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MOSQUITO GENETICS

Genomic diversity of the African malaria  
vector Anopheles funestus
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INTRODUCTION: The mosquito species Anopheles funestus is a major 
contributor to human malaria transmission across its vast sub-
Saharan African range. Vector control of the other three major 
malaria-transmitting species in the Gambiae Complex has benefited 
from a deep understanding of genetic diversity, population structure, 
and the emergence and spread of insecticide resistance through the 
whole-genome sequencing of hundreds of individuals from many 
African countries. We completed whole-genome sequencing of  
656 modern samples collected since 2014 and 45 historic samples 
collected between 1927 and 1967 to create a foundational under-
standing of genomic diversity in An. funestus across the continent.

RATIONALE: Since large scale deployment of insecticides began in 
the 1950s, An. funestus has rapidly evolved resistance throughout 
much of its range. However, it is an open question whether 
resistance alleles have evolved independently in multiple locations, 
whether they are shared between different populations through 
gene flow, or whether resistant populations have entirely replaced 
historically susceptible populations. A clearer genomic view on 
continental population structure is crucial for implementing 
strategic use of insecticides, taking into account the potential 
emergence and spread of insecticide resistance alleles. Additionally, 
with the implementation of gene drive release for vector control 
likely in the coming years, we need to be able to predict the spread 
of gene drive under different release scenarios, which is only 
possible if detailed knowledge of population connectivity across the 
continent, and how it varies along the genome, is in place.

RESULTS: We found that the 17 geographic regions from which our 
samples originated form six population clusters with varying 
degrees of genome-wide differentiation. One of these populations, 
the Equatorial cohort, spans more than 4000 km and comprises 

individuals from seven countries. In close geographic proximity to 
this cohort, we found two genetically distinct ecotypes that 
appear to have a restricted range and distinct chromosomal 
karyotypes. Using a windowed principal components analysis 
(PCA) approach, we explored structure across the genome. We 
used this approach to identify segregating inversions and classify 
every individual into its specific inversion karyotype. We also 
identified genomic regions that have exceptional levels of 
divergence in comparison to other collinear parts of the genome. 
Some of these outlier regions are clearly driven by selection for 
insecticide resistance, as they contain loci with excessive haplo-
type sharing, often centered on genes known to play a role in 
insecticide resistance in many insect species. We show that the 
Gste2 resistance allele has at least two independent origins and 
that, despite reports of DDT resistance emerging in the 1950s, 
none of the historic samples in this study carry DDT resistance 
alleles found in modern-day populations.

CONCLUSION: Variable structure—such as that observed in this 
work, with some populations readily sharing alleles across the 
continent, and others clearly geographically proximal but geneti-
cally distinct—is a challenge for vector control. Even if the 
Gambiae Complex disappeared today, malaria would still rage 
through Africa until An. funestus is also effectively targeted. The 
greater understanding of the high levels of genetic diversity  
and the complex population structure of An. funestus presented  
in this study will underpin smarter surveillance and targeted 
vector control. 
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Continental population structure among 
656 modern An. funestus specimens. 
PCA, fixation index (FST), and a windowed 
PCA approach reveal how population 
structure varies across the continent and 
along the genome. The windowed PCA 
shows distinct patterns for segregating 
inversions (including double recombi-
nants) and loci under positive selection. 
Insecticide resistance mutations were 
found in selective sweeps on different 
haplotypic backgrounds, suggesting 
multiple independent origins, but most 
resistance mutations were not observed in 
45 historic specimens. SNP, single-
nucleotide polymorphism; L119F, 
Leu119Phe mutation.
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Anopheles funestus s.s. is a major human malaria vector across 
Africa. To study its evolution, especially under vector control 
pressure, we sequenced 656 modern specimens (collected 
2014 to 2018) and 45 historic specimens (collected 1927 to 
1967) from 16 African countries. Despite high genetic diversity, 
the species shows stable but considerable continental 
population structure. Although one population showed little 
differentiation over a century and 4000 kilometers, nearby, we 
found two genetically distinct ecotypes. Vector control has 
resulted in strong signals of selection, with some resistance 
alleles shared across populations through gene flow and others 
arising independently. Fortunately, we found that a promising 
gene drive target in Anopheles gambiae is highly conserved in 
An. funestus. These insights will enable more strategic 
insecticide usage and gene drive deployment, supporting 
malaria elimination.

The mosquito species Anopheles funestus (Giles, 1900) has an extraor-
dinary adaptive potential, demonstrated by its vast geographic range 
that spans sub-Saharan Africa (1) (shaded region, Fig. 1A). An. funestus 
is highly anthropophilic (2), has a substantially longer lifespan than 
other African malaria vectors (3), and, in some areas, is also reported 
to have extremely high Plasmodium infection rates (4–6). In much of 
eastern and southern Africa, the species is the major malaria vector 
(7). Like the vectors in the Gambiae Complex, the species is contribut-
ing to outdoor early evening and late morning biting in response to the 
use of indoor-based interventions, including bed nets (8–10). Although 
it can be difficult to find as larvae, it may have an extended transmis-
sion season in some locations, probably owing to a preference for larval 
habitats that persist in the dry months (11). An. funestus harbors sev-
eral polymorphic chromosomal inversions that play an important role 
in adaptation (12). Similar to the three other major African human 
malaria vectors, which are all members of the Gambiae Complex, An. 
funestus exhibits insecticide resistance across its range (13) and, in 
some locations, even higher tolerance to insecticides than An. gambiae 
(14). Alleles that confer resistance can be shared across great distances 
or can differ locally, indicating a complicated mix of population con-
nectivity and selective pressures (15). These characteristics, combined 
with its widespread distribution, make An. funestus a critical target 
for malaria control efforts. Substantial genomic data resources exist 

for the three major malaria vector species of the Gambiae Complex (16), 
and these have become foundational for the study and implementation 
of control efforts (17). In this study, we establish a baseline understand-
ing of genetic diversity, population structure, inversion frequencies, 
and historic and current selection in An. funestus across the African 
continent at a whole genome level.

Sample acquisition, sequencing, and genetic diversity
In 2017, we put out an open call to join the project through contribut-
ing wild An. funestus samples collected from 2014 onwards. We carried 
out short-read sequencing at ~35x coverage depth for >800 wild-
caught specimens, of which 656 individuals from 13 African countries 
[Benin (BJ); Cameroon (CM); Central African Republic (CF); Democratic 
Republic of the Congo, Kinshasa (CD-K) and Haut-Uélé (CD-H); Gabon (GA); 
Ghana, Northern Region (GH-N) and Ashanti (GH-A); Kenya, Western 
Province (KE-W) and Nyanza (KE-N); Malawi (MW); Mozambique, Cabo 
Delgado (MZ-C) and Maputo (MZ-M); Nigeria (NG); Tanzania (TZ); 
Uganda (UG); and Zambia (ZM)] passed all quality control (QC) evalua-
tions (Fig. 1A and fig. S1A; materials and methods). Sequencing reads 
were aligned to a 251-Mbp high-quality chromosomal reference ge-
nome created from a wild-caught individual from Gabon (18), and each 
successfully sequenced sample was assigned to a geographic cohort 
based on its original collection location (Fig. 1A and table S1). Using 
a static-cutoff (sc) site filter, 73 million out of 162 million (45%) acces-
sible sites were segregating among the sequenced samples (fig. S1, C 
and D; materials and methods). Disregarding singletons, 49 million 
single-nucleotide polymorphisms (SNPs) were present on two or more 
chromosomes, 17.3% of which had more than two alleles. For some 
analyses, we used a more stringent decision tree (dt) site filter that 
resulted in 48 million out of 114 million (42%) segregating accessible 
sites, with 31 million present on two or more chromosomes, and 15.2% 
having more than two alleles. Genome-wide nucleotide diversity was 
between 1.4 and 1.7% in each geographic cohort (fig. S2C), with most 
individuals having between 2 and 3 million heterozygous sites, and 
there was higher diversity among Equatorial individuals and cohorts 
(Fig. 1B and fig. S2, A and C). The Watterson θ estimator, which is 
proportional to effective population size under a simple coalescent 
model with constant mutation rate, was also higher in the Equatorial 
cohorts (fig. S2D). Mosquitoes from the North Ghana cohort have lower 
heterozygosity due to long runs of homozygosity (ROH; figs. S2B and 
S5D); the three mosquitoes with <2 million heterozygous sites had 
the highest fractions of their genome in ROH, even compared with 
other individuals from the North Ghana cohort.

Population structure and ecotypes
Principal components analysis (PCA) on variants from chromosome 
arm 2L, which has no known common chromosomal inversions (19), 
showed that PC1 is correlated with latitude (Fig. 1C). Population struc-
ture is similar across other autosomal arms, but the patterns are more 
complicated because of segregating inversions (fig. S1E). We used the 
observed clusters in the PCA plot to define six PCA cohorts, five of 
which (North Ghana, South Benin, Central, Southeastern, and South 
Mozambique) cover a regional area, whereas the sixth Equatorial co-
hort includes samples from seven countries spanning a 4000-km range 
from Ghana to Kenya (Fig. 1, A and C), suggesting a high degree of ge-
netic connectivity across the equatorial region of Africa. Further PCA 
on the Equatorial cohort alone showed that the samples are clustered 
by geographic location (Fig. 1C, inset). Samples from the Equatorial 
cohort display more negative Tajima’s D values than those from other 
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PCA cohorts supporting an expanding population (fig. S2E). Pairwise 
fixation indices (FST) and patterns of doubleton sharing support the 
PCA cohort groupings (fig. S2, F and G). PCA was computed on common 
variants (minor allele frequency > 0.01) that tend to be older, whereas 
doubleton sharing focused on rare variants that tend to be more recent 
(20), suggesting that the observed structure does not differ consider-
ably between historic and recent events.

Although the North Ghana and South Benin cohorts are An. funestus 
s.s. (fig. S3A) and are geographically close to the Equatorial cohort 
(Fig. 1A), they appear to be genetically distinct in the PCA and thus 
may represent new ecotypes. In Anopheles, the concept of ecotype is 
somewhat interchangeable with the concept of a “chromosomal 
form,” which has an inversion karyotype that is either fixed and dif-
ferent from neighboring or sympatric populations or at very differ-
ent frequencies. The broader concept of “ecotype” is complex and 

only variably supported by genomic data (21). In this work, we use 
“ecotype” to mean a population that is more genetically distinct than 
expected based on geographic distance. Previous work has defined 
two ecotypes in An. funestus: the Folonzo ecotype, which has varying 
inversion frequencies and a preference to breed in vegetative ditches 
and swamps, and the Kiribina ecotype, which has a nearly fixed 
standard karyotype and has adapted to breed in rice fields (22, 23). 
Although Folonzo is more widespread and Kiribina has only so far 
been found in Burkina Faso, these ecotypes are sympatric in Burkina 
Faso and thought to be semireproductively isolated (22, 23). Previous 
population genomic sequencing of Kiribina and Folonzo individuals 
from Burkina Faso showed genome-wide differentiation between 
these sympatric ecotypes that extended beyond the genomic regions 
harboring the inversions that segregate at different frequencies (22, 
23). Our sampling did not contain known Kiribina or Folonzo, so to 
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Fig. 1. Population structure of 656 An. funestus specimens collected across Africa. (A) Map showing sequenced individuals from sub-Saharan Africa grouped into 17 
geographic cohorts based on their collection location (filled circular and triangular markers) and 6 PCA cohorts consisting of one or more geographic cohorts (open elliptical 
markers), with the gray shaded area showing the An. funestus range across the continent [adapted from Sinka et al. (1)]. The asterisk  represents one sample collected in GH-N 
that clusters with Equatorial on the PCA and has therefore been removed in analyses using PCA cohorts. (B) Number of heterozygous sites (in millions) per individual, with each 
cross representing one individual in subset_2 (females only; for subset_1, see fig. S2A) and ordered along the horizontal axis by geographic cohort (color, same order as the 
legend) and number of heterozygous sites. (C) Projection along the first two PCs computed on chromosome arm 2L, with the percentage of explained variance in the axis labels 
and ticks denoting the 0 position along each axis. The PCA cohorts are indicated with open elliptical markers. The inset PC plot was computed only on samples from the 
Equatorial PCA cohort. (D) Sliding window PCA along the genome. Each line corresponds to one individual, and individuals from GH-N were excluded. The genome was split in 
overlapping windows of approximately 1-Mbp and 200-kbp steps, a PCA was performed for each window, PC1 values are plotted along the y axis, and the window centers in 
genomic coordinates are plotted along the x axis. (the corresponding plot displaying the PC2 values for the same windows is shown in fig. S7A). Inversion regions are indicated 
by horizontal gray bars, centromeres are indicated by vertical grey bars, and lined ellipses indicate regions of divergence across several cohorts (Fig. 3 and figs. S8 to S10), 
whereas the two dotted ellipses showcase divergence specific to the South Benin PCA cohort (fig. S5, B and C). GH-N, Ghana Northern Region; BJ, Benin; GH-A, Ghana Ashanti; 
NG, Nigeria; CM, Cameroon; CF, Central African Republic; CD-H, Democratic Republic of the Congo, Haut-Uélé; UG, Uganda; KE-W, Kenya Western Province; KE-N, Kenya Nyanza; 
GA, Gabon; CD-K, Democratic Republic of the Congo Kinshasa; TZ, Tanzania; MZ-C, Mozambique Cabo Delgado; ZM, Zambia; MW, Malawi; MZ-M, Mozambique Maputo.
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better explore how these previously defined ecotypes relate to the 
geographic and PCA cohorts that we identified in this work, we in-
tegrated published Kiribina and Folonzo data into our dataset. 
Consistent with previous work, we found that Folonzo and Kiribina 
form distinct clusters, but, unexpectedly, both ecotypes clustered 
with our Equatorial cohort (fig. S3B) (23). Therefore, our samples 
from North Ghana and South Benin appear to be more genetically 
distinct from the Equatorial population than Kiribina and Folonzo, 
even though they were collected from areas that are geographically 
closer to Equatorial cohort populations. Further exploration of ge-
netic differentiation using isolation by distance (IBD) showed 
that North Ghana and South Benin are more isolated than expected 
by distance and more isolated than Kiribina or Folonzo (fig. S3C) and 
that North Ghana and South Benin appeared as distinct populations 
before Kiribina (fig. S4). IBD analysis also showed that although the 
Central, Southeastern, and South Mozambique clusters drove PC1 
(Fig. 1C), their differentiation from other cohorts was consistent with 
the pattern expected under isolation by distance, and thus, we do not 
consider them potential ecotypes (fig. S3, C and D). Therefore, we 
further explored South Benin and North Ghana as potential ecotypes.

Compared with all other populations, the North Ghana cohort had 
reduced levels of diversity (Fig. 1B and fig. S2A), an excess of both long 
and short ROH (figs. S2B and S5D), and high divergence from all other 
cohorts (fig. S2F), including from GH-A <400 km away, consistent with 
a recent population bottleneck. Only a single individual from North 
Ghana clustered with the GH-A population, but it is unclear whether 
this was due to very recent migration, perhaps from being transported 
in a car or other vehicle, or whether this individual is representative 
of a sympatric Equatorial population in North Ghana, which is not 
well represented in our sample set. Comparing the two populations 
from Ghana revealed elevated FST in the genomic regions associated 
with the 2R and 3L inversions (fig. S5E), and indeed, North Ghana 
appears to be an outlier for its 2Ra karyotype in comparison to its 
nearest neighbors (fig. S6E). We were also unable to karyotype North 
Ghana for the 3La inversion owing to high divergence on the 3L arm, 
particularly in the inversion region (fig. S5, E and F). These karyotypic 
anomalies, together with a potentially sympatric population that clus-
ters with the Equatorial cohort, hint that the North Ghana cohort may 
indeed be a new An. funestus ecotype, but further sampling will be 
needed to confirm this hypothesis.

The South Benin (BJ) cohort has similar levels of variation as the 
Equatorial cohort but was clearly differentiated in the PCA (Fig. 1, B 
and C). To further explore genomic patterns of differentiation, we ran 
sliding window PCAs that resulted in a view of population structure 
along the genome [Fig. 1D; North Ghana was excluded from these 
analyses because of excessive ROH; see (24) for interactive plots]. 
Although BJ follows the Equatorial cohort for most of the genome, it 
is moderately differentiated genome wide (fig. S2F) and highly dif-
ferentiated from all other geographic cohorts in two genomic regions 
(2R, 47 Mbp; 3R, 37 Mbp) (Fig. 1D). Both loci have plenty of haplotype 
variation and show no evidence of selective sweeps in either BJ or any 
other cohort; however, both loci show that all BJ haplotypes are highly 
differentiated from every other haplotype sequenced here (fig. S5, B 
and C). Within the 2R locus, there is one large gene, “hemicentin-1” 
(AFUN2_013216), and within the 3R locus, the peak of FST between BJ 
and the neighboring GH-A shows that the strongest differentiation 
between the two populations falls between two genes characterized as 
“semaphorin-2A–like” (AFUN2_001563, AFUN2_006509) (fig. S5A). In 
both cases, we found some relatively weak nonsynonymous differen-
tiation between BJ and other populations, so it may be that the divergence 
is regulatory in nature, or that the reference genome is inadequately 
representing the sequences of these individuals in these genomic re-
gions (table S3). Populations from Benin are exceptionally resistant 
to DDT (0% mortality after one hour of exposure ) (25), but there 
is currently no evidence in the literature to support a role in DDT 

resistance for hemicentin-1 or semaphorin-2A, which are secreted or 
transmembrane immunoglobulins and signaling proteins; instead, 
semaphorins have been implicated in nerve development, limb devel-
opment, and olfaction (26, 27). Strong divergence could be caused by 
differential regulation of genes involved in DDT resistance, assortative 
mating, or habitat adaptation, but genome accessibility drops off as 
FST increases, and the cohort is too diverged from the reference ge-
nome in this genomic region to speculate further. BJ has inversion 
frequencies that are also strongly contrasting with those of its close 
geographic neighbors: It is fixed standard for all inversions except 3La 
(Fig. 2 and fig. S6E). This is reminiscent of the Kiribina ecotype, which 
is (nearly) fixed standard for 2Ra, 3Ra, and 3Rb inversions (22, 23); 
however, BJ is clearly differentiated from Kiribina (fig. S3B). Fur
thermore, in this sample set, we found no evidence of a Folonzo or 
Equatorial-like population in South Benin, so BJ may be the only form 
present in the region, but this requires further sampling to confirm.

We explored the mitochondrial genome for every individual, includ-
ing those failing QC (838 modern and 75 historic), and included a 
selection of previously published mitochondrial genomes across the 
Anopheles genus (fig. S11E and table S1). Previous studies identified 
two lineages in the mitochondrial tree of the Funestus Subgroup; lin-
eage I, which only contains An. funestus, and lineage II, which contains 
An. funestus as well as other species in the subgroup (28–30). In these 
studies, the An. funestus samples in lineage II all originated from east 
Africa (Madagascar, Mozambique, Tanzania, and Zambia), and for all 
but one location, lineage I individuals were found sympatrically. We 
generated mitochondrial consensus sequences for our samples and 
built a tree that included samples from these previous studies (29, 30). 
Roughly half of the South Mozambique cohort belongs to lineage II, 
and we found a small number (12 total) of individuals from other 
cohorts (GH-A, CD-H, UG, CD-K, TZ, and ZM) in this lineage. Within 
lineage I, two clusters have been identified, where cluster A contained 
individuals from Zambia, DRC, and Tanzania, where cluster B contained 
only individuals from Zambia (29). We observed clear geographic struc-
ture between the clusters, consistent with the most pronounced struc-
ture in the analysis of the nuclear genome, where the vast majority of 
samples from the North Ghana, South Benin and Equatorial cohorts 
belong to cluster B, whereas the vast majority of samples from the 
Central and Southeastern cohorts belong to cluster A, and the South 
Mozambique cohort is relatively evenly split between lineage I cluster 
A and lineage II. However, the separation is not perfect, and we found 
eight samples from GH-N, GH-A, UG, and KE-N in cluster A and, vice 
versa, three samples from TZ and MW in cluster B. It is notable that 
we did not observe the split between lineage I and II samples from 
South Mozambique in the analysis of the nuclear genomic data, sug-
gesting that the mitochondrial and nuclear genome can have distinct 
evolutionary histories.

Although further sampling across the continent is needed, these 
results indicate that there is one genetically connected population of 
An. funestus across the equator, whereas other populations, both geo-
graphically proximal and distant to the Equatorial cohort, are much 
more genetically isolated.

Inversions
Chromosomal inversions can capture coadapted alleles and protect 
them from recombination (31). In the sliding window PCA, we found 
five large segregating inversions that drive population structure in their 
respective genomic regions, and after determining inversion break-
points, we identified these inversions as 2Ra, 2Rh, 3Ra, 3Rb, and 3La 
(Fig. 1D, fig. S1B, and table S2; supplementary text). We performed in 
silico karyotyping for all samples and all inversions using a sliding win-
dow PCA and aggregated PCA on each inversion region (Fig. 2, fig. S6, 
and table S1). Inversion frequencies vary greatly across the continent, 
and previous studies have linked inversions to behavior and ad-
aptation (12, 32, 33). Although Hardy-Weinberg equilibrium (HWE) 

D
ow

nloaded from
 https://w

w
w

.science.org on Septem
ber 19, 2025



Research Article

Science  18 September 2025 4 of 13

of inversion karyotypes is typically satisfied within PCA cohorts, there 
are a few exceptions where samples collected in different seasons do 
not satisfy HWE when grouped together. Changes in inversion frequen-
cies during the wet and dry seasons have previously been reported for 
An. funestus (34) as well as for the Gambiae Complex (35). For the 2Rh 
inversion, we observed a difference in heterozygosity between the ho-
mokaryotypes: 2Rh/h has lower heterozygosity than 2R+h/+h, hinting 
that the standard orientation is likely ancestral (fig. S7C). For the other 
inversions, we did not observe such a clear difference in heterozygosity 
between the homokaryotypes, possibly because these inversions are 
older or the signal is confounded by other factors, such as unequal 
inversion frequencies or geographical spread.

The sliding window PCA enables the investigation of local structure 
within the inversions. In the genomic regions where large inversions 
are segregating, PC1 captures a compound signal of inversion karyo-
type and population structure (Figs. 1D and 2 and figs. S6 and S7). Size, 
age, recombination rates, and demographic history of the inversion can 
all affect the relative strength of the inversion and population structure 
signals as well as the observed amount of genetic variation in the dif-
ferent inversion orientations (36). Although for most inversions, the 

relative strength of these two signals is constant for the entire inver-
sion (e.g., Fig. 2A), for 3La, the inversion signal decays in the middle 
(Fig. 2C and fig. S7B). This distinct pattern of 3La in comparison to 
that of the other inversions may have been driven by more frequent 
double recombination due to its large size or due to its age. Sliding 
window PCA revealed individuals with inversion karyotypes that are 
the product of double recombination in 3Rb and 3La (Fig. 2B and fig. S7, 
E and F). These double recombinants can be seen in the sliding window 
plots where individuals change karyotype trajectories for a part of the 
inversion region (Fig. 2B). Events like these move alleles from one karyo-
type into the other and are important for the spread of variants (37).

Consistent with Sharakhov et al. (19), we observed several overlap-
ping inversions on chromosome arm 2R: 2Ra and 2Rh, which occur in 
many cohorts, and 2Rt, which occurs only in the CM and CD-H cohorts 
(Fig. 1D and fig. S6). There are six possible combined karyotypes for 
2Rah, all resulting in distinct trajectories in the sliding window PCA 
(fig. S6, B and D). The relatively rare 2Rt inversion results in two ad-
ditional states in the region where it overlaps 2Ra (fig. S6, C and D). 
We believe that the 2Rt inversion only occurs in the heterozygous state 
in this dataset, firstly, because that results in a consistent interpretation 
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Fig. 2. Segregating inversions on chromosome 3. Sliding window PCAs (left) were computed on all samples except North Ghana. For visualization purposes, only a subset of 
samples is shown for each sliding window PCA. (A) (Left) Sliding window PCA showing CM (red) and MW (blue) samples on the 3Ra inversion region; window centers are plotted 
in mega–base pairs along the x axis, and PC1 values for each individual, along the y axis. The different karyotypes are visible as three different horizontal trajectories: from top to 
bottom, 3R+/+, 3Ra/+, and 3Ra/a. All three karyotypes are present in both cohorts, and because PC1 captures a signal that is a combination of the inversion and geographic 
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are the same as in (A) but for the 3La inversion.
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of the sliding window PCA trajectories of the combined 2Raht karyo-
types, and secondly, because the samples carrying 2Rt never interpolate 
between two groups of homozygotes but drive a PC by themselves. 
Assuming that this dataset does not contain individuals homozygous 
for the 2Rt inversion, both CM and CD-H are in HWE.

Signals of selection
To explore signals of selection, we computed H12 (38), a statistic that 
measures the haplotype homozygosity along the genome (Fig. 3A; 
Materials and methods). H12 quantifies excess homozygosity indica-
tive of hard or soft selective sweeps. We identified four regions that 
are putatively under very strong selection (H12 > 0.4) in at least 
two geographic cohorts (Fig. 3A, gray boxes); these regions are also 
visible as peaks in the sliding window PCA (Fig. 1D, circled regions). 
All four H12 peaks are centered on known insecticide resistance genes 
that are important in many insect species (Gste2, Gaba, Cyp6p, and 
Cyp9k1) (39).

The H12 peak on chromosome arm 2L—observed in BJ, GH-A, NG, 
and CD-K—is centered on a cluster of seven glutathione S-transferase 
(Gste) genes. The nonsynonymous L119F mutation in Gste2 is impor-
tant in both DDT and pyrethroid resistance in An. funestus (25). We 
observed this mutation across the continent, at low frequencies in the 
east and at particularly high frequencies in the aforementioned 
cohorts, being nearly fixed in BJ (Fig. 3, A, D, and F, and table S3). Most 
individuals from BJ, GH-A, and NG with the L119F mutation share the 
same haplotype in the Gste region, whereas in CD-K, the L119F muta-
tion is found on a different haplotypic background (Fig. 3D and fig. 
S8A), suggesting two distinct selective sweeps rather than the spread 
of a single resistance mutation.

The H12 peak on chromosome arm 3R in GH-A and NG is centered 
on the γ-aminobutyric acid receptor subunit β (Gaba) gene (Fig. 3A 
and table S3). In many species, a mutation at one amino acid residue 
in Gaba confers dieldrin resistance, hence it being named the resis-
tance to dieldrin (rdl) mutation (40). The A296S rdl mutation in An. 
funestus has previously been detected at high frequency in Central 
and Western Africa (41). The same A296S mutation is found here in 
10 geographic cohorts, predominantly on two distinct swept haplotypic 
backgrounds that occur sympatrically in GH-A and NG (Fig. 3, E and 
G), but also spread throughout the continent at low frequency.

The other strong H12 peaks occurring in multiple cohorts include 
two other well-studied insecticide resistance loci, rp1 and Cyp9k1. 
There are also strong H12 peaks that are only found in a single cohort 
each (TZ and CM), including a clear sweep on the well-studied knock-
down resistance (kdr) mutation at the voltage-gated sodium channel 
(vgsc) locus only in the Tanzanian samples. These samples were col-
lected from a region that has a DDT stockpile that was leaking into the 
environment for decades (42). These loci are all discussed in the sup-
plementary text and figs. S9 and S10.

Some of the strongest selective pressures observed in this species 
are driven by insecticides. Widespread use of synthetic insecticides be-
gan in Africa in the late 1940s with the advent of DDT (43, 44). To explore 
both when and where the mutations we observe arose, we sequenced 
75 historic mosquitoes labeled as An. funestus from two museum col-
lections (the Natural History Museum in London and the Research 
Institute for Development in Montpellier) spanning 1927 to 1973 (fig. S11 
and table S4; materials and methods) (45). On the basis of mitochon-
drial and nuclear sequencing data, only 45 of these (spanning 1927 to 
1967) were determined to be An. funestus s.s. (table S4). These 45 sam-
ples originated from nine countries and clustered together with the 
Equatorial and Southeastern PCA cohorts, which was expected based 
on their origins (fig. S11C). We integrated the historic data into the 
sliding window PCA, which showed that most of the genome in historic 
samples followed their present-day cohorts well, suggesting that pop
ulation structure has been relatively stable over the past century 
[fig. S11D; see (24) for interactive plots]. Nine historic samples follow 

the trajectory of South Benin in the divergence peak in chromosome 
arm 3R, and the alleles observed in the historic samples are highly simi-
lar to those found in modern-day South Benin (fig. S12). As previously 
mentioned, there is exceptionally strong DDT resistance in South 
Benin (46), but it remains to be determined what this allele, which is 
presently found only in South Benin, was associated with in these 
historic populations.

Emerging DDT resistance was phenotypically detected in An. funestus 
in the late 1950s (47); however, we did not find any evidence of muta-
tions now associated with DDT resistance in our 45 historic individu-
als, including L119F in Gste and kdr in vgsc (table S4). We suspect that 
if the kdr mutation conferred resistance to DDT 60 years ago, then it 
would have been rapidly reselected when pyrethroid-treated bed nets 
were distributed at scale. Historic genomes also do not have evidence 
of insecticide resistance mutations at rp1 or Cyp9k1 (table S4), suggest-
ing that selection pressures on these genes are more recent. However, 
we found that six individuals from the 1960s, the time when dieldrin 
resistance in An. funestus was first reported (47, 48), follow the PC1 
trajectory of present-day resistant populations that carry the rdl A296S 
mutation (Fig. 3B and fig. S11D), and indeed, each of those individuals 
carry the mutation in a heterozygous or homozygous state. Gaba might 
act as a secondary target for pyrethroids (49), which could explain the 
persistence of rdl in modern populations. Dieldrin, like DDT, is a per-
sistent organic pollutant and has stockpiles across Africa. Perhaps 
leaking dieldrin stockpiles continue to exert selective pressure on 
modern populations, or unregulated usage continues in some areas. 
Undoubtedly, these long-lasting insecticides that are stored in poor 
conditions in many locations across Africa are complicating resistance 
management and vector control (50).

Today, although we observe that both the L119F mutation in Gste2 
and the rdl mutation in Gaba are on haplotypes undergoing selective 
sweeps in west and central Africa, they are also found scattered across 
the continent at lower frequencies (Fig. 3, D to G). This may hint that 
historic selection for these mutations was relaxed during the period 
of the 1970s to 1990s, when DDT and dieldrin usage declined, but these 
mutations may have remained at low frequencies, preadapting the 
species to rapidly evolve resistance to pyrethroids when those came 
into common usage in the 2000s.

Gene drive
The use of gene drive to eliminate or modify malaria vector species 
holds great promise as a targeted malaria vector control strategy (51). 
Knowledge of genetic variation and structure throughout the species 
range is important to both assess the likelihood of geographical spread 
and to identify candidate targets for CRISPR-Cas9 gene drive, given 
that polymorphism within target sites affects gene drive efficacy (16). 
Suppression based gene drive targeting the doublesex (dsx) gene has 
already been developed and successfully tested in the laboratory and 
large cage settings for An. gambiae (52, 53). Approaches developed for An. 
gambiae should be technically sound for An. funestus, but population 
structure and levels of genetic diversity will differ between these species.

In this work, we evaluated potential target sites within coding sequence 
for An. funestus. Gene drive targets were identified as 20-bp sequences 
located entirely within coding sequence, containing the protospacer 
adjacent motif (PAM). In total, we identified 2,349,313 target sites in 
11,086 genes based on the reference genome. However, only 30,459 
sites in 3927 genes remained after excluding targets with variation in 
any subset_2 individual. In comparing target site availability in An. 
funestus to An. gambiae, we found that An. gambiae has more avail-
able targets based on the reference genome alone (2,718,188), but the 
decay in number of targets as we consider variation in cumulatively 
more individuals is similar to that of An. funestus (Fig. 4A; supplemen-
tary text). We also specifically explored the dsx gene drive target re
gion in An. funestus, finding that the reference genomes (AgamP4 
and AfunGA1) differ at one site (Fig. 4B) and that this site also harbors 
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Fig. 3. Selection sweeps and known insecticide resistance variants in Gste2 and Gaba. (A) Genome-wide H12 scans for signals of recent selection. H12 values range from 0 to 1, with 
higher values indicating excessive haplotype sharing, which is a signature of recent selection. North Ghana was excluded owing to elevated runs of homozygosity, which adds noise and makes 
H12 values unreliable for detecting genuine selection signals. The y axis runs from 0 to 1 for each cohort, and the x axis shows positions along the genome. Peaks of H12 values ≥0.4 are 
highlighted with a gray vertical bar; for peaks where only one cohort reaches this threshold, the bar is restricted to this cohort. (B) Sliding window PCA computed on modern samples 
and historic samples combined, excluding North Ghana. For visualization purposes, only present-day Equatorial and South Benin cohorts and the historic Equatorial cohort are shown (for full 
sliding window PCA, see fig. S11D), and the plot is restricted to a 20-Mbp region around the Gste2 gene. a 20-Mbp region around the Gste2 gene. Present-day samples show a 
peak in the Gste2 region (indicated by black ellipse), which is likely a signal of selection, whereas historic samples (shown in black) do not exhibit this signal. (C) Sliding window 
PCA computed and samples subsetted as in (B), here showing a 20-Mbp region around the Gaba gene. Several historic samples follow the peak seen in present-day samples at the 
Gaba locus. (D) Haplotype clustering within a region containing seven Gste genes. The dendrogram was obtained by hierarchical clustering of phased haplotypes and used to 
define haplotype clusters as groups of haplotypes with SNP divergence <0.0005 (cutoff indicated as dashed horizontal line on the dendrogram). The first bar below the dendrogram 
shows the population of origin for each haplotype, the second bar shows the genotype for the known Gste2 Leu119Phe (L119F) mutation (note that this mutation was filtered out 
before haplotype phasing, so each haplotype is colored by the genotype of the individual it belongs to; fig. S8A and table S3). (E) Haplotype clustering within the Gaba gene. 
Same structure as in (D), with the red bar showing the genotype for the rdl Ala296Ser (A296S) variant (fig. S8B and table S3). (F) Maps showcasing the frequency of the L119F 
mutation in present-day (above) and historic (below) sample sets. (G) Maps showcasing the frequency of the rdl A296S mutation in present-day (above) and historic (below) 
sample sets. Single-letter abbreviations for the amino acid residues referenced throughout this paper are as follows: L, Leu; F, Phe; A, Ala; S, Ser.
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a SNP in two individuals among all our newly sequenced An. funestus. 
The alternative allele found in these two individuals is the An. gambiae 
reference allele. Altogether, this bodes well for using the same population 
suppression gene drive approach in An. funestus, as is underway for 
An. gambiae.

Discussion
Even if the Gambiae Complex disappeared today, malaria will still rage 
through Africa until An. funestus is also effectively targeted. The greater 
understanding of the high levels of genetic diversity and the complex 
population structure of An. funestus presented in this study will under-
pin smarter surveillance and targeted vector control (3, 54, 55). More 
than 4000 km separates the sampling sites of the Equatorial cohort (from 
Ghana Ashanti to Western Kenya), yet populations from across that range 
are genetically connected, whereas much geographically closer popula-
tions, such as South Benin and North Ghana, are genetically distinct 
(Fig. 4C). Some of this structure may originate from geographic discon-
tinuities, such as the Congo basin rainforest and the Rift valley; some may 

originate from differences in climate and rainfall (56); and some may be 
due to local adaptation that we do not fully understand. Small et al. (23) 
predicted that other ecotypes are likely to be found as genomic investiga-
tions into the species proceed (57, 58), and we argue that both South 
Benin and North Ghana may provide two more examples. The exis-
tence of these ecotypes near the Equatorial population, which ranges 
across a vast area, highlights the complexity of population structure in 
An. funestus. This complexity together with the high genetic diversity 
of the species suggests that a one-size-fits-all approach to An. funestus 
vector control may be ineffective.

The observations in this dataset regarding insecticide resistance fur-
ther underscore the need to consider locally tailored control strategies. 
We identified strong selective sweeps centered on known insecticide 
resistance genes, where the same mutations tend to confer resistance 
and be under selection in a wide range of insects (39) as well as in An. 
gambiae (59). However, these shared mutations clearly sometimes 
occur independently on multiple distinct haplotypic backgrounds, 
suggesting that An. funestus populations may not be mutation limited. 
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in the intronic region. Variant 1 was found at very low frequencies in two cohorts from this study, variant 2 was found at low to intermediate frequencies in four cohorts of  
An. gambiae and An. coluzzii, and variant 3 was found at very low frequency in one cohort of An. gambiae (see supplementary materials). (C) Map showing FST for neighboring 
populations. FST was calculated on all accessible sites on the 2L chromosome arm. FST > 0.01 lines are dotted and become thicker as FST becomes higher. The background of the 
map is colored by the Köppen-Geiger climate classification, adapted from Beck et al. (56).
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This convergent evolution of resistance mechanisms highlights the 
adaptability of these vector populations and emphasizes the need for 
tailored interventions that consider local genetic backgrounds and 
resistance profiles (60). Insecticide resistance in An. funestus results 
from a complex interplay between convergent evolution, sharing of 
resistance alleles between populations, and changing selective pres-
sures in space and time and calls for the continued monitoring of 
resistance alleles alongside the development and deployment of newly 
identified insecticides or alternative control strategies (61). Population 
suppression or modification gene drives are a promising alternative 
to insecticide-based control, and we identified a comparable number 
of candidate gene drive targets in An. funestus as in An. gambiae and 
An. coluzzii. Although extremely low levels of natural variation across 
the full species range at one of the most promising targets (dsx) is en-
couraging, gene drive release for An. funestus will need to account for 
the greater complexity of the species’ population structure observed 
in this work than was previously appreciated.

A comprehensive understanding of gene flow within and between 
each of the major malaria vector species is critical for implementing 
effective malaria control, whether that be through gene drive release or 
successful insecticide use and resistance management. This work rep-
resents the first step in generating a foundational genomic understand-
ing of An. funestus akin to what is available for the other major malaria 
vector species in Africa (16, 62). Population genomic data resources 
are increasingly critical for informing vector control and are needed 
to underpin both technical strategies and global health policies. 
Further studies will need to focus on increased spatiotemporal sam-
pling across the full species range. The complex patterns of population 
connectivity revealed in this study show that population differentia-
tion occurs at wildly different spatial scales, with some geographically 
restricted ecotypes but also some extremely widespread forms. This 
kind of variable structure will impact both insecticide resistance and 
gene drive, influencing the rate and success of spread. This clearer un-
derstanding of structure should be incorporated into models to guide 
the challenge of gene drive release strategies. This challenge will be 
difficult owing to the complex social setting. For example, more exten-
sive sampling across West Africa could reveal the range of the new puta-
tive ecotypes identified in this work. If they turn out to be geographically 
restricted and continue to look genetically differentiated, then they 
may be excellent candidates for the first releases of gene drive, as they 
would be less likely to spread into neighboring countries than, for 
example, a gene drive release in a genetic background that was clearly 
compatible with the Equatorial cohort. This is one theoretical example 
of the value of increased spatiotemporal sampling. In general, more 
data are needed to monitor and respond to both insecticide resistance 
and, when it arises, gene drive resistance. Beyond these important vec-
tor control motivations, increased spatiotemporal sampling will also 
enable the exploration of ecologically notable patterns, such as sea-
sonal changes in inversion frequencies and the range and persistence 
of ecotypes. To link the variable genotypes observed in this study with 
functional changes or other adaptation, phenotypic data should rou-
tinely be included in collections conducted as part of vector surveillance. 
Beyond increased spatiotemporal sampling, long-read sequencing of 
ecotypes and resistance alleles will enhance our understanding of gene 
flow in this major malaria vector.

Materials and methods
Population sampling
In 2017, we circulated an open call to vector biologists working in Africa 
to establish a baseline understanding of genomic diversity and popula-
tion structure in Anopheles funestus. We received mosquito carcases 
or DNA collected from 13 countries between 2014 and 2018 (Fig. 1A 
and table S1). Specimens were collected indoors and outdoors using a 
variety of methods (human landing catch, pyrethroid spraying, manual 
aspiration, CDC light traps, and larval dipping followed by rearing to 

adulthood) and most were stored on silica gel after collection. Specimens 
were morphologically identified by collectors as An. funestus. The 
majority of specimens are females and comprise whole mosquitoes, 
but the dataset includes a small number of males and partial speci-
mens (e.g., head/thorax or abdomen only). No phenotypic characteri-
sation (e.g., bioassay outcomes, inversion karyotypes) was carried out 
on the specimens.

Additionally, a total of 75 dry pinned or ethanol stored historic 
specimens were selected from the anopheline collections at the London 
Natural History Museum (NHMUK) and Institut de Recherche pour 
le Développement in Montpellier (IRDFR) (table S4). These samples 
were collected from 10 countries between 1927 and 1973 (fig. S11C). 
Most samples were labeled as An. funestus, however 30 turned out to be 
An. leesoni, An. rivulorum, and another unknown Rivulorum Subgroup 
species, as observed from mitochondrial DNA ML tree clustering with 
previously published full Anopheles mitogenomes (fig. S11E).

Whole-genome sequencing
Samples that arrived at the Wellcome Sanger Institute as mosquitoes 
were typically non-destructively extracted using Buffer C (45) and the 
lysates were purified using Qiagen MinElute kits (table S1). A small 
number of samples were extracted with Buffers A or G (45). Samples 
provided by contributors as DNA had been previously extracted in a 
variety of ways including CTAB and Qiagen DNeasy kits. All DNAs 
were quantified using Quant-iT picogreen dsDNA assays (ThermoFisher 
Scientific) following manufacturer protocols. Every DNA extract was 
subjected to a species-diagnostic polymerase chain reaction (PCR) (63) 
and the majority showed the expected band size for An. funestus. A 
small number of samples were sequenced despite unclear results for 
the band-size based assay, but typically did not pass QC, as they turned 
out to be different species based on mitochondrial genome analysis 
(figs. S1A, S11E). Samples that had at least 70 ng of DNA were submit-
ted for standard library preparation, which included shearing to 450 bp 
using a Covaris LE220 instrument, purification by SPRIselect Beads 
on an Agilent Bravo WorkStation, library construction using a custom 
protocol for the NEBNext Ultra II DNA Library Prep Kit for Illumina 
on an Agilent Bravo Workstation, tagging with KAPA HiFi HotStart 
ReadyMix and custom Integrated DNA Technologies (IDT) primers 
with Illumina UDI 1-96 barcodes, library quantification by quantitative 
PCR (qPCR), and finally pooling libraries in equimolar amounts before 
sequencing (64). For more than 200 samples with < 30 ng of DNA, libraries 
were prepared using an established low input method designed for 
laser capture microdissection that uses the NEBNextUltra II Fragmentase 
System (65). If samples had between 30 and 70 ng of DNA, they went 
for one of these two library preparation methods (table S1). Each pool, 
containing on average 30 individual samples, was sequenced on three 
lanes of an Illumina HiSeq X10 platform using PE150 kits, aiming for 
30x coverage per individual.

Historic samples were extracted and sequenced following a previ-
ously described method (45). Briefly, samples were extracted with the 
same type of Buffer (mostly C, some A and G) but with shorter incubation 
times, and double-stranded library preparation was performed using 
the same NEBNext Ultra II DNA Library Prep Kit for Illumina with 
modifications to retrieve short and damaged DNA fragments. Libraries 
were then sequenced on an Illumina HiSeq or NovaSeq instrument 
using PE75 and PE150 kits.

Sequence data processing and variant calling
Alignment and genotyping was performed with the MalariaGEN align-
ment and genotyping pipelines with their default parameters (66, 67). 
For each sample, sequencing reads were aligned to the AfunGA1 refer-
ence genome (18) using bwa mem v0.7.15 (68) and all alignments were 
post-processed and combined across lanes with samtools v1.4.1 (69) 
and Picard v2.9.2 (70). PCR duplicates were marked with the biobam-
bam v2.0.73 (71) bammarkduplicates command. Reads were realigned 
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around indels with GATK v3.7.0 (72) IndelRealigner, with target inter-
vals generated for each sample separately. Variant calling was per-
formed using GATK v3.7-0 (72) UnifiedGenotyper with all possible 
substitutions across all non-N sites of the reference genome marked 
as–alleles. Resulting VCF files were converted to a zarr format using 
the scikit-allel v1.2.1 (73) vcf_to_zarr function. Links to raw sequenced 
library fasta files, mapped BAM files, and both variant call files (VCF, 
zarr) per sample are listed in table S1.

Historic samples were preprocessed with the ancient DNA pipeline 
EAGER v2.3.5 (74), which performs adapter trimming, merging of 
paired-end reads if there is a ≥11 bp overlap, alignment with bwa mem 
v0.7.17 (68), removal of PCR duplicates and unmapped reads. Variant 
calls are generated as above. All libraries show characteristics of ancient 
DNA, such as C>T 5′ and G>A 3′ substitutions and short reads without 
prior shearing, highlighting we are indeed generating data from old 
mosquito DNA (table S4).

Sample and population QC
All 838 modern sequenced samples underwent QC, which assessed 
median coverage, fraction of genome covered, divergence from the 
reference genome, estimated contamination percentage, sex determi-
nation, and replication likelihood. Any sample that failed to meet our 
specified parameter thresholds was excluded from further analysis. 
Sample failures appeared to be random, irrespective of DNA extrac-
tion type or library preparation method (table S1). The thresholds we 
used are: a minimum of 10x median coverage, at least 85% of the refer-
ence genome sites covered by at least 1 read, at most 4% divergence 
from the reference genome (computed as the fraction of non-reference 
alleles), a maximum of 4.5% estimated proportion of sites affected by 
cross-contamination, a ratio of modal coverage on the X chromosome 
to that on the 3RL chromosome of between 0.4 and 0.6 (male) or 
between 0.8 and 1.2 (female), and a genetic distance of at least 0.006 
between all pairs of individuals, to exclude excessively similar samples 
(fig. S1A; supplementary text). In total, 665 individuals (79%) passed 
the QC steps outlined above. Out of the 173 samples that were re-
moved, 36 fell outside the Funestus Subgroup mitochondrial hap-
logroup (fig. S11E).

After this per-individual QC, we performed QC on the dataset as a 
whole, to check for outliers and potential sample swaps. Dataset QC 
was performed on all samples passing the first QC step, using PCA 
of the 2L chromosomal arm, which in An. funestus does not contain 
any large, common chromosomal inversions (19). The identification 
of outliers within the dataset was based on their isolation from 
other samples in the first 11 principal components. Identified outliers 
were removed and the PCA was recomputed on the remaining samples, 
until no outliers were identified. We excluded nine samples in two 
rounds of PCA, resulting in a total of 656 samples remaining for 
further analysis (table S1).

Historic samples
Historic samples have varied, but generally low coverage and hence 
we relaxed the QC thresholds and only applied the divergence filter; 
we excluded 30 individuals with > 4% divergence from the reference 
genome and retained 45 (table S4). As a dataset QC substitute, we 
performed a PCA with historic and modern samples (fig. S11C); all 
individuals fell within the expected clusters.

Public Datasets
For analyses including publicly available samples from the Funestus 
Subgroup (30) and the Folonzo and Kiribina ecotypes (23), we aligned 
all samples from these studies to the AfunGA1 reference genome and 
performed variant calling and QC as described above. We compared gene 
drive target availability in An. funestus with 762 Gambiae Complex 
mosquitoes (16) and assessed variation in the dsx target in 3,081 indi-
viduals from the Gambiae Complex (75).

Site filters
Following QC, we implemented a site filtering procedure to address the 
inherent variation along the genome in our ability to confidently call 
genotypes. We computed various site statistics from the data of all 
females passing sample QC. We generated two distinct site filters, 
namely the static-cutoff (sc) and decision-tree (dt) filters (fig. S1, C and 
D, and table S2; Supplementary Text).

For most of our analyses we used the sc filter, which retains sites with 
mean genotype quality (GQ) of at least 80, mean mapping quality (MQ) 
of at least 50, and median genomic coverage of samples with data at 
the focal site between 30x and 40x (fig. S1C). Depending on the analy-
sis, further filtering based on the fraction of samples missing data was 
completed. These thresholds were chosen by considering the observed 
distributions of these statistics (fig. S1C).

For all haplotype-based analyses, we used the dt filter because we com-
pleted haplotype phasing using this filter. The decision tree was trained on 
15 lab colony crosses and approximately 2,000 wild-caught An. coluzzii 
and An. gambiae mosquitoes (76). Mendelian errors were computed 
for the colony crosses and split into training and validation data. The 
decision tree inputs were 15 site summary statistics computed on the 
wild-caught mosquitoes and the optimal tree was selected using the 
validation data. Because the decision tree takes only site summary 
statistics as input, the trained model can be applied to a different popu-
lation, a different species, or a different reference genome. We applied 
the trained model to the site summary statistics computed from all 
female samples passing QC to generate the dt site filter for An. funestus. 
It resulted in fewer variant sites than the sc filter, though overall con
cordance was high (fig. S1D and table S2).

Variant annotation
We extracted features from the AfunGA1 reference genome, using an-
notations from Vectorbase gff3 version 61 (77). Within each canonical 
coding sequence, we assess the effect of all possible SNPs, classify them 
as ‘synonymous’ or ‘non-synonymous’ mutations and record the amino 
acid changes for the latter category, using the CodonTable module in 
biopython (78). The AfunGA1 annotation gff3 file has not been manually 
curated, and we have noted some inaccuracies (supplementary text).

Haplotype phasing
We performed haplotype phasing on genomic sites that met three 
criteria: (i) they passed our dt site filtering process, (ii) were biallelic 
in our dataset, and (iii) contained the reference allele. To manage this 
large dataset, we first created interval tables for each chromosome, 
which defined intervals of 200,000 SNPs, with a 40,000 SNP overlap 
between adjacent intervals. We also incorporated a genetic map into 
the phasing process, which detailed recombination rates (2.0 cM/Mb 
for euchromatic and 0.5 cM/Mb for heterochromatic regions) inferred 
from average values in An. gambiae (16). The haplotype phasing pro-
cess was carried out using a specialized pipeline developed by the 
Broad Institute’s Data Engineering team (79), with computational tasks 
conducted on the Terra platform (80). We applied two phasing meth-
ods: read-backed phasing conducted with WhatsHap v1.0 (81) and 
statistical phasing carried out using SHAPEIT4 v4.2.1 (82), successfully 
phasing all 656 individuals that passed our sample and dataset QC.

CNV calling
In the 2RL:8.2-9.8 Mbp region surrounding the rp1 locus, we con-
ducted copy number variation (CNV) analysis following the method 
described in Lucas et al. (83). Briefly, for each individual, we record read 
counts in 300 bp non-overlapping windows and normalize by the per-
individual mean number of reads in genome-wide autosomal 300 bp 
windows, stratified by the GC content. These normalized coverage values 
were used as the observations in a Gaussian Hidden Markov Model (HMM) 
with the copy number states as hidden variables. CNVs were defined 
as having at least five consecutive 300 bp windows with elevated 
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HMM-predicted copy number states. Using unique patterns of dis-
cordant read pairs and split reads at the CNV breakpoints, we manually 
characterized nine CNV alleles. We say an identified CNV allele is present 
in an individual if we find at least two supporting diagnostic reads.

Cohort definitions
For the 656 samples that passed all QC filtering we defined two sets 
of cohorts: geographic cohorts based on collection metadata, and PCA 
cohorts based on observed structure in PCA projections (Fig. 1 and 
table S1). Geographic cohorts were defined following the same strategy 
used in MalariaGEN Vector Observatory (84), where we use the coars-
est administrative subdivision within each country to assign samples 
to cohorts based on their collection location. We did not incorporate 
a time component in the cohort division, because its influence on the 
structure of this sampleset is vastly outweighed by the location com-
ponent and all samples were collected within four years of each other. 
The PCA cohorts were defined based on the structure observed in the 
PC projection of chromosome arm 2L (Fig. 1A). Each PCA cohort con-
tains one or multiple geographical cohorts in their entirety, with the 
exception of GH-N. In this case, nearly all (35/36) samples formed a sepa-
rate cluster on the PCA plot and were assigned to the PCA cohort North 
Ghana, while one sample clustered with the Equatorial PCA cohort and 
was not assigned to any PCA cohort. PCA cohorts were used in analyses 
where the advantage of a larger sample size outweighs the disadvan-
tage of reduced homogeneity within a cohort, e.g., analyses where 
cohorts are further divided by inversion karyotype.

Sample subsets
As a default, we perform analyses on all individuals that passed QC and 
refer to them as subset_1; if specific cohorts are excluded from subset_1, 
this is stated explicitly. We observed an excess of heterozygous calls in 
samples with median coverage below 20x and suspect this is a techni-
cal artefact (Fig. 1B and fig. S2A). Analyses that estimate genetic di-
versity, e.g., nucleotide diversity, are sensitive to samples with outlier 
heterozygosity, so these analyses were performed only on individuals 
with median coverage ≥20x (619 samples), referred to as subset_2. Some 
analyses (e.g., Tajima’s D) are additionally affected by cohort sizes. For 
those analyses, we select 30 samples from each geographic cohort with 
median coverage ≥20x and the lowest contamination estimates. These 
390 samples are referred to as subset_3. Four geographic cohorts (CF, 
KE-W, TZ, MW), have fewer than 30 samples and are thus not repre-
sented in subset_3.

Population genetic and selection analysis
Most analyses were performed within the MalariaGEN computational 
environment using scikit-allel v1.3.5-8 (73) functions. Analyses were 
performed using the sc filter, unless stated otherwise. Maps were gen-
erated with SciTools/cartopy v0.22.0 (85), and other plots were gener-
ated with matplotlib (86).

PCA
PCAs were computed using the pca function on a random sample of 
typically 200,000 biallelic sites within the specified region, with a 
minor allele frequency ≥0.01 and less than 5% of samples with missing 
genotype calls.

The sliding window PCA [inspired by (87)] uses the pca function 
within windows of 5,000 variants, moving with 1,000 variant steps. 
We selected nearly-biallelic variants (defined as having second minor 
allele frequency ≤0.001) with a minor allele frequency ≥0.02, allowing 
for at most 10% of samples with missing data, and downsampled to 
an average of 5,000 variants per Mbp. This subsetting of variants was 
necessary to include sufficient sites along the genome. Continuity be-
tween windows is ensured by minimizing the absolute distance of PC1 
values between the focal and preceding window, flipping the PC1 axis 
if required.

For PCAs including historic samples, we excluded C>T and G>A substitu-
tions from our variant selection to avoid confounding signals from DNA 
deamination. This correction was not implemented for the sliding win-
dow PCA, because it would substantially increase the computation time.

ADMIXTURE
We ran ADMIXTURE v1.3.0 (88) on 50,000 accessible (sc-filter) bial-
lelic variants on the 2L chromosome arm with minor allele frequency 
≥0.01, at most 0.1% missing genotype calls and including the reference 
allele. We selected three different sets of variants and ran ADMIXTURE 
with three different seeds for each set, with K ranging from 2 to 10. 
The violin plot was produced with seaborn 0.13.2 (89).

Nucleotide diversity, Watterson θ estimator, and Tajima’s D
We estimated nucleotide diversity (π) as the mean pairwise differences 
for subset_2 individuals in each geographic cohort using the mean_
pairwise_difference function. We split the genome into non-overlapping 
windows of 20,000 accessible sites with genotype calls for ≥90% of 
samples in each cohort and averaged the values within each window. 
Tajima’s D is affected by sample size and smaller cohorts tend to have 
higher (less negative) Tajima’s D values (data not shown). We parti-
tioned the genome into windows as above, but using individuals from 
subset_3, ran the tajima_D function and averaged the values within 
each window. Watterson’s theta can also be affected by sample size, so 
we counted the number of segregating sites amongst individuals from 
subset_3 using the count_segregating function in 100 kbp non-
overlapping windows and divided by the number of sites and the 60th 
harmonic number (in subset_3 all cohorts contain 30 individuals, so 
60 haplotypes) to obtain the Watterson θestimator per site.

FST

We followed Hudson’s method (90) to estimate pairwise FST values. 
We computed FST using the hudson_fst function, which gives the nu-
merator (number of differences between cohorts minus number of 
differences within cohorts) and denominator (number of differences 
between cohorts) for each site (for non-variable sites both are equal to 
0 and hence the FST value for these sites is undefined). As per recom-
mendation (91), we reported the “ratio of averages” per chromosomal 
arm (mean of numerators divided by the mean of denominators).

Isolation by distance
Genetic distance between geographic cohorts (where individuals of 
each ecotype from Burkina Faso (23) were grouped together into one 
geographic cohort) was computed as FST / (1 - FST) on chromosome arm 
2L, including subset_2 individuals. Geographic distance between co-
horts was computed as the great circle distance (in km) between the 
mean latitude and longitude of the individuals in the cohort and trans-
formed by the natural logarithm. These transformations ensure an 
expected linear relationship between genetic and geographic distance 
under the island model in two dimensions (92). Linear regression 
between genetic and geographic distances was performed using the 
LinearRegression() function from scikit-learn v1.6.1 (93), which also 
reports the determinant of correlation R2.

Heterozygous sites and ROH
We used the count_het function to count the number of heterozy-
gous sites for every individual. We computed ROH only for females 
(21 males excluded) on genomic sites that passed the dt-filter using 
the roh_mhmm function with min_roh=100000 and default param-
eters otherwise. This function utilizes a multimodal hidden Markov 
model (MHMM) to estimate the positions and lengths of ROH.

Doubletons
We identified doubletons as alleles at accessible sites occurring exactly 
twice in subset_3 using the count_alleles function. We then identified 
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the number of doubletons shared within and between all geographic 
cohorts. Some of these doubletons (around 16% in An. gambiae) will be 
caused by recurrent mutations and thus not have shared ancestry (94).

In silico inversion karyotyping
Initial karyotyping was performed by identifying two horizontal 
thresholds in the sliding window PCA, partitioning the samples into 
three groups. To account for the effect of geographic structure, we used 
two different sets of thresholds. We determined the standard orienta-
tion by incorporating AfunGA1 as a fully homozygous sample, repre-
senting the 2R+t+ah, 3Rab, 3La orientation. We checked the results 
by computing PCA on the entire inversion region and assess whether 
samples clustered by karyotype; by this procedure we assigned karyo-
types for GH-N, which is not included in the sliding window PCA, for 
all inversions except 3La.

Mitochondrial tree
We extracted reads mapping to scaffold_MT of AfunGA1 into separate 
BAM files and used bcftools 1.10.2 (69) mpileup to create consensus 
mitochondrial sequences for each sample. Together with publicly available 
Funestus Subgroup and sister species mitochondrial sequences (29, 30) 
(table S1), we created a maximum likelihood tree using MAFFT v7.520 
(95) and FastTree v2.1.11 (96), and visualized it using TreeViewer v2.2.0 (97).

Garud’s H12 scan, haplotype trees, and variants potentially 
under selection
We conducted Garud's H12 scans (38) using the moving_garud_h func-
tion with cohort-specific window sizes (table S2). H12 was performed 
on sites passing the dt-filter. H12 scans were not presented for GH-N 
due to a high noise-to-signal ratio caused by a high number of ROH. 
For regions with H12 ≥ 0.4, we defined a peak as a 0.2 Mbp region cen-
tered on the highest value. Next, we calculated SNP allele frequencies 
for all non-synonymous variants (without site filter) for each gene in 
this region with minor allele frequency ≥ 0.055 using the snp_allele_
frequencies function (table S3). Within the peaks, we identified genes 
or gene families likely to be under selection and constructed haplotype 
trees using the plot_haplotype_clustering function.

For historic samples, the genotype at potential insecticide resistance 
mutations was confirmed in IGV v.2.17.1 (98), as DNA deamination can 
be erroneously called as variants, especially at low coverage.

Gene drive targets
We identified gene drive targets in the reference genome as 20 bp 
sequences entirely within coding sequence, (using Vectorbase gff ver-
sion 65 (77)) containing the protospacer adjacent motif (ending in -GG 
on the + strand or starting with CC- on the - strand). To account for 
resistance due to natural variation at the target site, we eliminated all 
gene drive targets that contained any variants in the group of samples 
under consideration (from subset_2).

Doublesex
The doublesex (dsx) target site is found at 2R:48,714,637-659 in AgamP4 
and at 2RL:15,613,532-554 in AfunGA1. We searched for any variants at 
these sites in 3,081 Gambiae Complex individuals (75) and An. funestus 
subset_1 individuals.
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