1)

Analysis

Visualizations in R ggplot2, ggpubr, ggsci, gridExtra

T-cell Epitope Predictions NetMHCpan4.1 (v4.1), netMHClIIpan4.0
(v4.0)

Table 3: List of bioinformatics tools used in data wrangling of VCFs, population statistical
analyses, and in silico predictions.
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Results

Our data set across the three different geographical sites had samples spanning
consecutive years (Table 2). We investigated the frequency and types of mutations found across
the vaccine candidate genes throughout the time populations. We found indels, synonymous
SNPs, non-synonymous SNPs (missense mutations), and intergenic SNPs across each vaccine
candidate (Appendix: Figure 6). We found there is a bias for non-synonymous SNPs compared
to synonymous SNPs within each vaccine candidate. Furthermore, AMA1, MSP1, and P{s230
had qualitatively more non-synonymous SNPs. Common alleles (allele frequency > 5%) were
maintained within the population across all vaccine candidates. The next step was to see if
common non-synonymous alleles were contributing to genetic differentiation between the
different time populations.

In the sliding window FST, we identified peaks within both coding sequence and non-
coding regions of all vaccine candidate. Within Kinshasa, DRC, we found peaks in MSP1, CSP,
Pfs25, Pfs28 and Pfs48 45. Within Pursat, Cambodia in all genes except Pfs48 45. Within
Navrongo, Ghana, we found peaks in all genes except AMA1. Some of peaks were only found in
one geographical site, and not the others.

CSP had FST peaks found within NANP repeat regions but had Tajima’s D peaks found
within the N-terminal region. FST peaks found within the NANP may be due to the insertions
and deletions, which are common variants found there, which our allele-frequency plots also
confirm. AMAL has peaks identified in Cambodia’s geographical site, as those peaks. Pfs25 and
Pfs28 are the smallest genes on our candidate’s list and were found to have signals across genes.
Overall, the common non-synonymous alleles overlap with Tajima’s D Peaks in each vaccine
candidate. For example, MSP 2 has identified a peak within its coding region near 274800bp,
and there is a non-synonymous mutation found near that position according to our Allele-
Frequency plots. FST plots and Tajima’s D peaks identified are relatively the same (Table 4).

Regions with positive Tajima’s D are evidence of balancing selection. Missense
mutations that are found within these regions would potentially contribute to the generation of
antigen variants. To confirm this, we identified amino acid haplotypes and their frequency within
identified positive peaks of Tajima’s D. We calculated the frequencies of each haplotype across
the time populations within each geographical site. Common haplotypes that achieved at least
25% frequency in at least one of the years are shown in Figure 7a-c. These haplotypes change in
frequency across the years. MSP3, CSP, and AMA1 had significant haplotype frequencies found
in Navrongo, Ghana, a high malaria transmission area (Appendix: Figure 7a). MSP3 had
significant haplotype frequencies across the years in Pursat, Cambodia, which is a low
transmission setting (Appendix: Figure 7b). RH5 had significant haplotype frequency within the
in Kinshasa, DRC, which has variable malaria transmission (Appendix: Figure 7c¢).

Common haplotypes identified from Tajima’s D Peaks were evaluated for being potential
epitopes. NetMHC4. 1pan are T-cell prediction algorithms’ neural networks trained on curated
epitopes (IEDB) to identify epitopes and evaluate binding affinity and ligand elution towards
HLA alleles. HLA supertypes A and B were selected for T-cell epitope prediction. A script to
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call NETMHC4.1pan was created to run epitope predictions on the 3D7 strain amino acid
sequence of the vaccine candidates. 3D7 strain is a common malaria strain found in homologous
and heterologous infections across countries within Africa. Amino acid positions with -
log(Binding Affinity Rank) > 0.3 is predicted to have strong binding epitopes for specified HLA
alleles (Appendix: Figure 8). We also see that within a vaccine candidate, strength of epitope
regions can change depending on HLA supertype.

Vaccine Candidate # Of FST Peaks Identified # Of Tajima’s D Peaks Identified
CSpP 22 18
AMAL1 52 84
MSP1 111 83
MSP2 25 5
MSP3 20 38
Pfs25 6 5
Pfs28 12 4
P£s230 52 66
Pfs48/45 9 6
RHS 6 5

Table 4: Summary of Tajima’s D and FST Peaks identified for each candidate gene across
Geographical Sites.
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Discussion

We completed a sliding window FST analysis to determine what regions contribute to the
genetic differentiation between the time populations. We that that measuring the genetic
differentiation across time populations would be an indirect measurement of selection pressure.
It was unclear whether the common non-synonymous alleles contributed to genetic
differentiation. FST analysis did not show the contribution of non-synonymous alleles to the
genetic differentiation across time populations. We believe the indel mutations contributed more
differentiation compared to SNPs and showed higher FST values in those regions. FST analysis
is not specific in indicating whether there is balancing selection or directional selection as shown
with the allele-frequency graphs.

We calculated sliding window Tajima’s D across the whole nucleotide sequence of the
vaccine candidates. Tajima’s D is a direct measurement of selection pressure. Positive Tajima’s
D peaks indicate balancing selection and negative Tajima’s D peaks indicate directional selection
(either positive or negative). There were peaks identified within Tajima’s D peaks for all vaccine
candidates. To investigate the contribution of non-synonymous SNPs in generation of antigenic
variants, we looked at amino acid haplotypes derived from the variant. Interestingly, the
haplotype frequency was insignificant between years in some vaccine genes. Geographical
different transmission settings may affect what significant haplotype frequencies could be found.
For significant haplotypes had little change in haplotype frequencies across the years. This
means that this haplotype is being conserved throughout the balancing selection pressure.
Significant haplotypes that do not show drastic differences in frequency across the years, may
hold conserved epitopes that can targets of allele-specific immunity.

Investigating signals of balancing selection can elucidate significant alleles that
contribute to different haplotypes. Immunological assays to identify antigens and antibodies are
costly in both economics and time. Within this study we show that utilizing in silico prediction
algorithms on large sampled, and longitudinal datasets may elucidate areas of genes with strong
epitopes that can be targets for allele-specific immunity. In addition, we can compare the
strength of the epitopes across different HLA allele supertypes curated or HLA-typed from lab
with NETMHC4.0pan and NETMHC4.1pan tools. One future direction is to map the haplotype
found in these signals and perform in silico prediction of epitopes on vaccine candidate protein
sequence.
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Appendix

Allele Frequency Analysis of Vaccine Candidates

Figure 5: Allele frequencies across different time populations for each geographical site are
plotted. Common and rare specific types of alleles are shown across the vaccine candidate genes.
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Sliding Window FST Analysis of Vaccine Candidates

Figure 6: Calculated FST values for specific windows of 10 nucleotides and a step size of 5 nucleotides
are shown. Peaks of FST values were determined by two main criteria 1) the Peak is found in the coding
sequence region and 2) The peak is greater than neighboring FST values. within geographical site of itself.
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Sliding Window Tajima’s D Analysis of Vaccine Candidates

Figure 7: Tajima’s D was calculated for a window size of 20 nucleotides and a step size of 5
base pairs using a sliding window approach. Tajima’s D peaks were determined by two main
criteria 1) Peak is found in the coding sequence region and 2) The peak is greater than
neighboring FST values. within geographical site of itself.
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Haplotype Frequency Across Years of Vaccine Candidates

Figure 7a: The x-axis shows the frequency of common haplotypes across the years within
Kinshasa, Democratic Republic of Congo (DRC). Haplotypes were found and compared
within 2012, 2013, and 2014 years. Significance was calculated using the Kruskal-Wallis test
against each frequency and year. A haplotype is determined as common if one of the year’s
frequencies is found to be above >25% for at least one year.
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Figure 7b: The x-axis shows the frequency of common haplotypes across the years within
Navrongo, Ghana. Haplotypes were found and compared in 2010, 2011, 2012, and 2013
years. Significance was calculated using the Kruskal-Wallis test against each frequency and
year. A haplotype is determined as common if one of the year’s frequencies is found to be
above >25% for at least one year.
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Figure 7¢: The x-axis shows the frequency of common haplotypes across the years within
Navrongo, Ghana. Haplotypes were found and compared in 2009, 2010, 2011, 2012, and
2013 years. Significance was calculated using the Kruskal-Wallis test against each frequency
and year. A haplotype is determined as common if one of the year’s frequencies is found to be
above >25% for at least one year.
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T-cell Epitope prediction across HLA supertypes

Figure 8: This shows the predicted -log(Binding Affinity rank) across the amino acid position of 3D7 P.
falciparum strain vaccine candidates. In addition, the predicted binding affinity rank (BA Rank) was
calculated for each specific HLA supertype shown. NETMHC4.1pan algorithm was run to predict BA Rank
across 8, 9, 10, and 11mer sliding windows to generate. This indicates specific regions with strong binding
CD8+ T-cell epitopes, which activate cytotoxic T-cell-mediated response. The red dashed line at -log(2) is a
threshold were strong binding amino acids. Predicted strong CD8+ T-cell epitopes are in regions above the
threshold. In addition, Certain regions may not pose strong epitopes when against different HLA supertypes.

The figure is shown on the next page.
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