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ABSTRACT 
High-throughput Plasmodium genomic data is increasingly useful in assessing prevalence of 

clinically important mutations and malaria transmission patterns. Understanding parasite diversity is 

important for identification of specific human or parasite populations that can be targeted by control 

programs, and to monitor the spread of mutations associated with drug resistance. An up-to-date 

understanding of regional parasite population dynamics is also critical to monitor the impact of 

control efforts. However, this data is largely absent from high-burden nations in Africa, and to date, 

no such analysis has been conducted for malaria parasites in Tanzania country-wide. To this end, 

over 1,000 P. falciparum clinical isolates were collected in 2017 from 13 sites in seven administrative 

regions across Tanzania, and parasites were genotyped at 1,800 variable positions genome-wide 

using molecular inversion probes. Population structure was detectable among Tanzanian P. 

falciparum parasites, roughly separating parasites from the northern and southern districts and 

identifying genetically admixed populations in the north. Isolates from nearby districts were more 

likely to be genetically related compared to parasites sampled from more distant districts. Known 

drug resistance mutations were seen at increased frequency in northern districts (including two 

infections carrying pfk13-R561H), and additional variants with undetermined significance for 

antimalarial resistance also varied by geography. Malaria Indicator Survey (2017) data corresponded 

with genetic findings, including average region-level complexity-of-infection and malaria prevalence 

estimates. The parasite populations identified here provide important information on extant spatial 

patterns of genetic diversity of Tanzanian parasites, to which future surveys of genetic relatedness 

can be compared.

KEY WORDS: malaria, Plasmodium falciparum, population structure, molecular inversion probes, 

isolation-by-distance, drug resistance, Tanzania
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INTRODUCTION

Understanding how pathogen populations change over space and time provides key information for 

public health surveillance efforts. Infectious diseases can have complex spatial patterns influenced 

by geographic barriers and host movement (Real et al. 2005; Vora, Burke, and Cummings 2008; 

Takehisa et al. 2009). Genetic data is increasingly used as a tool for infectious disease epidemiology 

and ecology for explaining heterogeneity in disease prevalence, and to identify how genetic structure 

forms in pathogen populations. Such data is also extremely useful for complex disease systems such 

as vector-borne diseases (Hemming-Schroeder et al. 2018), where interactions of host, vector, and 

pathogen are often affected by unique environmental variables (Kent et al. 2007; Massaro, Kondor, 

and Ratti 2019; Barbu et al. 2013), and where pathogen movement is mediated by both vector 

(Bataille et al. 2009; Egizi et al. 2016) and host (Wesolowski et al. 2012; Dalziel, Pourbohloul, and 

Ellner 2013) mobility.  

Human malaria, caused by infections with members of the genus Plasmodium, is one example of a 

disease with complex transmission dynamics influenced by both the Anopheline vector (Thomson et 

al. 1995; Huestis et al. 2019) and human host mobility (Wesolowski et al. 2012; Guerra et al. 2019). 

While global malaria morbidity and mortality has decreased over the past two decades, malaria 

remains entrenched in key areas. Currently, 70% of the world’s malaria cases occur in 11 countries 

(“World Malaria Report” 2019). These “high burden, high impact” nations have recently become the 

subject of more focused malaria control efforts. Shifting control priorities potentially require new tools 

to help monitor and inform public health programs, and could benefit from the recent advances in 

integrating genomic and epidemiologic data in malaria research (Wesolowski et al. 2018; S. K. 

Tessema et al. 2019).

Understanding parasite dynamics underlying malaria in high transmission regions is critical for 

ongoing malaria elimination initiatives in sub-Saharan Africa. Monitoring parasite population structure 

and genomic signatures of selection can offer insights on the impact that interventions have on 

parasite populations (Daniels et al. 2015), the spread of mutations associated with drug resistance 

(Hamilton et al. 2019), and can identify transmission patterns reflecting human movement (S. 

Tessema et al. 2019). Recently, high-throughput genomics have elucidated important geographic 

(Miotto et al. 2013; Takala-Harrison et al. 2015) and temporal (Amato et al. 2018; Cerqueira et al. A
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2017) fluctuations of parasite populations, as well as fine-scale relatedness across short distances 

(Taylor et al. 2017), in Southeast Asia. While these analyses have shown within-country dynamics in 

regions of relatively low transmission, it is unclear how these insights translate to high transmission 

settings of Africa, home to 10/11 “high burden” countries. Also lacking are thorough baseline genetic 

characterizations of circulating parasites in these regions, to which subsequent analyses can be 

compared. Several studies have managed to identify between-country genetic signatures utilizing 

whole genome sequence data across sub-Saharan Africa (Amambua-Ngwa et al. 2012; Ocholla et 

al. 2014; Duffy et al. 2018; Amambua-Ngwa et al. 2019), but a lack of thorough within-country 

sampling and reliance on whole genome sequencing (which can be cost-prohibitive for large 

surveys) has limited further exploration of population genetics in Africa. 

Recently, molecular inversion probes (MIPs) have been adapted for high-throughput characterization 

of Plasmodium falciparum clinical infections; these assays allow for the rapid characterization of tens 

to thousands of positions across the genome. MIPs have successfully been used to track the spread 

of drug resistance mutations (Aydemir et al. 2018; Deutsch-Feldman et al. 2019; Mensah et al. 2020) 

in several African countries and to describe parasite population structure within the Democratic 

Republic of Congo (a high burden nation) (Verity et al. 2020). Expanding MIPs to explore these 

trends in other high transmission settings in Africa is an efficient way to establish contemporary 

genetic trends, and can provide ongoing surveillance of circulating parasite populations. Such 

characterization would provide control programs with baseline (and ongoing) surveillance data to 

evaluate public health interventions in high-transmission areas of sub-Saharan Africa that are 

pivoting to elimination efforts (Dalmat et al. 2019; Wesolowski et al. 2018). 

Tanzania is classified as a high burden, high transmission setting, with almost the entire population 

at risk for malaria (“World Malaria Report” 2019). However, malaria transmission is heterogeneous 

across the country (Figure 1) (Hagenlocher and Castro 2015; Ministry of Health, Community 

Development, Gender, Elderly and Children (MoHCDGEC) [Tanzania Mainland] et al. 2017; Thawer 

et al. 2020), with regions of both high and low transmission. Given these patterns, the genetics of 

underlying parasite populations may be similarly heterogeneous. Additionally, while several studies 

have investigated patterns of drug resistance markers across the country (Gesase et al. 2009; 

Kavishe et al. 2016; Ngondi et al. 2017), there have been no large-scale analyses of within-Tanzania 
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parasite population structure using genome-wide genetic markers to provide additional context to 

these findings. 

In this work, over 1,000 P. falciparum infections collected across Tanzania in 2017 were genotyped 

using MIP panels. Using data generated at ~1.8k genome-wide positions, as well as known or 

putative drug resistance loci, a current picture of parasite dynamics within the country is described. 

Results show that parasite populations differ genetically across the country, and that this 

differentiation is likely driven by a combination of geographical distance and selection due to past or 

ongoing antimalarial drug use.

METHODS

Sample collection: 1,232 samples from 13 districts in 7 administrative regions of Tanzania (Figure 1) 

were available from previously conducted cross-sectional surveys and drug efficacy studies. These 

districts were drawn from regions capturing the variability of transmission that occurs in malaria-

endemic regions of Tanzania, with malaria prevalence ranging from ~5% (Mbeya region) to ~25% 

(Kigoma). For the cross-sectional studies, 552 samples were collected between July and November 

2017 from eight districts (Chato, Nyan’ghwale, Buhigwe, Uvinza, Nyasa, Tunduru, Nanyumbu, and 

Mtwara) with historically high transmission (Chacky et al. 2018; Ministry of Health, Community 

Development, Gender, Elderly and Children (MoHCDGEC) [Tanzania Mainland] et al. 2017). All 

individuals in 120 households from two villages selected from each district were tested for malaria, 

representing both symptomatic and asymptomatic malaria cases in adults and children (Chiduo et al. 

2020). Parasitemia (microscopy) was available for these subjects. The remaining 680 samples came 

from five national malaria control program (NMCP) sentinel sites (Ilemela, Kigoma, Kyela, Masasi, 

and Kibaha) where two in vivo therapeutic efficacy studies (TES) were conducted in 2017. The first 

TES assessed the efficacy and safety of artesunate-amodiaquine and dihydroartemisinin-

piperaquine in enrolled symptomatic children between 6 months and 10 years of age (Mandara et al. 

2019); the second evaluated artemether-lumefantrine (Ishengoma et al. In preparation). Ethical 

clearance for the above studies was obtained from the Medical Research Coordinating Committee 

(MRCC) of the National Institute for Medical Research (NIMR-MRCC) in Tanzania. Analyses utilizing 

parasite genomes from deidentified samples were deemed nonhuman subjects research at Brown 

University and the University of North Carolina Chapel Hill.A
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Parasite Genotyping and Variant Calling: DNA was extracted from dried blood spots using QIAmp 

DNA Blood kits per manufacturer's protocols (Qiagen, Hilden, Germany). Extracted DNA underwent 

capture and sequencing using two MIP panels previously described (Aydemir et al. 2018). The first 

panel targeted 1,834 single nucleotide polymorphisms (SNPs) across the genome shown to be 

phylogeographically informative for sub-Saharan African parasite populations, as well as putatively 

neutral SNPs, based on the publicly available Pf3k P. falciparum Community project from the 

MalariaGEN Consortium (The Pf3K Project 2016). The second MIP panel targeted SNPs known or 

suspected to be associated with drug resistance. Libraries were sequenced on a Illumina Nextseq 

500 using 150 bp paired end sequencing for the genome-wide panel, and on an Illumina MiSeq using 

250 bp paired-end reads for the drug resistance panel, at Brown University ([dataset]Moser et al., 

Genbank).

Variant calling was conducted as previously described (Aydemir et al. 2018; Verity et al. 2020). 

Briefly, sequences were reconstructed by stitching together mate-pair reads, and then clustering 

sequences by 1) their unique molecular identifiers (UMIs) and 2) with the qluster algorithm from 

SeekDeep (Hathaway et al. 2018). Each reconstructed sequence was assigned a unique MIP-

microhaplotype ID, so that SNPs occurring on the same probe could be linked together. 

Reconstructed sequences were used to identify SNPS through pairwise alignment of each sequence 

to the 3D7 reference genome using LastZ (Harris 2007). Variants were subset to the original SNP 

positions targeted by the MIPs to minimize calls from PCR or sequencing error, and SNPs with poor 

sequence quality (Illumina phred score < 20) were removed. Non-biallelic SNPs in the genome-wide 

panel were removed across all samples. After these steps, samples and SNPs were filtered to 

remove those that had greater than 90% missing genotypes (across variants or samples).

Population Genetic Analyses: Several approaches were used to detect genetic population structure 

in the sample set. Principal component analysis (PCA) was conducted with the prcomp function in R 

(v3.6) (R Core Team 2019). Discriminatory analysis of principal components (DAPC) was done with 

the dapc function from the adegenet package (Jombart and Ahmed 2011) . To determine an 

appropriate number of PCs to retain for DAPC (so as to avoid over-fitting), alpha score optimization 

was used. Additionally, the program Admixture (Alexander, Novembre, and Lange 2009) was used to 

test K values of 1-10 (10 replicates each). The cross-validation (CV) value from the replicate with the A
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highest log-likelihood value for each K was plotted, and the K with the lowest CV value was chosen 

as the final K. For sample-level analyses using admixture results, samples were assigned to K using 

the within-sample admixture proportion estimates. 

SNPs associated with population structure were identified with two approaches. First, a random 

forest approach using the randomForest package in R (Liaw and Wiener 2002) was used to identify 

SNPs (predictor variables) associated with two response variables: 1) geographic categories 

(defined broadly as north vs south) and K subpopulation (K1 vs K2). Kibaha was removed from this 

approach for simplicity, given its role as the sole district of eastern Tanzania in the dataset. 10,000 

trees and 200 features (SNPs) at each split; these values were optimized observing the out-of-bag 

(OOB) error over different parameter values.  Receiver-operator curves (ROCs) were constructed 

from the geographic and K models to assess the performance of each model. Secondly, loading 

values from the above PCAs were taken to identify SNPs which contribute the most to the first three 

PCs. SNPs identified through both the random forest and PCA approach were then compared. 

To investigate the relationship between genetic relatedness and geographic distance (as measured 

by greater circle distance using district administrative center), the inbreeding_mle function of the 

mipanalyzer R package was used to calculate the inbreeding coefficient (F) between sample pairs 

(Verity et al. 2020). In order to avoid artificially high inbreeding coefficients for samples with high 

amounts of missing genotypes, this analysis was restricted to samples with < 50% missing 

genotypes. As polyclonality (multiple strains within the same infection) is common in high-

transmission settings of sub-Saharan Africa, several approaches were used to handle loci where 

more than one allele was detected. For PCA-based approaches (PCA, DAPC), the within-sample 

allele frequency (WSAF), defined as the alternative allele UMI count divided by total UMI coverage of 

the site within the sample, was used. This value ranged from zero to one, with zero values 

representing sites that only found the reference allele at that site, and values of one representing 

sites that found only the alternate allele at that site. For all other analyses (admixture, random forest, 

inbreeding coefficients), the major allele (the allele represented by > 50% of the UMIs) at 

heterozygous positions was used.

Drug resistance analysis: To increase confidence in the genotyping calls used for reporting SNPs 

associated with drug resistance, if the alternate allele was supported by only a single UMI, or if the A
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WSAF of the alternate allele was less than 1%, the genotype at that position in that sample was 

considered to only have the reference allele at that position; otherwise the sample was considered 

positive for the alternate allele. The prevalence of SNPs in known or suspected drug resistance 

genes was then calculated for target SNP positions from the drug-resistance MIP panel at the 

sample level. Samples with missing genotypes were excluded from the denominator in prevalence 

calculations. To explore haplotype information, SNPs that were detected by the same probe were 

grouped within each sample, using a unique MIP-microhaplotype ID given to each reconstructed 

sequence (see Variant Calling above), allowing for the examination of within-sample haplotypes for 

positions covered by the same probe within both monoclonal and polyclonal samples.

Epidemiologic Trends: To identify epidemiologic correlations with genetic findings from the above 

analyses, data from the 2017 Malaria Indicator Survey (MIS) from Tanzania was downloaded from 

the Demographic Health Survey (DHS) website using the rdhs R package (Watson, FitzJohn, and 

Eaton 2019). Malaria prevalence and antimalarial use in children under five years of age was 

calculated using survey weights with the survey package in R (version 3.34). Because the study 

population presented here included individuals over five years of age, prevalence estimates were 

also obtained from previously conducted studies within the study districts that included older subjects 

(Abt Associates 2017). The number of strains per infection (complexity of infection, or COI) was 

calculated using the categorical method of THE REAL McCOIL (Chang et al. 2017) with the filtered 

genome-wide variant calls. 

RESULTS

Genotyping success: Samples were taken from 13 administrative districts in 7 administrative regions 

of Tanzania with different malaria transmission intensities, with region prevalence ranging from ~5-

25% (Figure 1). Initial results showed higher levels of missingness in some of the northern districts 

(Table S1). While low parasitemia was one contributor to this loss, examining data by experiment 

showed signs of inefficient capture on several plates (Figures S1 & S2). This failure appeared to be 

largely responsible for increased missingness in certain districts and not necessarily due to inherent 

characteristics of parasites from those regions. Additionally, different patterns of missingness by 

district were seen for both the genome-wide and drug-resistance MIP panel (Figure S1), further 

evidence of experimental failure. Due to the above plate failure, a high proportion of samples (> 80%) A
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from Chato and Nyang’hwale (both in the northern district of Geita) were lost (Table S1). However, 

64 (76.5%) samples from Ilemela (also in the northern part of Tanzania) were successfully 

genotyped, offering representation of parasites from that region in the below analysis.

Population structure: After variant calling and filtering, 742 and 934 samples (from the genome-wide 

and drug resistance panels, respectively) from 12 districts were retained for analysis (Table S1). 

High levels of missingness were observed in samples from Nyang’hwale, and were removed (Figure 
S1 & S2, Supplemental Text). After excluding these samples, 737 samples from 12 districts and 

1,617 variable biallelic SNPs originally targeted by the MIPs were used to explore population 

structure in Tanzania. Principal component analysis (PCA) showed separation between the 

northwest and southern regions of the country, with samples from Kibaha in the east intermingling 

with samples from both regions (Figure S3). Discriminatory PCA (DAPC) analysis using the first 112 

components explaining 46% variation of the original PCA (Figure S4) highlighted additional 

separation of samples by their district-level origin (Figure 2), particularly separating samples from 

Ilemela in the north from Kigoma and Buhigwe in the northwest. Admixture analysis identified two 

populations within the sample set (Figure S5); one population almost solely represented samples 

from the northwestern districts, while the other represented samples from all districts (Figure 3A). 

Samples from the northwestern districts and Kibaha in the east also had signs of increased 

admixture, as compared to samples from southern regions. 

As the genetic relatedness of parasites from the above analyses, particularly the PCA-based 

approaches, appeared to be best represented by a gradient across the sites (versus distinct 

subpopulations), we estimated genetic relatedness between each sample-pair as the inbreeding 

coefficient F, which is the probability that any two samples are related by descent, and geographic 

distance between sample pairs, using only those samples that had at least 50% of targeted SNPs 

successfully genotyped (n=515). The majority of comparisons showed little to no genetic relatedness 

(Figure S6), as expected in diverse populations of parasites. However, a small number of sample 

pairs (n=8 comprising of 16 unique samples) had inbreeding coefficients exceeding 0.90; these 

highly related samples only occurred between parasites within the same districts (Ilemela, Buhigwe, 

Kigoma, Uvinza, and Kibaha). Dates of collection were available for seven of the eight pairs; three 

pairs were collected on the same day (Buhigwe and Uvinza comparisons), and the remaining four 

pairs were collected 1 (Kigoma), 2 (Kigoma), 9 (Kigoma), and 16 (Kibaha) days apart. After A
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averaging coefficients in bins of increasing geographic distance, an inverse relationship was 

observed between genetic relatedness and geographic distance (Figure 4A). Variation in the amount 

of genetic sharing was also observed by site. Sample comparisons from southern district pairs (from 

within the same district and between different districts) appeared to show slightly more inbreeding 

than other district-level comparisons (Figure 4B, Figure S7); additionally, comparisons involving 

Kibaha did not always track with distance (Figure S7).  

Variants associated with population structure: To better understand the genetic drivers of the spatial 

distribution of parasites, variants associated with the observed population structure were identified by 

a random forest analysis, using SNPs as features to predict geographic (north vs south) or genetic 

(K1 vs K2) populations (Figure S8). (To simplify the classification procedure, samples from Kibaha 

were excluded from this analysis). While the random forest model predicting genetic populations had 

better predictive performance (AUC=0.96) than the model predicting geographic populations (AUC: 

0. 87), overlap was seen in regions of the genome containing SNPs best predicting population 

categories. While individually these variants carried very little predictive power towards classification 

methods, the top hits detected on chromosomes 2 and 11 also showed relatively high contributions 

towards PC1 of the PCA (Figure S9). Chromosome 2 hits were in an acyl-CoA synthetase (ACS8; 

PF3D7_0215300) and a Plasmodium exported protein of unknown function (PF3D7_0220300). 

pfacs8-F40Y showed particular separation by geography, not only being more prevalent in the 

northwestern regions of Tanzania, but also occurring more frequently in samples whose genome 

more likely represented the K2 population identified in the above admixture analysis (Figure 3B). 
Similar results were seen for several SNPs in PF3D7_0220300 (D60N and 146T) and in the 

chromosome 11 hit PF3D7_1127000 (K76E). 

SNPs associated with drug resistance have been previously identified as contributors to population 

structure in sub-Saharan Africa (Amambua-Ngwa et al. 2018, 2019; Verity et al. 2020). While drug 

resistance loci were not among the top hits of the above random forest analysis, SNPs in a region 

upstream of pfdhps contributed to PC2 and PC3. Additionally, SNPs in a coding region downstream 

of pfcrt (pfcg2, a gene often in linkage with pfcrt (Cooper et al. 2005) also contributed to PC3 (Figure 
S9).

A
cc

ep
te

d 
A

rt
ic

le



This article is protected by copyright. All rights reserved

Drug Resistance Patterns in Tanzania: After variant calling and filtering, 934 samples at 32 target 

SNP positions in 12 genes associated with drug resistance were successfully genotyped (Table S1). 

Mutations associated with sulfadoxine-pyrimethamine (SP) resistance in both the pfdhfr and pfdhps 

gene were at high frequencies independent of location, such as pfdhps-K540E (Supplemental 
Dataset 1). However, other mutations showed differential frequencies across geographic regions. 

The pfcrt mutation K76T was elevated in the north and northwestern districts (Figure 5A). Similarly, 

the A581G mutation in pfdhps was observed in the northwest of the country (particularly in Kigoma, 

Buhigwe, Uvinza) but was absent from the southern districts (Figure 5B). Haplotypes for the pfdhps 

mutations using variants detected on the same MIP further highlighted this geographic separation, 

with samples containing both K540E and A581G mutations overwhelming occurring in the northern 

districts (Table 1). 

Historically, mutations in pfk13 that have been confirmed or associated with causing artemisinin 

resistance have been observed at low frequency (or not at all) in sub-Saharan Africa. None of the 

following mutations associated (or confirmed) with delayed parasite clearance phenotypes were 

observed in this study population: F446I, P553L, N458Y, M476I C580Y, Y493H, R539T, 543T, 

P441L, G538V, G449A, V568G, C469F, P574L, A481V, F673I, P527H, A675V, and N537I. However, 

two samples carried the R561H mutation (Supplemental Dataset 1). These alleles had good UMI 

support (36/36 and 74/170 UMI support). Both were from the districts in the north and northwest of 

the country (Chato and Buhigwe). 

Correlation of Demographic Patterns with Genetic Signals: Higher levels of mutations associated 

with both SP and chloroquine were observed in north and northwestern districts (Supplemental 
Dataset 1), despite the replacement of these drugs with artemisinin combination therapies (ACTs) in 

2006 (Ministry of Health and Social Welfare. In: A. Mwita, F. Molten, (Eds.) 2006). To determine if the 

frequencies of drug resistance mutations reported here correlated with ongoing drug use, reported 

antimalarial use was queried from the 2017 Malaria Indicator Survey (MIS) data. Reported use of 

chloroquine, quinine, and SP/Fansidar were all less than 5% (although only ~20% of participants 

responded to these queries) (Figure 5A-B). However, some overlap was observed with regions 

reporting SP/Fansidar and chloroquine use, and districts with >5% prevalence of pfdhps-A581G and 

pfcrt-K76T. 
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Tanzania is considered a high-transmission setting; however, malaria prevalence is heterogeneous 

across the country, with varying levels of prevalence across districts (Figure 1). This is also reflected 

in our genetic data. Complexity of infection (COI) estimates varied by region, with averaged district 

COI estimates ranging from 1.15 to 1.82. The proportion of samples that were polyclonal (COI > 1) 

ranged from 11.5% to 50%, with max COI ranging from 3-15. District-level malaria prevalence 

estimates were collated from previously conducted studies estimating malaria burden in the study 

districts, as well as from the 2017 MIS data. As expected, districts with higher average COI estimates 

also tended to have higher malaria prevalence (Figure 5C). This trend held regardless of the source 

of malaria prevalence estimates (Figure S10). 

DISCUSSION

Genomic data of P. falciparum infections in malaria endemic regions can provide key information for 

implementation and control efforts. In addition to monitoring drug resistance mutations, parasite 

population genetics are currently being used to characterize important contributions of human 

mobility to parasite spread (Chang et al. 2019; S. Tessema et al. 2019); such data can allow for the 

identification of regions and populations to be targeted by control methods. Genomic data has also 

been used to assess the impacts of interventions (Daniels et al. 2015), and in the future could be 

used to detect unexpected population shifts after mass drug administration campaigns (the 

emergence of known and novel drug resistance mutations) and large-scale vaccine feasibility studies 

(the emergence of vaccine-resistant parasite populations). However, for such studies to be 

successful, it is important that the background variation in standing parasite populations is well 

described. To address these points in Tanzania, this paper explored patterns of parasite population 

structure and diversity in combination with drug resistance mutation frequencies. 

While two main parasite populations were observed (roughly north and south), patterns representing 

gradients of genetic relatedness over geographic distance were identified. The lack of sample pairs 

from different districts with high genetic relatedness indicates that, in this dataset, there is little 

detectable direct contribution by very recent human movement to parasite population genetics in this 

region. However, several signals may still reflect broad patterns in human migration, such as the 

greater genetic relatedness among samples from Tunduru and surrounding districts. A major 

highway (A19) directly connects Tunduru to Nanyumbu, Masasi and, eventually, Mtwara. Kyela and A
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Nyasa comparisons also showed greater amounts of inbreeding; both of these districts border Lake 

Nyasa, and may reflect increased human movement upon waterways. While some southern districts 

had small sample sizes for this analysis (Nanyumbu, Mtwara Nyasa), high inbreeding was still 

observed within and between other southern districts which were represented by 40 or more samples  

(Tunduru, Masasi). The increased sharing relative to that seen in regions of similar distance in the 

north could be due to more admixed populations driving greater genetic distance. However, 

stratification of the analysis by K1 and K2 subpopulations did not show an expected increase in 

relatedness (data not shown). 

By leveraging previously conducted MIS data (collected at temporally equivalent timeframes as the 

samples included in the present study), this analysis found a correlation between transmission 

intensity and COI. This relationship is important to document for each malaria-endemic regions of 

interest, as previous studies have reported no relationship with COI and malaria prevalence (Koepfli 

et al. 2018).  This is in contrast to other previously published work (Chang et al. 2017; Bei et al. 

2018; Verity et al. 2020), including recent work in the Democratic Republic of the Congo with MIPs, 

showing higher COIs in areas with higher transmission. Overall, discrepancies between studies of 

transmission intensity and COI could reflect region-specific transmission dynamics, but could also 

reflect the methodological differences used to assess COI. This manuscript and others which have 

detected a relationship between malaria transmission and COI have used genome-wide SNP 

approaches, in contrast to approaches relying on the detection of size differences of amplified 

fragments of a small number of genes. The COI results also highlight the ability of MIPs to detect 

temporal changes in transmission. A decrease in average COI was observed between the samples 

from this study (2017) and from Tanzanian samples collected in 2015 that were genotyped in the 

same manner (Verity et al. 2020), corresponding to the overall decrease in malaria transmission in 

Tanzania during that period (“World Malaria Report” 2018). 

The genomic results also provide context for previously published work exploring drug resistance 

mutation patterns in Tanzania. High prevalence of certain mutations across Tanzania, such as dhps-

K540E mutations, and the higher prevalence of dhps-A581G mutations in regions of northern 

Tanzania compared to southern regions, have been previously described (Kavishe et al. 2016; 

Ngondi et al. 2017). Contextually, high frequencies of both dhps-A581G and pfcrt-K76T have also 

been observed in nations bordering the northwestern regions of Tanzania (Verity et al. 2020), and A
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may be a reflection of historical expansion of drug-resistance parasites in this region of Africa. 

However, while reported drug use in 2017 was low for SP and chloroquine, it was nonetheless 

reported in the Tanzanian districts where relatively higher mutation frequencies were observed for 

SNPs associated with resistance to these antimalarials. Further studies investigating drug use in 

these regions would be important to tease out any contributions that current inappropriate 

antimalarial use may have on maintaining or further spreading drug resistance mutations among 

these parasite populations. It could be that fitness costs associated with mutations in pfcrt (Ord et al. 

2007; Osman et al. 2007; Mharakurwa et al. 2013) and dhps (Osman et al. 2007) could result in 

reversion to the wild-type in areas that removed the corresponding drug pressure sooner than other 

regions, negating the necessity of ongoing drug use in the northern regions. Alternatively, use of 

antimalarials with similar resistance mechanisms (such as amodiaquine) could slow reversion to wild 

type populations. Finally, recent reports of pfk13 R561H mutations in southeast Tanzania and 

Rwanda (Uwimana et al. 2020; Bwire et al. 2020) highlight the need for continuous monitoring of 

pfk13 mutations in sub-Saharan Africa. While only two samples were positive for R561H (both 

collected through the cross-sectional surveys), this may imply that this mutation has been circulating 

in the region since 2017.

Several variants found to associate with population structure here may be useful for future molecular 

epidemiology studies identifying importation of parasite genotypes between districts in Tanzania. 

While none of these variants have been definitively tied to antimalarial use, several variants identified 

here have been reported in studies of resistance. Allele frequencies of pfacs8 have been shown to 

differ in Malawi, where SP was used for longer periods of time compared to other African nations 

(Ravenhall et al. 2016). In addition, the chromosome 2 region identified here also contributed to 

signals seen in population structure analyses from other African nations, including the Democratic 

Republic of Congo (Verity et al. 2020). Finally, PF3D7_0220300 has been reported to be upregulated 

(along with pfacs8) in studies investigating the response of Plasmodium parasites to 

dihydroartemisinin exposure (Shaw et al. 2015). The regions in which these genes fall have also 

been identified as being under selection across space and time in the Gambia (Amambua-Ngwa et 

al. 2018). Given drug resistance loci often represent some of the strongest population signals 

(Amambua-Ngwa et al. 2019; Verity et al. 2020), these variants require future study, particularly in 

regards to their current distribution across sub-Saharan Africa.
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Efficient genotyping with MIPs allowed for hundreds of infections in Tanzania to be genotyped. The 

lower per-sample cost compared to whole genome sequencing makes these MIP panels amenable 

to large population surveys with denser sampling, potentially improving the understanding of parasite 

populations as sampling strategies can become more rigorous and complex. While the use of 

previously conducted studies allowed for representation of geographically disparate regions of the 

country, the TES studies (which contained infections from symptomatic individuals < 10 years of age) 

do not broadly sample different ages and disease severities. While it is generally not expected that 

there are different subpopulations across age or disease groups (consistent with a eukaryotic 

pathogen undergoing frequent sexual recombination), it is possible that the full extent of the parasite 

population was not captured. Thus, TES studies may not be representative of the parasite population 

circulating in these districts, and may possibly underestimate genetic diversity if infections in 

younger, symptomatic individuals are different than older, asymptomatic infections. However, only 

the east of the country (Kibaha) was represented by samples only from TES; all other regions are 

represented by both TES and cross-sectional surveys. Additionally, while MIPs have been shown to 

be robust to fluctuations in frequencies of strains within polyclonal infections down to 29 parasites/µL 

(Aydemir et al. 2018), this does imply that MIPs may not recover a representative sampling of the 

low-density infections present in this sample set, and higher levels of missingness did occur in 

samples with lower parasite densities. This is in part due to MIPS being dependent on a capture 

step, which compared to standard PCR amplicon sequencing is impacted more by low DNA 

concentrations or degraded DNA (Aydemir et al. 2018). However, this capture step allows for the 

minimization of errors due to the incorporation of UMIs, and MIPs are more sensitive and less 

expensive than other methods such as whole genome sequencing. MIP panels are also adaptable; 

additional probes can be easily designed and added to existing panels to capture new targets of 

interest as surveillance efforts expand to new regions.

The molecular inversion probe approach, coupling population-based surveys with an efficient method 

of genotyping, allowed for the identification of population structure country-wide in Tanzania, using 

fewer markers compared to whole genome sequencing, and therefore could be useful tools for 

monitoring parasite populations over time in this region. As Tanzania continues to make strides in 

malaria control, including advancing the pre-elimination area on the Zanzibar Archipelago, 

surveillance of genetic changes of Tanzanian parasite population will be critical for monitoring and 

optimizing interventions, ensuring elimination success.A
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TABLES

Table 1: pfdhps haplotypes for mutations within the same MIP probe (K540E, A581G, and A613S), 

by geographic region (North: Ilemela, Chato, Kigoma, Buhigwe, and Uvinza; South & East: all 

others). 

Geographic Region

pfdhps Mutation Combination North South & East Total

A613 Only 3 (42.9%) 4 (57.1%) 7

A581G Only 15 (100%) 0 (0%) 15

K540E Only 290 (58%) 210 (42%) 500

K540E + A581G 57 (91.9%) 5 (8.1%) 62

K540E + A613S 0 (0%) 1 (100%) 1
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FIGURE LEGENDS

Figure 1: Region-level malaria prevalence in Tanzania. Malaria prevalence in children under five 

years of age at the regional level, as measured by rapid diagnostic tests (RDTs), was calculated 

using data from the 2017 Malaria Indicator Survey (MIS). Districts in which sampling occurred for the 

current study are labeled. 

Figure 2: Separation of Tanzanian P. falciparum samples by geographic region using discriminatory 

analysis of principal components (DAPC). DAPC analysis using the first 112 components of a 

principal component analysis (PCA) is shown (explaining 46% of the variation in the original PCA). 

Each dot is a sample colored by its geographic origin based on the 12 districts included in the 

analysis (inset map). A minimum spanning tree, constructed from genetic distances between groups, 

is overlaid on the plot (black dashed line).

Figure 3: Tanzanian parasite population structure and associated variants. A. Admixture analysis 

using 737 samples and 1,614 genome-wide SNPs revealed two populations, K1 (purple) and K2 

(turquoise) across the 12 districts included in the analysis. B. Frequency of key SNPs that were 

associated with population structure by random forest (Figure S8) and PCA (Figures S9), stratified by 

K subpopulation. Area of the circle represents the frequency of the alternate allele at that position 

within each subpopulation, and districts labels colored as in Figure 2 (from north, to northwest, to 

south, to east). 

Figure 4: Genetic relatedness by geographic distance. A. Relatedness (as measured by the 

inbreeding coefficient F) binned by geographic distance (greater circle distance). An average-of-

averages approach (average of all district-level average F) was used to avoid district comparisons 

with more samples contributing more to a bin. Bars represent 95% confidence intervals. The number 

of district-level pairwise comparisons in each bin is shown at the top of the plot (for example, there 

are 12 districts included in this analysis, so the number of same-district comparisons in n=12 for bin 

size 0 km). B. Heatmap of averaged F between districts. Districts are arranged by geographic 

location (north and northwest, to south and southeast, to east).
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Figure 5: Patterns of antimalarial use and malaria transmission with genetic measures. Data from the 

2017 Malaria Indicator Survey (MIS) was assessed for correlation with genetic measures from this 

study. A. District level prevalences of pfcrt-K76T are presented on region-level estimates of 

chloroquine use among children under five years of age. Mutation frequencies for A. and B. can be 

found in Supplemental Dataset 1. B. District level prevalences of pfdhps-A581G are presented on 

region-level estimates of SP/Fansidar use among children under five years of age. C. The 

relationship between P. falciparum prevalence, as measured by rapid diagnostic tests (RDTs) in 

school-age children (Abt Associates, 2017), and average COI estimate, at the district level. Each 

point is a district, and the size of the district indicates how many samples were in each district.
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