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In brief
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existing haplotype of 84 variants over

6,700 years ago in the Western Steppe.

Positive selection drove it to high

frequency, resulting in a variant of

present-day medical importance.
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SUMMARY

The chemokine receptor variant CCR5delta32 is linked to HIV-1 resistance and other conditions. Its evolu

tionary history and allele frequency (10%–16%) in European populations have been extensively debated. 

We provide a detailed perspective of the evolutionary history of the deletion through time and space. We 

discovered that the CCR5delta32 allele arose on a pre-existing haplotype consisting of 84 variants. Using 

this information, we developed a haplotype-aware probabilistic model to screen 934 low-coverage ancient 

genomes and traced the origin of the CCR5delta32 deletion to at least 6,700 years before the present (BP) 

in the Western Eurasian Steppe region. Furthermore, we present strong evidence for positive selection acting 

upon the CCR5delta32 haplotype between 8,000 and 2,000 years BP in Western Eurasia and show that the 

presence of the haplotype in Latin America can be explained by post-Columbian genetic exchanges. Finally, 

we point to complex CCR5delta32 genotype-haplotype-phenotype relationships, which demand consider

ation when targeting the CCR5 receptor for therapeutic strategies.

INTRODUCTION

Humans have been exposed to pathogens over the course of our 

evolutionary history, and adaptations to them have left numerous 

signatures in our genomes.1–3 In recent years, evidence for se

lection has been found in genes involved in the development of 

tolerance against intracellular pathogens and in the inflammatory 

response against extracellular microbes.4–6 These include, for 

example, the Toll-like receptor (TLR)6-TLR1-TLR10 cluster of 

Toll-like receptors, which are crucial components of innate im

munity against pathogens, and were likely under positive selec

tion in anatomically modern humans after introgression from 

archaic hominin groups.7,8 More recently, Domı́nguez-Andrés 

et al.9 showed that alleles associated with cytokine profiles re

flecting immune tolerance were under selection during the tran

sition to farming in the Neolithic period, as sedentarism and pop

ulation density increased, enabling the development of pathogen 

reservoirs in newly domesticated animals.

Perhaps one of the most intensively debated immune-asso

ciated loci previously posited to have been under selection in 

humans is a 32-bp deletion (CCR5delta32, rs333), which in

troduces a premature stop codon in the C-C chemokine receptor 

5 gene (CCR5).10–17 CCR5 is a member of the G protein-coupled 

receptor family of proteins, and upon activation by the C-C 

chemokines, CCL3, CCL4, and CCL5, it plays a critical fun

ction in regulating the inflammatory response by facilitating 
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communication between immune cells and the environ

ment.18–20 Thus, CCR5 can act as a regulator of the host’s im

mune response. In 1996, CCR5 was identified as a necessary 

co-receptor for the macrophage-tropic HIV strains,21,22 and it 

was subsequently reported that CCR5delta32 could provide 

HIV-1 infection resistance to individuals carrying this allele in ho

mozygous form.23 CCR5 is now an important target in preventing 

and treating HIV infection, using various therapeutic strate

gies.24,25 As an example, a female patient with HIV-1 was 

recently potentially cured for both HIV-1 and acute myeloid leu

kemia through a CCR5delta32/delta32 haplo-cord transplant,26

a method that has successfully cured two similar cases using un

related donor stem cells with the same genetic modification.27,28

Besides the significant effect on HIV infection, the CCR5delta32 

allele has also been associated with other pathological conditions 

including infection by other viral organisms (such as SARS-CoV-2 

that causes COVID-19), immune-related diseases, neurological 

disorders, and various types of cancer.20,29–41 Together, these 

studies indicate that the CCR5delta32 allele is pleiotropic and 

can act as a modulator of a given phenotype expression, with 

both advantages and disadvantages, depending on the medical 

context. In this perspective, serious concerns have been raised 

by the scientific community about possible clinical side effects 

on the so-called ‘‘CCR5delta32’’ CRISPR babies, whose ge

nomes have been edited to confer lifetime HIV immunity.42–45

The evolutionary history of the CCR5delta32 deletion has been 

widely debated, with conflicting research results.10,12,13,15–17,46–54

Today, the CCR5delta32 allele frequency (AF) is between 0.10 

and 0.16 in Northern European populations and less than 

0.08 in Southern and South East Europe.12,55 Outside of Europe, 

the deletion is found only in populations with European 

ancestry.56–59 Past studies have estimated the age of the 

CCR5delta32 allele with divergent results ranging from ∼700 

and ∼3,400 to >5,000 years ago.10–12,15,17 Positive selection, 

negative selection, balancing selection, and genetic drift have 

each been proposed as an explanation for the distribution of pre

sent-day allele frequencies.10,12,13,15–17,46–54,60,61

The few studies conducted on the CCR5delta32 deletion 

in ancient individuals have been constrained by a limited 

geographic scope and small sample sizes, leading to the pos

sibility of biasing the results by familial relations. So far, the 

oldest CCRdelta32 alleles have been detected in a 4,900- 

year-old individual belonging to the Yamnaya culture62 and in 

several Swedish individuals dating to the Neolithic period 

(5,250–1,690 BCE).48 However, the latter study raised con

cerns about allelic dropout during the assaying process, which 

could lead to genotype misclassification. Two studies con

ducted on ancient genomes from individuals in central and 

northern Germany revealed no significant change in the fre

quency of the CCR5delta32 variant over the past millennium, 

including during the Black Death pandemic.46,49 In contrast, 

a study conducted in Poland reported a nearly doubled fre

quency of the CCR5delta32 variant from the late medieval 

period to the present day.63 Finally, a recent preprint by Le 

et al.61 used a single variant, suggested to tag the 

CCR5delta32 allele, to investigate 1,291 ancient samples 

with an in-solution capture of 1.2 million markers, finding no 

evidence of positive selection.

The emergence of paleogenomics has shed light on our under

standing of human population history, but evidence from large 

ancient genomic datasets has been missing in the debate on 

the CCR5delta32 allele. Due to the degraded nature of ancient 

DNA, ancient genomic datasets tend to be characterized by 

short-read lengths and postmortem DNA damage,64 impairing 

the ability to identify insertions or deletions (indels) like 

the CCR5delta32 deletion. Moreover, mapping efforts in the 

CCR5delta32 region are particularly challenging because the 

breakpoint’s flanking regions contain repeated sequences.

In this study, we trace the evolutionary trajectory of the 

CCR5delta32 deletion by analyzing 934 ancient and 2,504 pre

sent-day genomes. We discovered that the CCR5delta32 allele 

emerged on a pre-existing haplotype containing 84 variants, 

and this led us to develop a probabilistic model to detect the 

allele in low-coverage genomes. Applying our model to ancient 

genomes, we found evidence that the CCR5delta32 deletion 

likely originated more than 6,700 years ago in the Western 

Eurasian Steppe. Our results show that the allele underwent se

lection between 8,000 and 2,000 years before the present (BP) 

and later spread to Latin America through historical events 

such as the Columbian Exchange. This study offers the first 

comprehensive picture of the CCR5delta32 allele’s evolutionary 

history.

RESULTS

Identification of three CCR5 haplotypes in Europe

By re-analyzing the European individuals from the 1000 Ge

nomes Project Phase 3 (1KGP3)65 data, we discovered that the 

CCR5delta32 allele was located on a haplotype with up to 107 

variants in high linkage disequilibrium (LD): r2 > 0.8 (for details 

see Table S1). The longest haplotype was identified in the Finnish 

in Finland (FIN) population, spanning 107 variants including 76 

variants with r2 = 1. We note that 86 of the 107 variants were 

also found to be in high LD in the CEU panel (Utah residents 

with ancestry from northern and western Europe), including 

two variants with r2 = 1 (rs113341849 and rs113010081) 

(Figure 1A). In contrast, in the Toscani in Italy (TSI, r2 > 0.8, 3 

SNPs), Iberian in Spain (IBS, r2 >0.8, 3 SNPs), and British in En

gland and Scotland (GBR, r2 >0.8, 2 SNPs) panels, we could only 

identify a few variants in high LD (Table S1). However, these var

iants were among those with highest LD (r2 > 0.9) to the deletion 

in the CEU population. We termed the CEU CCR5delta32 haplo

type ‘‘Haplotype A’’ (Figure 1A; Table S1) and identified it in all 

the 112 CCR5delta32 carriers of the 505 1KGP3 European indi

viduals (AF = 0.111), including three carriers with homologous re

combinants of the haplotype (Table S2).

Given the strong correlation between the deletion and the var

iants of Haplotype A in the CEU population, it was surprising 

that the LD was weaker in Southern and Western Europe 

(Figure S1A). Upon further analysis, we found that this weaker 

LD was due to the presence of additional haplotypes and multi

ple recombination events across the EUR populations beyond 

the CEU individuals. Specifically, we discovered an additional 

haplotype, ‘‘Haplotype B,’’ which shared 84 of 86 tag variants 

with Haplotype A but differed at two specific variants and lacked 

the CCR5delta32 deletion and the two SNPs in complete LD with 
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CCR5delta32 Haplotypes

EUR AMR CEU FIN GBR IBS TSI CLM MXL PEL PUR

Alleles 1010 704 198 198 184 214 216 188 134 172 210

The Haplotype A

109 21 21 31 26 17 14 7 6 2 6

Homologous recombinations of Haplotype A

1 1

1 2 1 1 1

1 1

1 1

The Haplotype B

6 17 1 3 2 5 2 8 2

Homologous recombinations of Haplotype B

5 15 1 3 1 1 5 9

2 2

5 1 3 1

The Haplotype C 

11 9 1 3 2 5 1 4 4

Homologous recombinations of Haplotype C

3 1 3 1

9 1 1 7

6 14 3 3 3 1 2 8

11 3 1 7

4 1 1 2

Between 12-4 SNPs 1 1 1 1

EUR AMR

CHRO 3
46275570 46461783

POS 46277577 46384204 46414943 46447972 46457412

Genes CCR3 CCR2 CCR5 CCRL2

Haplotype A 3 SNPs rs79815064 19 SNPs rs113341849 6 SNPs CCR5delta32 27 SNPs rs11574435 14 SNPs rs113010081 13 SNPs

REF A G T C T

ALT G A Delta32 T C

r2 0.8602 0.9027 0.8602 1 0.8602 0.8602 0.9027 0.8602 1 0.8602

Haplotype B 3 SNPs rs79815064 rs11574435

Haplotype C

52 SNPs 27 SNPs

82 SNPs

A

B

Figure 1. Schematic view of CCR5delta32 and the associated Haplotypes A, B, and C 

(A) Haplotype A consists of CCR5delta32 and 86 tag variants, including two SNPs with an r2 value of 1 (rs113341849 and rs113010081, green), two SNPs with an 

r2 value of 0.9027 (rs79815064 and rs1157443, pink), and 82 variants with an r2 value of 0.8602 (gray). All r2 values are related to the CEU population (Table S1A). 

The haplotype is located on chr3 3p21.31, spans > 0,19 Mb, and encompasses several genes: CCR3, CCR2, CCR5, and CCRL2. Detailed information on the 

genomic locations of the genes, CCR5delta32, and the 86 tag variants are provided in Figure S1B. 

(legend continued on next page) 
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the deletion in the CEU population (Figure 1A). We detected 

Haplotype B in 6 of the 505 1KGP3 European individuals (fre

quency = 0.006), with only one individual from the CEU popula

tion. Additionally, we identified a third haplotype, ‘‘Haplotype C,’’ 

which included 82 of the 84 tag SNPs from Haplotype B, found in 

10 European individuals (frequency = 0.01), again with only one 

individual from the CEU population. Beyond Haplotypes A, B, 

and C, we identified homologous recombinations and recurrent 

LD blocks involving Haplotypes A, B, and C, specifically restr

icted to the GRB, IBS, and TSI populations (frequency = 0.031) 

(Figure 1B; Table S2). These distinct haplotype patterns and 

recombination events likely explain the weaker LD of Haplotype 

A observed in Southern and Western Europe.

The three haplotypes span > 0.18 Mb (chromosome 3 

[chr3]:46275570–46461783), including several cytokine receptor 

genes such as C-C motif chemokine receptor 3, 2, and 5 (CCR3, 

CCR2, CCR5), and C-C chemokine receptor-like 2 (CCRL2) 

(Figure S1B). To understand the potential functional effect of 

the variants carried by these haplotypes, we used the Ensembl 

Variant Effect Predictor (VEP),66 and found that none of the tag 

SNPs could be annotated with clinical significance, as assigned 

by ClinVar.67 However, from the genome-wide association study 

(GWAS) catalog,68 the tag SNPs with r2 > 0.9 have been previ

ously associated with complex traits and diseases, such as insu

lin-dependent diabetes mellitus (IDDM), inflammatory bowel dis

ease (IBD), and Alzheimer’s disease (AD)69–71 (Table S1G). 

Querying the Phenoscanner database72,73 showed that 82 of 

the 86 tag variants of Haplotype A (including all the tag variants 

with r2 > 0.9) were linked to many of the same phenotypic traits 

that were already associated with CCR5delta32s’ multiple phe

notypes (Table S1H). Notably, as the CCR5delta32 deletion is 

not detectable in traditional SNP-based GWAS analyses, some 

of these GWAS associations might be caused by LD with the 

CCR5delta32 allele.

Local admixture analysis revealed the European origin 

of CCR5delta32

We then expanded the analysis to the entire 1KGP3 dataset65

(2,504 individuals from 26 populations), where we detected 35 in

dividuals having the CCR5delta32 deletion outside of the EUR 

superpopulation panel, primarily in populations that have Euro

pean ancestry (Table S2A). In Latin America, we could identify a 

homologous recombination of Haplotype A in two individuals 

from Colombian in Medellin (CLM) and Puerto Rican in Puerto 

Rico (PUR), which we also previously had detected in an individ

ual from Spain (Figure 1B). To further investigate local admixture 

around the CCR5delta32 locus, we applied HaploNet74 to all indi

viduals of the 1KGP3 (Figure 2A). Here, we found evidence of a 

European sequence segment in 138 out of 141 individuals who 

harbored at least one allele of the deletion, while the remaining 

three individuals from Punjabi in Lahore, Pakistan (PJL) carried 

insufficient European ancestry proportions for HaploNet to distin

guish fine-scale ancestry signals. Additionally, the complete 

Haplotype B (frequency = 0.024) and shorter homologous re

combinants (frequency = 0.031) (Figure 1B) were found in signif

icantly higher proportions in Latin Americans than in European 

populations (chi-squared test p = 0.002616 and 4.048e− 5, 

respectively). Likewise, we also observed the same pattern for 

homologous recombinants of Haplotype C (frequency = 0.057, 

chi-squared test p = 2.115e− 6) (Figure 1B). Among the 1,008 in

dividuals with African ancestry originating from the African conti

nent (excluding African ancestry in SW USA [ASW] and African 

Caribbean in Barbados [ACB]), we did not detect any of the three 

haplotypes. We did, however, identify precursor SNPs for Haplo

type C (Figure 2B). Out of the 82 variants of Haplotype C, 38 had a 

higher AF in the African population, compared with the European 

population (Figure S1C). Therefore, the increased AF of certain 

haplotype blocks in Latin American populations could be ex

plained by admixture with individuals of African ancestry.

Haplotype A originated from Haplotype B in Europe

In general, older haplotypes are expected to be both more 

frequent and more diverse, compared with younger haplotypes. 

However, positive selection can decouple the expected relation

ship between haplotype age, frequency, and diversity, leading 

to a young, high frequency haplotype with low levels of diver

sity.75,76 The presence of only four haplotype recombinants 

(HRs) of Haplotype A in the EUR population (Figure 1B), along 

with the high frequency of Haplotype A, indicates that this haplo

type is much younger than Haplotypes B and C and/or that the 

CCR5delta32 deletion may have been subject to selection favor

ing its spread within EUR populations. Hence, based on present- 

day data alone, this suggests that at some point in the history of 

present-day Europeans, the two variants rs113341849 and 

rs113010081 (both with r2 = 1) and the CCR5delta32 deletion 

emerged on Haplotype B, leading to Haplotype A, which is 

now present at substantial frequencies in present-day Euro

peans and in certain Latin American individuals, due to post- 

Columbian admixture (Figure 2B).

A probabilistic framework for calling the CCR5delta32 

allele in low-coverage aDNA genomes

To trace the evolution of the CCR5delta32 allele through time, we 

aimed at identifying ancient individuals carrying the deletion. To 

achieve this, we developed a haplotype-aware probabilistic 

model for indels (HAPI), which allowed us to identify the deletion 

in low-coverage ancient genomes (see STAR Methods). In HAPI, 

we utilized the information from the four tag SNPs having the 

highest pairwise LD with the CCR5delta32 deletion (r2 > 0.90, 

Table S1) as a prior for the presence of the deletion, and we 

modeled the information from the reads mapping to the CCR5 

deletion region in the form of a likelihood function. To mitigate 

reference bias and improve CCR5delta32 mapping detection, 

we used both the standard reference sequence (GRCh37) and 

a reference sequence where we added the deletion, hereinafter 

referred to as canonical and collapsed references, respectively. 

(B) Detailed mapping of Haplotypes A, B, and C and their homologous recombinations among the individuals from 1KGP EUR and AMR populations. The light- 

gray blocks indicate deviations from different combinations of haplotype blocks. In the Latin American population, a specific homologous recombination of 

Haplotype A was identified in two individuals from CLM and PUR, which had also been previously detected in an individual from Spain. 

See also Figure S1.
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The full HAPI model thus used information from both the reads 

aligning to the CCR5delta32 region (in both the canonical and 

collapsed references) and from the reads mapping to the top 

four tagging SNPs (HAPI with informed prior) (Figure 3A). In addi

tion to this, we also tested a HAPI model where we used only the 

information from the reads mapping to the deletion by using a uni

form prior for the genotype calls (HAPI with uniform prior). We first 

tested HAPI on 15 genotyped CCR5delta32 genomes from the 

1KGP3 and found that it correctly classified all of them (see 

STAR Methods). Since ancient genomes typically have much 

lower coverage, compared with modern genomes, we evaluated 

HAPI’s performance at low coverages by simulating a dataset 

containing 144 ancient genomes with coverages from 0.3× to 

10× (Figure S2A). First, we found that HAPI with the haplotype- 

informed prior performed better, compared with HAPI with the 

uniform prior, with an increase of Matthews correlation coeffi

cient (MCC) from 0.79 to 0.97 (Figure 3B; Table S3). We then 

benchmarked HAPI versus the commonly used Genome Analysis 

Toolkit (GATK) HaplotypeCaller77 and a graph-genome-based 

model variation graph (vg).78 Each of the methods classified 

different numbers of samples because of the inherent differences 

in how the algorithms work, which influence their capacity to 

resolve ambiguous deletion genotypes. This is particularly 

evident when information is insufficient, which leads the algo

rithms to assign evenly distributed probabilities (0.33) across all 

deletion genotypes (RR, RD, and DD, i.e., homozygous for the 

reference, heterozygous, or homozygous for the deletion), 

thereby failing to make confident classifications (Figure 3E). In 

particular, we found that HAPI could classify 129 genomes out 

of 144 with an MCC of 0.97, compared with only 79 by the 

GATK HaplotypeCaller (MCC 0.47), an increase in genomes 

recovered by 63% (Figures 3B–3E). In comparison to vg, which 

integrates genetic variations like the CCR5delta32 deletion into 

the genome graph, HAPI delivered superior results, as vg called 

CCR5delta32

rs79815064

rs113010081

rs11574435

rs113341849

r2

D’ 

Correlation

A

B

AFR
AMR
EAS
EUR
SAS

AFR
AMR

EUR

SAS

Chr 3 Chr 3p21.31 CCR5

CEU AMR AFR

Figure 2. CCR5delta32 locus and Haplotype A patterns of LD in different populations 

(A) Identification of a European CCR5delta32 locus in individuals with the deletion. Each line corresponds to a locus of an individual. The segments are colored 

according to HaploNet population estimation. From the HaploNet analysis, a European sequence segment was identified in 138 out of 141 1KG3 individuals, all 

genotyped with at least 1 allele of the deletion (Table S2). 

(B) Heatmap matrices of pairwise LD statistics from Haplotype A in the CEU, AMR, and AFR populations. The strong LD pattern from Haplotype A in the CEU 

population becomes weaker in Latin America, owing to the significantly higher homologous recombination rates we observe from Haplotypes B and C in Latin 

America. These higher recombination rates may be explained by post-Columbian admixture among three groups, i.e., African, European, and Native American, 

as the AFR populations also harbor precursor variations for Haplotype C. The r2 values are in shades of red, while the D′ values are in shades of blue. Darker values 

indicate a higher degree of pairwise LD. 

See also Figure S1.
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Figure 3. HAPI performances on simulated data 

(A) Schematic overview of the information used in HAPI and of the steps of benchmarking on simulated data, validation on 1KGP3 samples, and testing on ancient 

genomes. 

(B) Comparison of the performance of GATK HaplotypeCaller (gray), variation graph (vg) (blue), HAPI with uniform prior (yellow), and HAPI with informed prior 

(orange) in calling CCR5delta32 on 144 ancient simulated genomes. Performance is shown as MCC, using the simulated genomes called by each method across 

different coverages (0.3×–10×) and across all three deletion genotypes (RR, RD, and DD). 

(C) MCC performance in calling CCR5delta32 by sequencing coverage, across all three deletion genotypes (RR, RD, and DD). The number of samples called by 

each method is indicated by the number at the top of the bars. This is because MCC is calculated using called samples and not where the methods did not report a 

genotype. The performance should be assessed using both MCC and the number of samples called. 

(D) Performance shown as ROC-AUC using all simulated genomes stratified by CCR5delta32 genotype, across all coverages. HAPI provides a higher degree of 

reliability and accuracy in genotyping the deletion, compared with vg and GATK HaplotypeCaller. 

(E) Number of samples called (recovered) using GATK Haplotypecaller, vg, and HAPI (with informed prior). 

See also Figures S2 and S3.
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only 103 out of 144 samples with an MCC of 0.64. Therefore, HAPI 

was not only able to call more genomes, but it was also much 

more precise, compared with both GATK and vg. The increased 

performance was most pronounced for the subset of genomes 

that had coverages between 0.5× and 1×, where we found that 

HAPI could correctly classify 49 of 54 genomes (90%) 

(Figure 3C). For coverage at 0.3×, 8 of 18 genomes (33%) could 

be classified by HAPI. Across these very low-coverage genomes 

(≤1×) HAPI with informed prior had an MCC ≥ 0.84 (Figure 3C). 

On the contrary, GATK HaplotypeCaller and vg had problems 

when average genome coverage was below 2× and 1.5×, 

respectively (Figure 3C). Among the three deletion genotypes 

(RR, RD, and DD), the difference between the methods was 

even more pronounced for the RR and RD ones. Here, HAPI 

with informed prior had an average increase in performance in 

terms of ROC-AUC (receiver operating characteristic area under 

the curve) of 0.30 and 0.07, compared with GATK and vg, respec

tively (Figure 3D). For the DD genotype, the performance differ

ences between the methods were less pronounced (Figure 3D). 

However, it should be highlighted that the reported performances 

are calculated only from the classified samples, potentially exag

gerating the success of methods that leave more samples un

classified. Thus, a complete evaluation should weigh both classi

fication performance and the ability to retrieve a high number of 

samples. Considering both these aspects, our HAPI model was 

highly specific for identifying the CCR5delta32 allele, even in 

the heterozygous form and with as little as 0.3× coverage, in 

addition to being the model that could classify the most samples.

Applying HAPI to ancient dataset

We then applied HAPI to our extensive ancient DNA dataset, 

which consisted of 934 genomes79–82 from various regions across 

Eurasia, including a dense sampling collection in Northern Europe, 

specifically in Denmark (Table S4). The final dataset encompasses 

consecutive historical eras, ranging from the early Mesolithic and 

Neolithic periods to the Bronze Age and extending into the Viking 

Age. To take into account the complexity of the haplotype and the 

damaged nature of ancient DNA, we applied two curation steps to 

the results of the model: a ‘‘permissive filter’’ to reclassify ge

nomes that had artifacts typical of ancient DNA damage and a 

‘‘strict filter’’ to reclassify genomes that were likely harboring the 

Haplotype B (see STAR Methods). Across the ancient DNA data

set, we found that 418 genomes had at least one read mapping to 

the CCR5 region from either the canonical or collapsed reference 

and at least 6 bases overlapping the CCR5delta32 breakpoint (the 

geographical locations of these ancient genomes are provided in 

Figure S4A). Using this approach, we identified the CCR5delta32 

allele in 46 and 39 individuals using the permissive and strict filters, 

respectively (Figure 4; Table S5). From the Allentoft et al.79 dataset 

spanning the Mesolithic and Neolithic, 135 of the 317 genomes 

passed the inclusion criteria for HAPI (see STAR Methods). Among 

these Mesolithic and Neolithic samples, three individuals were 

identified with the deletion using the strict filter and eight individ

uals were classified with Haplotype B across the different output 

schemes from HAPI (Table S5). From the Botai dataset81 of the 

Early Bronze Age, a single genome was identified with the 

CCR5delta32 allele. Only 31 out of 101 genomes from the Bronze 

Age82 met the criteria for the analysis by HAPI, and although the 

sample pool was small, we detected one sample with the 

CCR5delta32 deletion, using the strict filter, and two samples car

rying Haplotype B (Table S5). From the Viking dataset,80 252 of 

442 genomes passed the HAPI inclusion criteria (Table S5). 

From these, 34 genomes were detected to have the CCR5delta32 

deletion with the strict filter (Haplotype A, AF = 0.067), and two ge

nomes were identified as having Haplotype B (AF = 0.003). 

Furthermore, we observed 22 genomes containing sections of 

Haplotype C (>20 proxy SNPs). To show temporal changes in 

CCR5delta32 AF in our whole ancient dataset, we calculated the 

derived allele frequencies (DAFs) for CCR5delta32 in 1,000-year 

bins, fitting binomial regressions and 95% confidence intervals 
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Figure 4. Geographical locations of the ancient genomes genotyped for the CCR5delta32 

Map of distribution of ancient genomes genotyped with the permissive filter applied to the HAPI output, faceted by four time periods and colored based on the 

absence (red) or presence (orange) of the CCR5delta32. Blue dots correspond to reclassified genomes, i.e., genomes that are classified as having the deletion in 

the permissive filter genotype call set but not having the deletion according after applying the strict filter. The affected genomes are NEO300, NEO590, NEO855, 

RISE509, VK316, and VK342; see Table S5. 

See also Figure S4.
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for each bin (Figure S5). A detailed view of the location of the 

ancient DNA genomes analyzed here is provided in Figures S4A 

and S4B and Table S5.

Geographic distribution of Haplotypes A, B, and C in 

Mesolithic and Neolithic Eurasia

In our dataset from the Mesolithic and Neolithic, the oldest 

known sample with the CCR5delta32 allele was identified at Pro

toka, Russia, dating back approximately 5,800 years (NEO309: 

5,824 calibrated years before the present [cal. BP]). For this sam

ple, we identified 3 reads covering the canonical reference 

sequence (GRCh37) and 2 reads covering the deletion in the 

collapsed reference, as well as 54 proxy SNPs linked to Haplo

type A, including 3 of the 4 highest-ranked tag SNPs utilized in 

the HAPI model. Another significant sample harboring the 

CCR5delta32 allele was discovered in Karagash, Kazakhstan, 

dating nearly 1,000 years younger (Yamnaya: 4,903 cal. BP). 

This genome had high coverage (26×), allowing us to identify 

all 86 tag SNPs associated with Haplotype A, as well as 14 reads 

covering the CCR5delta32 deletion. Owing to the extensive 

collection of ancient genomes from Danish individuals (>100 ge

nomes), we were able to identify the presence of a CCR5delta32 

allele (Haplotype A) in Denmark over 4,000 years ago (NEO878: 

4,038 cal. BP). We also detected the deletion in a Bronze Age 

skeleton from Hove Å (NEO946: 3,145 cal. BP) (Figures 4 and 

S4). For Haplotypes B and C, we found them to be widespread 

across Eurasia, with signal found in genomes predating Haplo

type A. For instance, we identified traces of Haplotype B in 

Ukraine (NEO300: 6,678 cal. BP), Sweden (NEO27: 9,693 cal. 

BP), and Portugal (NEO631: 7,135 cal. BP). The oldest evidence 

of Haplotype C was found in Russia, dating to 10,853 cal. BP 

(NEO202: 69/82 tag variants). Similarly, we identified a sample 

from northwest Spain (NEO646), dated to 8,274 cal. BP, with 

35 tag variants of Haplotype C. Together, these results indicate 

that despite a deep genetic divide between Western and Eastern 

Eurasian populations,79 both groups carried fragments of the 

three haplotypes (Figure S4B; data provided in Table S5).

Positive selection operated on CCR5delta32 from 8,000 

to 2,000 years BP

Based on these results, we aimed to model the spatiotemporal 

frequency dynamics of the CCR5delta32 allele across West 
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Figure 5. CCR5delta32 AF trajectory 

Maximum likelihood trajectory of the CCR5delta32 estimated using CLUES. 

(A) Results obtained using HAPI calls and using permissive filter. 

(B) Results obtained using HAPI calls and strict filter. The dots in each figure represent the age estimate of the variant either with or without conditioning on 

modern ascertainment. 

(C) Ancestry-specific trajectory analysis using modern DAF ascertainment and consensus calling of CCR5delta32 based on imputation of the four tag SNPs. 

(D) As (C), but without using modern DAF. The ancestries tested were ALL (population wide), Caucasus hunter-gatherer (CHG), Eastern hunter-gatherer (EHG), 

Western hunter-gatherer (WHG), and Anatolian Neolithic ancestry (ANA). The p values are the result of the CLUES selection test. 

See also Figures S5–S7.
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Eurasia to reconstruct the evolutionary history of this allele and 

to investigate the evidence in favor of positive selection at the 

locus. We used a modified version of CLUES83,84 to infer AF 

trajectories over time, using ancient genomes. In addition to 

our different genotype call sets (strict filter and permissive fil

ter), we evaluated the trajectories if conditioned on allele fre

quencies observed in present-day European populations 

(Figures 5A, 5B, and S6). Across these analyses, we observed 

a rapid rise in the CCR5delta32 frequency until 2,000 years 

BP, followed by a stabilization of the frequency until the pre

sent. When using the strict filter call set and modern ascertain

ment (Figures 5B and S6), however, we observed a very recent 

uptick in frequency. This was likely an artifact of under-calling 

the ancient genomes under this filtering scheme, causing the 

model to reach present-day frequencies very quickly. We 

found significant evidence for positive selection acting on 

the CCR5delta32 allele in the ancient past, using both strict 

and permissive filters against a neutral model (with p values 

of 1.7e− 4 and 2.5e− 3, respectively, Table S6). In addition, 

when conditioning on present-day frequency, we obtained 

even greater significance levels in favor of selection (with p 

values of 1.3e− 8 and 1.5e− 5 for strict and permissive filters, 

respectively. We estimated that a large selection coefficient 

(s > 0.01) better explained the initial AF rise. When using the 

strict filter calls, the coefficient was predicted to be larger 

(s = 0.033 with conditioning, s = 0.026 without conditioning) 

than when using the permissive filter deletion calls (s = 

0.021 with conditioning, s = 0.017 without conditioning). The 

posterior estimates for the age of the CCR5delta32 deletion 

from the CLUES analysis were between 8,988 and 6,748 years 

BP. To ensure that our methodology was not biased toward 

detecting positive selection, we repeated the analysis on dele

tions with characteristics similar to those of CCR5delta32. We 

scanned chr3 for a set of control deletions, which were not 

linked to any known phenotypic trait, and identified seven de

letions matching CCR5delta32 in length (32 ± 5 bp), minor AF 

(MAF = 0.1098 ± 0.02), and tag SNP number (ranging from 2 to 

203 tag SNPs at r2 > 0.8) within the 1KGP EUR superpopula

tion (Tables S7 and S8). We then repeated the HAPI and 

CLUES analysis for each of the control deletions and found 

that none had significant evidence of selection in any of the 

four models (minimum p = 0.17) (Figure 6). Taken together, 
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Figure 6. No evidence for selection using seven control deletions 

(A–D) AF trajectories for CCR5delta32 and seven randomly ascertained control deletions with similar characteristics to the CCR5delta32 deletion (chr3, 32 ± 5 bp 

in length and a MAF of 0.1098 ± 0.02) and in LD with variants exhibiting r2 > 0.8. We applied HAPI and CLUES as used for CCR5delta32 and found that none of the 

7 deletions showed evidence of selection (minimum p = 0.17). (A and B) Data from permissive filter, and (C and D) data from strict filter.
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these findings suggest that CCR5delta32 has been under pos

itive selection from approximately 8,000 to 2,000 years BP.

CCR5delta32 was positively selected in Eastern and 

Caucasus hunter-gatherers

Because our findings of selection could be confounded by 

admixture between ancient populations with different AFs fre

quencies, we performed an ancestry-stratified CLUES analysis 

using local ancestry tracts from Irving-Pease et al.84 We stratified 

the analysis by Western hunter-gatherers (WHGs), Caucasus 

hunter-gatherers (CHGs), Eastern hunter-gatherers (EHGs), 

and Anatolian Neolithic ancestry (ANA) ancestry tracts. We found 

that selection on CCR5delta32 was significant for the two 

ancestry paths contributing to the Steppe pastoralist expansion 

in the Early Bronze Age (Figures 5C and 5D; Table S6). Specif

ically, EHG was significant both when conditioning with (p = 

3.2e− 8) and without modern-day AF (p = 4.9e− 3), and CHG 

was significant when conditioning on modern-day AF (p = 

1.4e− 3). These results indicate that positive selection for the 

CCR5delta32 allele likely began in the EHG and CHG 

populations.

Spatiotemporal AF dynamics

To investigate the spread of the allele, we fitted a two-dimen

sional diffusion-advection method that integrates present-day 

and ancient human genomes to infer AF dynamics across space 

and time.85 The method infers parameters associated with how 

fast the allele spreads across the landscape and how fast it in

creases in frequency locally due to positive selection. It also es

timates the likely geographic origin of the allele, given the data. 

Because the CLUES analysis indicated that the AF dynamics 

changed before and after 2,000 years BP, we partitioned our 

spatial inference framework into these two periods, allowing 

the method to find two separate selection coefficients and diffu

sion parameters for each period. For the permissive filter, we 

estimated s = 0.0753 before 2,000 years BP and s = 0.0003 after 

2,000 years BP. For the strict filter, the corresponding selection 

coefficients were s = 0.098 before 2,000 years BP and s = 0.0005 

after 2,000 years BP. The selection coefficient estimates were 

higher using the strict filter compared with the permissive filter, 

likely due to the younger allele age estimate (Figure 7B; 

Table S7). We inferred the allele’s origin to be in the Western 

Eurasian Steppe region, using both filtering schemes, with the 
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Figure 7. CCR5delta32 AF dynamics across West Eurasia 

(A) Spatial AF dynamics inferred by the diffusion-advection method. Left: permissive filter, right: strict filter. The green and red dots are genomes containing the 

deletions that are at least as old as the year indicated in each corresponding time slice. The light blue dot corresponds to the inferred origin of the allele. 

(B) Parameter estimates from the spatiotemporal diffusion analysis used to generate AF dynamic maps along with 95% confidence intervals. Results are shown 

for permissive and strict filter genotype call sets for time periods before and after 2,000 years before present. The selection coefficient estimates indicate that 

selection likely operated early in the history of the allele, during the Late Neolithic and Bronze Age. The bars show 95% confidence intervals.
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strict filter placing the allele further east, compared with the 

permissive filter (Figure 7A). This was followed by rapid longitu

dinal expansion during the earlier period toward the west. 

Regardless of the call set, the selection coefficient was inferred 

to be higher in the period before 2,000 years BP (Figure 7B), 

consistent with the CLUES analysis (Table S6), suggesting that 

selection likely operated early in the history of the allele (i.e., dur

ing the Late Neolithic and Bronze Age).

Caution is required when using tag variants for 

CCR5delta32 due to complex haplotypes

Previous work by Le et al. analyzed data from 1,291 ancient 

samples using an in-solution hybridization capture assay 

to test for selection of the CCR5delta32 allele.61 Since the 

dataset was generated using a capture technique, the 

CCR5delta32 allele was not directly measured, and their se

lection analysis relied on the proxy variant rs73833033. How

ever, we found that this variant was not a reliable proxy for 

the CCR5delta32 deletion, as it also occurred in Haplotypes 

B and C, making it unsuitable as a tag SNP for CCR5delta32. 

Notably, rs73833033 had an AF = 0.25–0.30 in the AFR 

population from 1KGP3, where the CCR5delta32 allele was 

absent (Figure S7B), suggesting a possible non-European 

origin. When we analyzed this allele with CLUES analyses on 

our dataset, we did not find significant evidence of selection 

(Figures S7C–S7F), reinforcing that the evolutionary patterns 

of rs73833033 and CCR5delta32 should not be directly 

equated.

DISCUSSION

This study provides fundamental insights into the evolutionary 

history of the CCR5delta32 allele. Our discovery and mapping 

of the Haplotypes A, B, and C in present-day genomes led us 

to develop a probabilistic model, HAPI, to investigate the 

CCR5delta32 allele in ancient genomes. The model allowed us 

to call the CCR5delta32 allele in genomes with as little as 0.3×

coverage. Based on this, we date the deletion to be at least 

6,700 years old, arising among peoples occupying the Western 

Eurasian Steppe region in the Neolithic. We also show that the 

CCR5delta32 allele was exposed to positive selection during 

the Late Neolithic and Bronze Age, followed by stability in the 

AF until the present day.

Applying the knowledge of Haplotype A, combined with the 

evidence from HaploNet, we show that the CCR5delta32 allele 

originated on the Western Eurasian Steppe, while previous 

work suggested a European origin.12,55 The Columbian Ex

change, which is considered to have facilitated genetic admix

ture among three groups, i.e., African, European, and Native 

American,86,87 can account for the apparent higher recombina

tion rates we observed from Haplotypes B and C in Latin 

America, compared with European populations, along with the 

higher AF from some of the variants including in Haplotype C 

(Figures 2B and S1C). Thus, we can propose to include the 

CCR5delta32 allele, together with the variants rs113341849 

and rs113010081, as European ancestry-informative markers. 

Furthermore, the CCR5delta32 deletion can be reliably imputed 

from SNP arrays using the two r2 = 1 tag SNPs (rs113341849 and 

rs113010081), as they are located on each side of the 

CCR5delta32 allele.

Previous studies investigating the evolutionary history of the 

CCR5delta32 allele have either been restricted to contempo

rary individuals,12 used very few ancient genomes from limited 

geographic areas,46,48,49,63 or relied on a tag SNP in low LD 

with the deletion.61 Here, we present results obtained using a 

large comprehensive set of ancient genomes (>900 genomes) 

combined with modern genomes. The CLUES analysis revealed 

that the allele rose quickly in frequency in the period before 

2,000 years BP, followed by a period of stabilization, over 

which the allele remained at around 10% frequency. This 

agreed with findings from Bouwman et al.46 and Hummel 

et al.,49 who posited a period of recent allele stability over the 

past millennium in central and North Germany. Based on our 

data, the allele had an origin in the Western Steppe and a 

fast rapid diffusion eastward and westward early in its history, 

partly coinciding with the eastward movements from the 

Steppe during the Bronze Age.82,88 We note, though, that the 

origin of the allele inferred by the model is highly dependent 

on the first instances of the allele in the data, and it is thus high

ly dependent on the mode of deletion calling. Under the 

curated calling schemes, the lower inferred counts of the allele 

during the Mesolithic and Neolithic led the model to estimate a 

fast longitudinal diffusion, as the most likely AF surface rapidly 

shifts from complete absence to widespread presence of the 

allele in distant regions across the continent. The rapid longitu

dinal spread of the allele is consistent with previous evidence 

for long-distance dispersal of the allele,12 although our ancient 

data suggest that this dispersal occurred earlier than previously 

thought. Our estimated age of the allele is consistent with a 

more ancient origin as postulated in Sabeti et al.,15 rather 

than a recent origin as suggested in other studies.11,17 All age 

estimates we obtained were older than 6,700 years BP (poste

rior estimates between 8,988 and 6,748 years BP).

We found significant evidence of positive selection acting on 

the CCR5delta32 allele in the ancient past, when fitting the 

data to the CLUES model. When we conditioned the CLUES tra

jectories on reaching the frequencies observed in present-day 

data, they resulted in stronger rises in frequency, compared 

with using ancient data alone, which in turn resulted in more sig

nificant p values in the rejection of neutrality. This likely indicates 

an undercounting of the allele in the more ancient time periods. 

Regardless of the calling scheme, we found significantly large 

selection coefficients when deploying the spatiotemporal spread 

model, particularly in the early time period, but no evidence for 

selection after 2,000 years BP. Of note, however, is that the 

spatiotemporal model is deterministic, and thus necessarily un

derestimates the amount of AF stochasticity that occurs during 

the period under study, so the selection coefficient inferred un

der this model may be an overestimate. To contextualize the 

finding of positive selection of the CCR5delta32 allele, we 

scanned chr3 for a set of control deletions (i.e., not associated 

with any known trait and thus likely unaffected by selection). 

From this scan, we identified seven deletions associated with 

haplotypes similar in characteristics to the CCR5delta32 Haplo

type A. Using our HAPI, we called the deletions and applied a 

CLUES selection test to each. None of the seven deletions 
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showed significant evidence of selection, strongly supporting 

our findings of the CCR5delta32 deletion and its clear signal of 

positive selection. A recent study by Le et al.61 found no evi

dence for the selection of the CCR5delta32 allele during ancient 

times. However, as a proxy for the CCR5delta32 they used the 

SNP rs73833033, which is present in all three haplotypes (A, B, 

and C) rather than being specific to Haplotype A that contains 

the CCR5delta32 allele, and this likely led to an overestimation 

of the allele’s distribution in their study (Figure S7).

The notable increase in CCR5delta32 AF prior to the Iron Age 

implies that the high frequencies of this allele in modern-day Eu

rope cannot be caused by the Medieval Plague as hypothesized 

previously.46,49 Instead, the selection signature may have re

sulted from pressures exerted by previous outbreaks or other 

pathogens that existed in the past.14,16,89 The observed distribu

tion and our age estimation of the CCR5delta32 allele were also 

not consistent with the Viking-spread hypothesis.50 Instead, the 

rapid longitudinal spread that we infer (approx. 60–100 km2 per 

generation (Figure 7) and the rapid rise in frequency observed 

during the Bronze Age suggest a possible spread associated 

with the Late Neolithic and Early Bronze Age expansion of 

Steppe-related ancestry into Europe.82,88 This is further sup

ported by our ancestry-stratified selection test, which accounts 

for changes in admixture proportions over time. Our analysis 

shows that the CCR5delta32’s AF was the highest in the two 

ancestral populations contributing to the Steppe pastoralist 

expansion during the Early Bronze Age, specifically the EHG 

and CHG (Figures 5C and 5D). This reinforces that our selection 

results are not biased by gene flow effects.

Today, immunological genetic signatures by selection and/or 

adaptation through admixture can be observed in the human 

genome.2,3 Our data show that the CCR5delta32 allele (Haplo

type A) could very well be among these genetic signatures. We 

cannot point out a direct cause for the increase of CCR5del

ta32’s AF during the Neolithic and Early Bronze Age, but it is 

clear that Haplotype B did not undergo the same evolutionary 

trajectory. The key to understanding the driving forces for the 

CCR5delta32 deletion is challenged by the immune system 

redundancy and the immune gene pleiotropy.90,91 One hypothe

sis could be that the CCR5delta32 allele with the 86 tag variants 

is associated with cytokine/chemokine profiles reflecting im

mune tolerance, which has been shown to be under selection 

during the Neolithic age.9

Finally, the fact that individuals bearing the CCR5delta32 allele 

also harbor a defined haplotype widens the complexity of the 

deletion effects. The CCR5delta32 deletion has been studied 

extensively for nearly three decades, especially due to its strong 

link to HIV-1 infection resistance and thereby the potential to 

target CCR5 for HIV treatment and for HIV pre/post-exposure pro

phylaxis medicine.25,27,92,93 These therapeutic approaches 

include gene editing techniques like CRISPR, CCR5 blockade us

ing antibodies or antagonists, or combinations of both.25,94

Furthermore, the CCR5delta32 allele can be viewed as a pleio

tropic variant, owing to its influence on multiple phenotypic traits, 

e.g., autoimmune and inflammatory diseases, cardiovascular dis

eases, neurodegenerative disease, and cancer.20,29,31,44,95 It is 

possible that some of the CCR5delta32 tag SNPs contribute to 

the pleiotropic nature of CCR5delta32, although in silico analysis 

shows no direct clinical significance. More precisely, the gene 

expression of cytokine receptors (CCR3, CCR2) and CCRL2 

might be affected by one or more of the tag SNPs (Haplotype A), 

leading to modulation of chemokine-chemokine receptor signal 

transduction.19,95,96 This calls for further studies to elucidate these 

possible direct or indirect effects. Thus, the tag SNPs should be 

considered when analyzing causes of the CCR5delta32 pleio

tropic effects and when developing therapeutic approaches, 

based on mimicking the naturally occurring CCR5delta32 geno

type-phenotype correlations. Therefore, our results point in the di

rection of complex CCR5delta32 genotype-haplotype-phenotype 

relationships, which demand consideration when targeting the 

CCR5 receptor for therapeutic strategy.

Limitations of the study

Working with ancient DNA introduces several inherent limitations. 

Our whole-genome ancient dataset is characterized by low- 

coverage genomes of fragmented DNA sequences, which may 

include misincorporated nucleotides. This may limit the accuracy 

and reliability of our findings. To assess our ability to accurately ge

notype the CCR5delta32 allele in ancient genomes, we bench

marked HAPI using simulated data, but we cannot guarantee 

that these capture the full spectrum of existing CCR5 recombinant 

haplotypes. Consequently, differences in recombinant haplotypes 

between ancient and contemporary individuals may pose a risk of 

overestimating the accuracy of HAPI. Although we implemented 

various filtering steps to control for artifacts typical of ancient 

DNA reads and account for diverse haplotypes, misclassifications 

of the CCR5delta32 genotype may still occur. Additionally, uneven 

spatiotemporal sampling, in particular the underrepresentation of 

key periods, can affect the generalizability of our conclusions and 

may bias results toward specific populations or time frames.
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Materials availability
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Data and code availability

The modern data were downloaded from the 1KGP3 (ftp://ftp.1000genomes. 

ebi.ac.uk/.uk). The Mesolithic and Neolithic data were obtained from Allentoft 

et al.79 The Bronze Age and Iron/Viking Age datasets were obtained from de 

Barros Damgaard et al.,81 Allentoft et al.,82 and Margaryan et al.,80 respec

tively. The ancient DNA and simulated sequence data that mapped to the 

GRCh37 and the collapsed reference, restricted to the CCR5delta32 region, 

are available at https://doi.org/10.17894/ucph.b42e9ebf-23b6-4908-a69e- 

7afb1c3d4ad0. The HAPI model is available as a pip package at https:// 

pypi.org/project/hapi-pyth/, and instructions on how to install and run it are 

available at https://github.com/RasmussenLab/HAPI. This same repository 

contains the bioinformatics code used for pre- and post-processing the sam

ples. The code for the CLUES analysis and the calls for rs73833033 are avail

able at https://github.com/ekirving/ccr5_paper. The code for reproducing the 

spatiotemporal diffusion analysis can be found at https://github.com/ 

RasaMukti/ccr5delta32_analysis. Any additional information required to rean

alyze the data reported in this paper is available from the lead contact upon 

request.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

All ancient human genomes analyzed in this study were unearthed and sequenced in four previous papers.79–82 All details can be 

found in Table S4. All modern genomes were obtained from the 1000 Genomes Project Phase 3 (1KGP3, https://www. 

internationalgenome.org/). No experimental models were used.

METHOD DETAILS

Data

The modern dataset constituted of whole-genome sequencing data of 2,504 individuals from 26 populations which were generated 

by the 1000 Genomes Project Phase 3 (1KGP3, https://www.internationalgenome.org/), assigned to the following 5 super popula

tions: African (AFR), admixed from the Americas (AMR), East Asian (EAS), South Asian (SAS), and European (EUR).65 The ancient 

dataset consisted of 934 shotgun-sequenced genomes from various regions across Eurasia, spanning the Stone Age, Bronze 

Age, and Viking Age in a continuous temporal sequence. The Stone Age dataset (11,000–3,000 BP) focuses on the Mesolithic 

and Neolithic periods, containing 317 genomes from archaeological sites across Europe, with particularly dense sampling in northern 

Europe, including 100 samples from Denmark (ENA Project ID: PRJEB64656).79 The Early Bronze Age dataset (3,000–2,000 BP), 

referred to as BOTAI, includes 74 genomes from the Eurasian steppes (ENA Project ID: PRJEB26349),81 alongside 101 genomes 

from Europe and Central Asia representing the broader Bronze Age (ENA Project ID: PRJEB9021).82 The Viking Age dataset 

(2450 BP–1600 CE) comprises 442 genomes, predominantly from northern Europe, but also from archaeological sites in Greenland 

(ENA Project ID: PRJEB37976).80 The geographic locations and chronological categorization of our final ancient genomes dataset, 

passing quality control filter,79 represented in Table S4. The geographic locations of the genomes called by HAPI can be found in 

Figure S4A.

Identification of the CCR5delta32 deletion and the haplotypes

We used the LDLink 3.0 web tool, which includes the LDmatrix and LDpair modules,98 to identify the CCR5delta32 proxy SNPs within 

the European (EUR) population of the 1KGP3 dataset (Table S1). All D’prime and r2 values were obtained using LDLink 3.0. These 

results were then explored in additional 1KGP3 populations. The haplotypes were called with samtools mpileup111 (Table S2) using 

the region (chr3:46200000-46800000) from all available 1KGP3 whole-genome bam files. To determine the effect of the 86 tag SNPs 

belonging to Haplotype A, we employed Ensembl Variant Effect Predictor (VEP),66 while the GWAS catalog68 and PhenoScanner 

V272,73 were used to evaluate possible genotype-phenotype associations of tag SNPs (Tables S1G and S1H). All annotations refer 

to the Human reference genome NCBI build 37, GRCh37.

Analysis of proxy variant rs73833033

We used the 1KGP3 dataset to identify samples that had called rs73833033 and used these to calculate the allele frequencies of this 

proxy variant in the 1KGP populations. We called rs73833033 in the ancient genomes by restricting the analysis to sequences 

passing the same quality filters used by Le et al.61 Briefly, we used bcftools mpileup (v. 1.10.2)107 with region ‘3:43914944- 

48914944’, ‘min-BQ 20’, ‘min-MQ 10’ to extract the reference and alternate counts at the rs73833033’s genomic position, and called 

the variant using and bcftools call ‘-m -Ob –gvcf 1’.

Simulation of ancient CCR5delta32 genomes

We used gargammel (v.1.1.2)100 to simulate a total of 144 ancient genomes at 8 different coverages (0.3X, 0.5X, 0.8X, 1X, 1.5X, 2X, 

5X, 10X), using empirical read length distributions and post-mortem damage derived from 6 real ancient genomes (NEO78, NEO79, 

NEO752, VK287, VK543, VK526) from our dataset (Figure S2A). We simulated 48 genomes for each genotype (RR, RD, DD) using 

combinations of two versions of the GRCh37 human genome reference: a canonical, and one in which we manually added the 

CCR5delta32 deletion and the 86 variants from the haplotype (here referred to as ‘‘collapsed reference’’) using the tool 

FastaAlternateReferenceMaker, GATK (v.4.1.8.1).77 The reads were simulated from HiSeq 2500 Illumina single-end runs with a length 

of 81 base pairs including adapters.

Processing of simulated and ancient genomes

For the simulated genomes we used AdapterRemoval (v.2.1.3)101 with parameters ‘‘–mm 3 –minlength 30 –minquality 2’’ to trim the 

reads from the simulated genomes at a length of at least 30 bp and to remove bases with quality 2 or less. We used bwa aln 

(v.7.16a)102 to map the adaptor-trimmed reads to both the canonical and the collapsed human reference genome (GRCh37) with 

seed disabled (parameter ‘‘-l 1024’’) to allow for higher sensitivity in ancient DNA.112 We sorted the resulting alignments with samtools 

(v.1.9),102 removed duplicates with Picard MarkDuplicates (v.1.128)104 and realigned the reads using GATK (v.3.3.0)77 with Mills and 

1000G gold-standard insertions and deletions. Finally, the alignment files were converted to cram with samtools view and indexed 

with samtools index. The ancient genomes were aligned to both the canonical and the collapsed human genome reference using the 

same pipeline as the simulated genomes except that the read groups were first merged to the library level, then duplicates were 

removed using Picard (v.1.128),104 and then the files were merged to sample level. Sample level bam files were subsequently 
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realigned using GATK (v.3.3.0)77 and then converted and indexed to cram format. The workflows were implemented using Snake

make (v.5.12.0).105

Processing of the 15 human genomes from the 1KGP3 dataset

We used 15 genomes from the 1KGP3 to benchmark the model, 5 for each deletion genotype: 5 RR (HG00179, HG00185, HG01500, 

HG01510, HG00159), 5 RD (HG00171, HG00267, HG01537, HG01605, HG00264), and 5 DD (HG00320, HG00323, HG01684, 

HG01762, HG00137). The reads were aligned to both the canonical and the collapsed human genome reference with the same pipe

line used for the alignment of the ancient genomes.

Applying HAPI to the ancient genomes and filtering of calls

To be analyzed by the model, we applied a filter requiring genomes to have at least one read mapping to the CCR5delta32 deletion 

region, i.e. in either the canonical or collapsed reference, with a minimum overlapping length δ of 6. We ran the model on the simu

lated, 1KGP3, and ancient genomes and we classified them as being RR, RD, DD (homozygous for the reference, heterozygous, or 

homozygous for the deletion, respectively) based on the highest posterior probability among the three, with a classification threshold 

of 0.5. To take into account the fact that the flanking regions of the deletion include repeated nucleotides, and that two of the 4 var

iants used for calculating the haplotype-informed prior resemble ancient DNA damage, we applied two curation steps. In the first one 

‘‘permissive filter’’ we re-classified genomes if they had only 1 SNP called, and if this same SNP appeared to be as a potential aDNA 

damage artifact (apparent G to A, and C to T substitutions).113 In the second curation step ‘‘strict filter’’ we re-classified genomes if 

the mapped reads only covered the reference allele on the canonical reference, and not the CCR5delta32 deletion on the collapsed 

one. The scripts used to genotype the CCR5delta32 allele and that applied the different filter schemes are available at the GitHub 

repository (See key resources table: HAPI analysis).

Benchmarking HAPI versus GATK HaplotypeCaller and VG

The simulated 144 ancient and 15 genomes selected from the 1KGP3 population were processed using HaplotypeCaller from GATK 

(v.4.1.9.0)77 to produce VCF files with SNV and indels calls using the following options: –intervals 3:46277577-46457412 –interval- 

padding 100 -stand-call-conf 30.0 -ERC BP_RESOLUTION. The VCF files were left aligned and normalized using bcftools norm 

(v.1.10.2),107 and then processed in R (v.4.0.3)97 with the package vcfR (v.1.15.0).114 Similarly, we used vg (v.1.53.0)78 to process 

the 144 simulated ancient genomes. We used vg giraffe109 to map the trimmed reads to the hprc-v1.1-mc.grch38 graph genome 

(.gbz,.snarls) generating gam-files and then vg pack –Q 5 to compute read support from the gam. Finally, we used vg call -a using 

the pack-files as input to call variants.110 We extracted the CCR5delta32 deletion from the VCFs and combined the variants into a 

single VCF using bcftools merge (v.1.10.2). The code is available at the GitHub repository (See key resources table: HAPI analysis).

Identification of seven ascertained control deletions and their haplotypes

We scanned chromosome 3 from the 1KGP3 data (ALL.chr3.phase3_shapeit2_mvncall_integrated_v5a.20130502.genotypes.vcf) 

for small deletions having an architecture similar to the CCR5delta32’s one. The screening criteria included deletions of 32 bp ± 

5 bp and a MAF of 0.1098 ± 0.02 in the EUR population. Possible haplotypes (r2 > 0.8) were identified using PLINK,115 and the de

letions were further evaluated with the LDLink 3.0 web tool,98 specifically using the LDmatrix and LDpair modules. This process led to 

the identification of seven deletions associated with haplotypes. We configured HAPI with parameters specific to each deletion, 

including proxy SNPs and overlap criteria similar to those used for CCR5delta32, and applied it to the ancient genome datasets. 

The edited chromosome 3 positions of the eight deletions engineered in the collapsed reference sequence are provided in 

Table S7. For three deletions (rs556322139, rs150628438, rs369842709), the permissive filter was equivalent to the strict filter 

due to the nature of their haplotypes. Further details are provided in Table S7. Scripts for classifying the different genotype filters 

are provided at the GitHub repository (See key resources table: HAPI analysis).

Local ancestry of individuals harboring CCR5delta32 deletion in the 1KGP3

We used HaploNet74 on the full 1KGP3 dataset to generate haplotype cluster likelihoods in windows along the genome with default 

parameters of ‘‘haplonet train’’ besides ‘‘–x_dim 512’’, such that the genomic windows had a fixed size of 512 SNPs. We used the 

haplotype cluster likelihoods to estimate ancestry proportions with an assumption of K=5 ancestral populations, representing the 5 

super populations of 1KGP3, using the ‘‘haplonet admix’’ command. The haplotype cluster likelihoods and ancestry proportions were 

then finally used to infer local ancestry for all genomic windows in the individuals with the CCR5delta32 locus using the ‘‘haplonet 

fatash’’ command.

QUANTIFICATION AND STATISTICAL ANALYSIS

Haplotype-Aware Probabilistic model for Indels (HAPI)

We developed a probabilistic model to combine the information from the 4 variants in the highest pairwise LD with the deletion 

(rs113341849, rs113010081, rs11574435, and rs79815064, r2 > 0.90, CEU) as a Prior, and the information from the reads mapping 

the CCR5delta32 deletion region as a Likelihood. The variants were called using samtools mpileup as implemented in pysam 
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(v.0.16.0.1) in python. For a detailed overview of the algorithm see Methods S1. For each sample, we calculated the posterior prob

ability for each deletion genotype (RR;RD;DD) as

P(G|D) =
P(G)P(D|G)

P(D)
(Equation 1) 

where P(G) is the prior probability of the given deletion genotype calculated using the information from the 4 variants (see Equation 2

below), P(D|G) is the likelihood of the deletion genotype based on the reads mapping to the CCR5delta32 deletion region (either ca

nonical or collapsed reference) (see Equation 3 below) and P(D) is the marginal probability of the data. For the prior, we calculated the 

posterior probability of each deletion genotype using a simple bayesian genotyper based on the one developed by McKenna et al.116

as

P(G|r) = P(G) P(r|G)P(r) (Equation 2) 

where G is the given SNP genotype (ref |ref ; ref |alt;or alt|alt) and r is the data (the read base pileups mapping to each variant). We 

assume a uniform prior distribution for P(G), P(r) is the marginal probability of the data, and p(r|G) = p(b|G); where b represents 

each base covering the target locus. The probability of each base given the SNP genotype, considering only alleles from the reference 

and deletion genotype, is defined as

p(b|G) = p(b|{ref ; alt}) =
1

2
p(b|ref)+

1

2
p(b|alt) (Equation 3) 

when the genotype G is decomposed into its two alleles. For simplicity, here we assumed that a sample having the genotype RR, RD, 

or DD also carries each of the four variants in the SNP genotype ref|ref, ref|alt, or alt|alt, respectively. The probability of observing a 

base given an allele is

p(b|A) =

⎧
⎨

⎩

e

3
: b ∕= A

1 − e : b = A′

(Equation 4) 

where e is the reversed phred scaled quality score at the base. At this point, each of the four variants has a posterior probability P(G|r)

for each deletion genotype (RR, RD, DD). We scaled the posterior of each variant by the LD r2 value it has to the deletion in the CEU 

population. For each deletion genotype, we calculated the prior of Equation 1 as the joint probability (calculated with the specific 

multiplication rule, assuming each variant to be independent for simplicity) of the posteriors of the four variants, and we finally normal

ized them between 0 and 1 (subtracting by max and dividing by the sum). To calculate the Likelihood, we mapped the reads of each 

sample against two reference genomes: the canonical, and the collapsed one. The reads mapping to the canonical and collapsed 

references, together with their minimum overlapping lengths δ, were used to compute the Likelihood of each deletion genotype 

RR;RD;DD as follows. For each of the two references, and for each read, we calculated the probability of observing the read given 

the specific reference with

p(r|R) =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

1 −

(
1

δ

)2

: r = R

1 −

(

1 −

(
1

δ

)2
)

2
: r ∕= R

(Equation 5) 

an adaptation from McKenna et al.,116 where R is the specific reference used for the mapping, i.e. canonical or collapsed. We then 

calculated the probability of observing the reads given the deletion genotype with

p(r|G) = p(r|ref ;del) =
1

2
p(r|ref)+

1

2
p(r|del) (Equation 6) 

The genotype likelihood for each reference was then calculated with p(D|G) = p(r|G): The final genotype likelihood for each dele

tion genotype was computed as the joint probability of the likelihoods for the individual references (canonical and collapsed) with 

p(D|G) = p(D|G). Finally, for each sample, HAPI outputs three posterior probabilities for each deletion genotype RR, RD, DD, sum

ming up to 1.

Determining minimum overlapping length

We assigned a minimum overlapping length (δ) to each read mapping the deletion region, either on the canonical or collapsed refer

ence. The δ represents the minimum number of nucleotides the reads overlap either the 5’ or the 3’ of the locus coordinates (See 

Figure S2B for a detailed clarification example). The CCR5delta32 has 4 equivalent representations, each with its own coordinates 
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(Varsome, https://varsome.com/variant/hg19/rs333?annotation-mode=germline). Thus, for each read mapping to the canonical 

reference, we calculated its minimum overlapping length δ by averaging across the δs calculated for each of the representations’ 

coordinates. A value of δ = 32 was assigned to the reads overlapping both the starting and ending coordinates of the canonical refer

ence. For the collapsed reference, we calculated δ based on the coordinate 3:46414943 (GRCh37). For all the reads mapped, only 

those having a value of δ equal or greater than 6 were kept. The reads mapping to both deletion regions (from the canonical and 

collapsed references) were assigned to the reference to which they mapped with the lowest number of mismatches. This was 

done because, during the alignment of the simulated ancient DNA genomes, we observed that reads originating from the canonical 

deletion region mapped to the collapsed deletion region with a significantly higher number of mismatches compared to when they 

mapped to the canonical deletion region (and vice-versa) (signed test, p-value < 0.0001) (Figure S3B). Reads mapping to both ref

erences with the same number of mismatches were assigned to the reference to which they mapped with the highest δ. Reads map

ped to both references with the same number of mismatches and the same δ were discarded. The read mappings were analyzed 

using pysam (v. 0.16.0.1).

Optimizing the HAPI model

During the developmental stage, we explored different approaches to optimize the model. To investigate how the minimum overlap

ping length of the reads across the deletion region influences the performance of HAPI, we ran the model using 10 different δ thresh

olds, from 1 to 10, on the simulated data. As expected, increasing the δ threshold resulted in an increase in the performance of the 

model from an MCC of 0.75 with δ=1 to a value of 0.873 with δ=10 (Figure S3C), but at the expense of having less reads satisfying the 

threshold and thus less genomes recovered (121 with δ=1 and 107 with δ=10) having at least one read mapping to the deletion region. 

We arbitrarily selected the δ threshold of 6 (corresponding to 6 nucleotides flanking each side of the breakpoint) because we found it 

to be a good compromise between performance and the number of genomes recovered (MCC = 0.81, genomes recovered 116). 

Additionally, we investigated rescaling the bam files to account for DNA damage and excluding reads without a perfect match in 

the alignment. Here, we found that rescaling did not have any significant effect on the performance of the model and that using 

only perfect match reads improved the performance of the model but at the expense of losing 22 genomes. These strategies 

were therefore not included in the final model.

CLUES analysis

To reconstruct the allele frequency trajectory of the CCR5delta32 deletion, we used a modified version of the software CLUES, adapt

ed for time-series data.83,117 We converted the output of HAPI into hard called genotypes, using the outputs from the permissive and 

strict filters. We then conditioned the inference of the trajectories on the present-day EUR frequency of 0.1237 and an estimate of the 

effective population size history inferred from genomes in the Finnish (FIN), British (GBR), and Tuscan (TSI) populations from the 

1KGP3, using the software Relate (v.1.1).108 For the ancestry stratified CLUES analyses we used ancestry paths from Irving- 

Pease et al.,84 and used the four strongest tag SNPs to make a consensus call for the deletion. i.e. we called the deletion if an imputed 

haplotype had three or more of the four tag SNPs. Then for each haplotype we made a consensus call by assigning the most common 

ancestry observed across the four SNPs. We performed the analysis with and without modern ascertainment and used five ancestry 

models, ALL (pan-ancestry), ANA (Anatolian Farmers), CHG (Caucasus hunter-gatherer), WHG (Western hunter-gatherer) and EHG 

(Eastern hunter-gatherer). For the analysis of rs7383303361 we used the genotype calls from bcftools as described above. The code 

to reproduce these analyses is available in the GitHub repository (See key resources table: CLUES analysis).

Estimating the age of the CCR5delta32 deletion

To infer an estimate for the age of the CCR5delta32 deletion, we extracted the time series of posterior probability densities from all the 

CLUES models. As CLUES does not have an explicit mutational model, we approximated the temporal origin of the CCR5delta32 

deletion by finding the most recent time-point in which the majority of the posterior density was assigned to the two lowest frequency 

bins – i.e., the time point at which the model estimates that there is a greater than 50% probability that the allele is at the lower limit of 

possible frequency values. For each genotype call set, we averaged the approximated allele ages inferred from CLUES in the models 

with and without conditioning on the present-day frequency from 1KGP3 and used the resulting average as an input parameter for the 

spatiotemporal model.

Method for modeling the spatiotemporal diffusion of the deletion allele

To model the diffusion of the CCR5delta32 allele across space and time, we use a method described in Muktupavela et al.85 and 

available from: https://github.com/RasaMukti/ccr5delta32_analysis. We adapted the method so that the input genotype calls for 

each individual corresponded to the genotype with the highest posterior probability obtained from HAPI. To do this, we modified 

the Equation 5 from Muktupavela et al.85:

L(di; ai) =
∑2

h = 0

P[di; ai|gi = h|]P[gi = h|p(xi; yi; ti)|] (Equation 7) 
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Here L is the likelihood of the observed data for individual i, ai and di represent the number of reads carrying ancestral or derived 

alleles, respectively, gi ∈ {0; 1; 2} is the genotype of the individual at the particular locus, (xi; yi) represent the coordinates of the 

sampling location for that individual and ti is the estimated sample age. P[di; ai|gi = h|] is the likelihood for genotype gi and 

P[gi = h|p(xi; yi; ti)|] corresponds to binomial distribution, where p(xi; yi; ti) is the solution to a reaction-diffusion partial differential 

equation and it represents the allele frequency distribution across a two-dimensional (x; y) landscape at a time point t:

∂p

∂t
=

1

2
σ2

x

∂2p

∂x2
+

1

2
σ2

y

∂2p

∂y2
+ vx

∂p

∂x
+ vy

∂p

∂y
+ ps(1 − p) (Equation 8) 

where σx; σy are the longitudinal and latitudinal diffusion coefficients, respectively, vx and vy represent the longitudinal and latitudinal 

advection coefficients, respectively, and s is the selection coefficient. We modified the equation so that the likelihood of the genotype 

gi is equal to 1 if the genotype corresponds to the genotype with the highest posterior probability and 0 otherwise. We applied the 

method to the different deletion call datasets, combining them with the present-day geographically-spread deletion calls compiled in 

Novembre et al.12 (Figure S4C). We removed genomes that were from individuals outside of the geographic area bounded latitudi

nally by 30◦N and 75◦N and longitudinally by 30◦W and 120◦E. Maximum likelihood optimization was carried out by initializing 50 

points in the multi-parameter space and using a first round of simulated annealing118 followed by a run of the L-BFGS-B algorithm119

to refine the optimization. The code to reproduce the analysis is available in the GitHub repository (See key resources table: Spatio

temporal analysis).
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Figure S1. Detailed information of Haplotype A: LD statistics, genomic location, and the AF of the proxy variants, related to Figures 1 and 2

(A) Heatmap matrix of pairwise LD statistics from Haplotype A in the five EUR populations: EUR (FIN, CEU, TSI, IBS, and GBR), followed by each EUR population 

separately: r2 values are in shades of red, while D′ values are in shades of blue, wherewith darker colors indicate a higher degree of LD. The strong LD pattern from 

Haplotype A is observed in the FIN and CEU populations, whereas the pattern becomes weaker in Southern and Western Europe. The weaker LD patterns are 

caused by the homologous recombinations of Haplotype A and the more frequent presence of Haplotypes B and C and their homologous recombinations. 

(B) The UCSC genome browser (https://genome.ucsc.edu/) displays the location of Haplotype A on 3p21.31. The CCR5delta32 allele (rs333) is highlighted in 

yellow, and the two SNPs with r2 = 1 are marked in green, while the two SNPs with r2 = 0.903 are marked in orange. The haplotypes span ≈ 0.19 Mb and 

encompass CCR3, CCR2, CCR5, and CCRL2. Detailed information on the tag variants is included in Table S1. 

(C) AF of CCR5delta32 and the 86 tag variants, in different populations and continents. The x axis corresponds to Haplotype A, position 0 = CCR5delta32, and the 

86 tag variants are ranked according to their r2 values. The y axis shows the AF obtained from the 1KGP3. Populations from Europe and Latin America all have 

individuals carrying the CCR5delta32 allele/Haplotypes A, B, and C, whereas none of the individuals from the African continent carried any of the three hap

lotypes. However, precursor variants for Haplotype C exist, where 38 of the variants have a higher AF in the African population compared with the European 

population.
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Figure S2. Workflow of the data analysis on the simulated ancient samples and details of the overlapping lengths, related to Figure 3

(A) The software Gargammel was used to simulate a total of 144 ancient samples, using damage profiles derived from 6 real ancient samples (right), at 8 different 

coverages (left). After the simulation, the reads were aligned to the canonical GRCh37 and to the collapsed reference using bwa. Finally, HAPI was used to 

calculate the probability of a sample having each of the three deletion genotypes (RR, RD, and DD). 

(B) Schema of the reads mapping to the two references. Each read mapping to the canonical and the collapsed references is assigned a minimum overlapping 

length δ, which represents the minimum number of nucleotides with which it overlaps the deletion coordinates. In order for a genome to be analyzed by HAPI, it 

needs to have at least one read mapping to either the canonical or collapsed reference, with a minimum overlapping length of 6.
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Figure S3. Assessing GATK HaplotypeCaller, mismatch rates, and HAPI performance at different overlapping lengths, related to Figure 3

(A) Number of simulated samples classified by GATK HaplotypeCaller. Bars represent the number of ancient simulated samples correctly (green) or incorrectly 

(blue) classified by GATK HaplotypeCaller, stratified by coverage (from 0.3× to 10×) and by deletion genotype (RR, RD, and DD). A considerable number of 

samples were not classified by GATK HaplotypeCaller as it failed to detect any reads; thus their columns are 0. 

(B) Results of the sign test for the number of mismatches of reads originating from simulated individuals carrying the RR, RD, and DD deletion genotypes when 

aligned to the canonical reference (GRCh37) or the collapsed reference (collapsed). We can see that reads originating from individuals with DD genotype, and thus 

(legend continued on next page) 
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having the deletion, mapped to the reference genome with a higher number of mismatches, compared with the collapsed reference (plot on the right). The 

opposite effect was seen in the plot on the left, while no significant difference was shown for reads originating from simulated individuals with RD genotype. 

(C) MCCs of HAPI at different values for the parameter ‘‘overlapping length.’’ The performance of HAPI in MCC is shown at different values of the minimum 

overlapping length for the reads mapping to the deletion region. The MCC increases with higher overlapping lengths values but at the expense of having less 

reads satisfying the requirements and thus less samples analyzed. A minimum overlapping length value of 6 was chosen (see STAR Methods and Figure S2).
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Figure S4. Geographic and chronological coordinates of the ancient and the modern genomes, related to Figure 4

(A) Geographic locations of the ancient DNA genomes analyzed by HAPI and used in the spatiotemporal analysis.80–83 Each point represents a genome, and the 

shape corresponds to the original paper that published the sample. The points of the overall plot have been jittered to better show overlapping genomes. The 

points in the insert of Denmark have not been jittered. Precise coordinates of each genome are available in Table S4. 

(B) Ancient genomes carrying either Haplotype A after applying the strict filter or traces of either Haplotype B or Haplotype C. More details are available in 

Table S5. 

(C) Present-day samples used in the spatiotemporal analysis. The data are compiled in Novembre et al.12
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Figure S5. Scatterplot of the DAF for CCR5delta32 deletion (rs333) calculated in 1,000-year bins, related to Figure 5

The left-hand panel shows DAF calculated from the permissive filter, and the right-hand panel shows DAF calculated from the strict filter. Solid lines depict 

binomial regressions to the observed DAF estimates in each time bin, and error bars show the 95% confidence interval of the DAF estimate in each bin.

ll
OPEN ACCESS Article 



Figure S6. AF trajectory inferred by CLUES, related to Figure 5

AF trajectory inferred by CLUES. Upper row shows results using permissive filter genotype call set, middle, using strict filter, and bottom row shows results using 

HAPI classifications. Left column shows results using ancient data only, and the right column corresponds to results when ancient data are combined with 

modern ascertainment from 1KGP3. In each figure the line represents posterior probability density. The p value indicates evidence for rejecting a neutral model, 

and we also provide the most likely selection coefficient inferred by CLUES.

ll
OPEN ACCESS Article 



0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.18

0.20

0.22

0.24

0.26

0.28

0.30

0.32

BOTA
I

BRONZE
NEO VK

Ancient Populations

Al
le

le
 F

re
qu

en
cy

 (A
F)

A

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.18

0.20

0.22

0.24

0.26

0.28

0.30

0.32

ALL AFR
ACB

ASW
ESN

GWD
LW

K
MSL

YRI
AMR

CLM MXL
PEL

PUR
EAS

CDX
CHB

CHS
JP

T
KHV

EUR
CEU FIN

GBR IBS TSI
SAS

BEB
GIH ITU

PJL STU

Modern Populations from 1KGP (>2500 samples)

B

rs333_permissive_filter rs333_strict_filter rs73833033 rs333 rs73833033

0.07
0.07

0.03
0.02

0.02
0.010.010.01

0.080.08

0.07

0.04

0.12

0.26

0.19

0.22

0.26

0.29

0.27

0.31

0.24

0.13

0.11

0.14
0.15

0.12

0 0 0 0 0 0

0.14

0.12

0.15

0.2

0.12
0.1

0.02
0.03 0.03

0.01
0.03

0.01
0.03

0 0

0.03

0 0 0 0 0

0.03
0.04 0.04

0.02
0.03

0 0 0 0 0 0

0.11 0.11

0.16

0.14

0.09

0.06

0.01
0

0.01
0

0.03

0

C D

E F

Figure S7. Comparison of the Le et al. proxy variant (rs73833033) to the CCR5delta32 variant (rs333), related to Figure 5

(A) AF of rs333 using permissive (red) and strict (orange) filters and rs73833033 (blue) in the ancient genome datasets showing that rs73833033 has a higher AF 

than rs333 in Neolithic and Bronze Age datasets. The rs73833033 variant was called using bcftools, as done in the Le et al. paper, and the rs333 deletion was 

called using HAPI. 

(B) AF of rs333 and rs73833033 in the modern dataset, retrieved from 1KGP3. As in (A), this shows striking different AFs for the Le et al.61 proxy variant (blue), 

compared with CCR5delta32 (orange). 

(C–F) AF trajectory inferred by CLUES for rs73833033 with (C) using genotype classifications and no modern ascertainment, (D) using genotype classifications 

and modern ascertainment, (E) using genotype probabilities and no modern ascertainment, and (F) using genotype probabilities and modern ascertainment. In all 

cases, there is no evidence of selection on rs73833033.

ll
OPEN ACCESS Article 


	Tracing the evolutionary history of the CCR5delta32 deletion via ancient and modern genomes
	Introduction
	Results
	Identification of three CCR5 haplotypes in Europe
	Local admixture analysis revealed the European origin of CCR5delta32
	Haplotype A originated from Haplotype B in Europe
	A probabilistic framework for calling the CCR5delta32 allele in low-coverage aDNA genomes
	Applying HAPI to ancient dataset
	Geographic distribution of Haplotypes A, B, and C in Mesolithic and Neolithic Eurasia
	Positive selection operated on CCR5delta32 from 8,000 to 2,000 years BP
	CCR5delta32 was positively selected in Eastern and Caucasus hunter-gatherers
	Spatiotemporal AF dynamics
	Caution is required when using tag variants for CCR5delta32 due to complex haplotypes

	Discussion
	Limitations of the study

	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Acknowledgments
	Author contributions
	Declaration of interests
	Supplemental information
	References
	STAR★Methods
	Key resources table
	Experimental model and subject details
	Method details
	Data
	Identification of the CCR5delta32 deletion and the haplotypes
	Analysis of proxy variant rs73833033
	Simulation of ancient CCR5delta32 genomes
	Processing of simulated and ancient genomes
	Processing of the 15 human genomes from the 1KGP3 dataset
	Applying HAPI to the ancient genomes and filtering of calls
	Benchmarking HAPI versus GATK HaplotypeCaller and VG
	Identification of seven ascertained control deletions and their haplotypes
	Local ancestry of individuals harboring CCR5delta32 deletion in the 1KGP3

	Quantification and statistical analysis
	Haplotype-Aware Probabilistic model for Indels (HAPI)
	Determining minimum overlapping length
	Optimizing the HAPI model
	CLUES analysis
	Estimating the age of the CCR5delta32 deletion
	Method for modeling the spatiotemporal diffusion of the deletion allele




