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Summary
Androgenetic alopecia is a highly heritable trait. However, much of our understanding about the genetics of male-pattern baldness

comes from individuals of European descent. Here, we examined a dataset comprising 2,136 men from Ghana, Nigeria, Senegal, and

South Africa that were genotyped using the Men of African Descent and Carcinoma of the Prostate Array. We first tested how genetic

predictions of baldness generalize from Europe to Africa and found that polygenic scores from European genome-wide association

studies (GWASs) yielded area under the curve statistics that ranged from 0.513 to 0.546, indicating that genetic predictions of baldness

generalized poorly from European to African populations. Subsequently, we conducted an African GWAS of androgenetic alopecia,

focusing on self-reported baldness patterns at age 45. After correcting for age at recruitment, population structure, and study site, we

identified 266 moderately significant associations, 51 of which were independent (p < 10�5, r2 < 0.2). Most baldness associations

were autosomal, and the X chromosome does not seem to have a large impact on baldness in Africanmen. Although Neanderthal alleles

have previously been associated with skin and hair phenotypes, within the limits of statistical power, we did not find evidence that con-

tinental differences in the genetic architecture of baldness are due to Neanderthal introgression.While most loci that are associated with

androgenetic alopecia do not have large integrative haplotype scores or fixation index statistics, multiple baldness-associated SNPs near

the EDA2R and AR genes have large allele frequency differences between continents. Collectively, our findings illustrate how population

genetic differences contribute to the limited portability of polygenic predictions across ancestries.
Introduction

Most complex traits are polygenic, and their genetic archi-

tectures have been shaped by evolutionary history.1,2 Here,

genetic architecture refers to the specific genetic variants

that influence a trait, as well as their allele frequencies

and effect sizes.3 Neutral phenomena such as population

bottlenecks and geographical isolation can cause the rela-

tive importance of different genetic risk factors to vary by

population.4,5 Similarly, natural selection can also impact

population-specific genetic architectures.5–7 Differences

in the genetic architectures of complex traits between

genetically distant populations can arise from differences

in causal allele frequencies, epistasis, and gene-environ-
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ment interactions.8 Because of this, genetic predictors

that are developed in one part of the world often transfer

poorly to other parts of the world.9–11 Furthermore, the

generalizability of polygenic predictions is known to vary

by trait.11,12

Androgenetic alopecia, commonly known as male-

pattern baldness (MPB), is a model trait due to its variable

prevalence across populations, relevance to health, and

high heritability. This condition typically involves progres-

sive loss of hair above the temples and at the vertex of

the scalp due to the progressive miniaturization of hair

follicles.13 Notably, hair morphology varies by genetic

ancestry,14,15 and the prevalence of androgenetic alopecia

varies across the world.16–18 Men of non-European descent
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are more likely to retain their frontal hair lines thanmen of

European descent and the onset of MPB tends to be later in

Japanese men.19 Rates of alopecia areata, an inflammatory

condition of hair follicles that results in patchy bald spots,

also vary by ancestry.20 Disparities exist for other forms of

alopecia, including scarring alopecia (i.e., central centrifu-

gal cicatricial alopecia), which is disproportionally

observed in women of African descent.21 Importantly,

baldness is not only a cosmetic trait—it has also been asso-

ciated with endocrine, metabolic, and cardiovascular dis-

eases, likely due to the myriad effects of sex hormones.22

Baldness has long been associated with heredity,23 and

men whose fathers and/or maternal grandfathers are bald

are more likely to experience hair loss.24 The pedigree her-

itability of MPB in the UK Biobank (UKBB) was estimated

to be 62%.25 Genetic risk factors for MPB in European pop-

ulations include polymorphisms at 20p11 and Xq12,

including alleles near the EDA2R (ectodysplasin A2 recep-

tor; OMIM: 300276) and AR (androgen receptor; OMIM:

313700) genes.26,27 Intriguingly, introgressed DNA from

Neanderthals is enriched for genes that are involved in ker-

atin formation, i.e., skin and hair phenotypes.28,29 Because

Neanderthal DNA is almost exclusively found in non-Afri-

can genomes,30 ancient introgression may contribute to

continental differences in the genetic architecture of MPB.

During the past few years several genome-wide associa-

tion studies (GWASs) have expanded our understanding

of the genetic architecture of MPB.31–34 Analyzing data

from more than 22,000 men of European descent,

Heilmann-Heimbach et al.32 conducted an early meta-

analysis of MPB. European individuals in the top quartile

of a polygenic score (PGS) built from this study were

more likely to be bald than individuals in the lowest quar-

tile (odds ratio ¼ 4.16; 63 independent GWAS loci).32 In a

study of more than 70,000 men, Pirastu et al.33 identified

71 susceptibility loci that were enriched for Wnt signaling

and apoptosis pathways. In an analysis of more than

52,000 UKBB participants, Hagenaars et al.34 identified

more than 270 independent autosomal and X-linked vari-

ants associated with hair loss. The Hagenaars et al.34 PGS

using these variants was able to distinguish between Euro-

pean men who had severe hair loss vs. no hair loss for pre-

diction models that included age as a covariate (area under

the curve [AUC] ¼ 0.79). A more recent study by Chen

et al.35 that used feature selection before training a poly-

genic predictor on the UKBB dataset reported slightly

boosted AUC statistics of severe hair loss vs. no hair loss

in European populations (AUC ¼ 0.81 when age was

included as an explanatory variable). MPB-associated loci

from the UKBB are enriched for weak signatures of nega-

tive selection, perhaps due to pleiotropic effects on other

traits.25 Additional analyses of more than 72,000 exomes

from the UKBB suggest that rare variants make only a small

contribution to the prevalence of MPB in Europe.36 How-

ever, one limitation of these large-scale genetic studies is

that they largely focused on European cohorts, thereby

skewing our understanding of variants that contribute to
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MPB. Consequently, it is unknown if the genetic architec-

ture of MPB differs for African men.

To overcome existing knowledge gaps, we tested how

well European-ascertained polygenic risk scores for MPB

generalize to sub-Saharan African populations.We then in-

ferred the population genetic architecture of this complex

trait by performing an African GWAS of androgenetic alo-

pecia. Our subsequent analyses explored multiple evolu-

tionary hypotheses for the poor portability of genetic pre-

dictions. These potential causes include private alleles that

are due to recent mutations, Neanderthal alleles that are

only informative about baldness in Europeans, and natural

selection acting on baldness-associated loci.
Subjects and methods

Baldness phenotyping
Participants included in this studywere Africanmenwithout a diag-

nosis of prostate cancer or any other cancers who were recruited as

controls for a large case-control study by theMenof AfricanDescent

and Carcinoma of the Prostate (MADCaP) Network.37,38 These men

were recruited from seven study sites: Hôpital Général de Grand

Yoff/Institut de Formation et de Recherche en Urologie in Dakar,

Senegal; 37 Military Hospital in Accra, Ghana; Korle-Bu Teaching

Hospital in Accra, Ghana; University College Hospital in Ibadan,

Nigeria; University of Abuja Teaching Hospital in Abuja, Nigeria;

Wits Health Consortium/National Health Laboratory Services in Jo-

hannesburg, South Africa; and Stellenbosch University in Cape

Town, South Africa. Informed consent was obtained from all study

participants. At each study site, participants were recruited using

protocols approved by that site’s institutional review board/ethics

review board and the central data management center at the

Dana-Farber Cancer Institute. Participants completed an inter-

viewer-administered questionnaire that queried them about their

hair patterns at age 30 and at age 45 using the Hamilton-

Norwood baldness scale. To better integrate our data with previous

work (e.g., data field 2395 in the of UKBB data) and facilitate an

ordinal GWAS of androgenetic alopecia, we rescaled Hamilton-

Norwood scores into four different categories: no hair loss, slight

hair loss, moderate hair loss, severe hair loss (Figure 1). We then

excluded all individuals who reported incongruent baldness scores

(i.e., more hair at age 45 than at age 30). To avoid the potential for

reporting bias and/or misclassification, our subsequent analyses

focus on self-reported baldness scores at age 45, while using age at

study recruitment to correct for recall errors. Table S1 contains a

full list of the number of individuals per study site in each baldness

class and Figure S1 is a PCA plot showing the population genetic

structure of this dataset. A total of 2,136 African individuals were

studied.

Genotyping, quality control, and imputation
Genotype data were inferred using the MADCaP Array, a custom

genotyping platform that is optimized for detecting genetic asso-

ciations in sub-Saharan Africa.39 This array is known commercially

as the Axiom Pan-African Cancer Research Array. Details

about SNP calling can be found in other MADCaP Network

publications.39,40 We performed standard quality control (QC)

procedures using PLINK. Samples were included if call rates ex-

ceeded 98%, they were not related to other samples (kinship

coefficient <0.0884, i.e., second degree of closer relationships



Figure 1. Baldness phenotypes
(A) The Hamilton-Norwood baldness scale partitioned into four categories.
(B) Baldness scale from question 2395 of the UKBB questionnaire.
(C) Proportions of each baldness pattern in the African dataset that was analyzed here. Individuals were sampled from Senegal, Ghana,
Nigeria, and South Africa. Study-site-specific counts of each baldness phenotype can be found in Table S1.
were excluded), and they had an African ancestry percentage of

more than 70% (as per previous work by Janivara et al.40). Markers

were included if genotype missingness was less than 5%, a minor

allele frequency (MAF) filter was passed (MAF >0.01 in our pooled

African dataset), and there were no detectable departures from

Hardy-Weinberg proportions (p < 10�5). After these QC filters,

2,136 unrelated samples with 1,092,609 markers remained. We

then imputed additional markers using the TOPMed Imputation

Panel and Server.41 Previous work has found that the TOPMed

imputation panel performs well on African datasets in general,42

and theMADCaP Network dataset in particular.40 Post-imputation

QC filtering included imputation quality (r2 score >0.8) and MAF

cutoffs (MAF >0.01), yielding a total of 15,378,257 autosomal and

583,558 X chromosome polymorphisms.
Tests of PGS performance
To assess the portability of genetic predictors of MPB, we extracted

lists of baldness-associated SNPs from the Hagenaars et al.34 PGS

and the Heilmann-Heimbach et al.32 PGS. Using the allele dosage

and effect sizes of each trait-associated SNP, we calculated PGS for

2,136 Africanmen. After correcting for covariates (present age, sam-

ple site, and population structure—the first three PCs in PCA), the

prediction accuracy of each predictor was estimated using the

nonparametric Bayesian inference of the covariate-adjusted receiver

operating characteristic curve package in R.43 Thus, the AUC statis-

tics reported here isolate the effects of genetic risk factors without

being inflated by the inclusion of other predictors. Because PGS per-

formance can be more effective for individuals at the extreme ends

of distributions,44 we performed additional tests of PGS perfor-

mance by comparing the relative proportions of individuals in

each phenotypic class for individuals in the top 10% of each PGS

distribution to individuals in the middle 20% of each PGS distribu-

tion. These analyses were repeated for both the Hagenaars et al.34

PGS and the Heilmann-Heimbach et al.32 PGS.
African GWAS analyses
We performed an ordinal GWAS of MPB using the MADCaP

Network dataset, focusing on the four ordered phenotypes in
Hu
Figure 1: no hair loss, slight hair loss, moderate hair loss, and se-

vere hair loss (i.e., baldness scores range from 1 to 4, as per ques-

tion 2395 of the UKBB questionnaire). The proportional odds lo-

gistic mixed model package45 was used to estimate p values and

effect sizes of each genetic variant. Our ordinal GWAS also cor-

rected for multiple covariates: current age (to correct for recollec-

tion errors in self-reported baldness phenotypes), recruitment

study site (to correct for possible batch effects in recruitment

and referral bias), and the first three principal components (to cor-

rect for population structure, Figure S1). LDlink46 was used to

identify if African GWAS hits were in linkage disequilibrium

(LD) with previous baldness hits. We used the LDexpress tool47

to examine whether any of our African associations with MPB

were in LD with GTEx eQTLs, i.e., variants that affect gene

expression (thresholds, r2 R 0.2; GTEx p < 10�10; genomic

window, 5500 kb). GWAS summary statistics and population ge-

netic statistics for our top 51 independent marginal hits are re-

ported in Table S2. A gene set enrichment analysis was performed

using snpXplorer.48 This analysis used gene sets from Gene

Ontology: Biological Processes, Kyoto Encyclopedia of Genes

and Genomes, Reactome, and WikiPathways.

To examine regional differences in the genetic architecture of

MPB across Africa, we also conducted a mini GWAS of 1,058

West African individuals and a mini GWAS of 1,078 South African

individuals. We report regional association statistics (p values and

effect sizes), regional allele frequencies, and genetic heterogeneity

statistics (i.e., I2 statistics)49 for our top 51 independent marginal

hits in Table S3.

The total SNP heritability of MPB for each chromosome was in-

ferred using a modified version of the LD adjusted kinships

(LDAK)50 approach, specifically Basic Protocol 2 as described

by Srivastava et al.51 This protocol included additional MAF

(MAF R 0.05) and LD-pruning (–indep-pairwise 100 50 0.1) filters

in PLINK, as well as pruning out individuals with crypted related-

ness using a genetic relatedness matrix (GRM) generated from

autosomal data (max relatedness ¼ 0.05). SNP heritability was

calculated using REML for chromosomes 1–22 together using

22 GRMs, while SNP heritability for the X chromosome was

computed separately. We estimated 95% confidence intervals
man Genetics and Genomics Advances 6, 100428, July 10, 2025 3



(CIs) for the proportion of SNP heritability due to each chromo-

some using a resampling approach. Chromosome-specific values

of SNP heritability were resampled using estimates of the mean

and standard deviation reported by LDAK. Proportions were

generated by dividing resampled values for each chromosome by

the summed resampled values of all chromosomes, i.e., we gener-

ated normalized 23-element vectors of chromosomal SNP herita-

bility proportions. This procedure was repeated 10,000 times to

generate 95% CIs for each chromosome. We performed linear

regression of the chromosome size against the proportion of heri-

tability explained in our African GWAS using the linregress func-

tion in scipy v1.10.0.52 The impact of rare vs. common variants

on MPB in Africa was quantified using genetic variance contribu-

tion (gvc) statistics of individual polymorphisms,53 where

gvc ¼ 2b2pð1 � pÞ given an effect size b and an allele frequency

p. LD clumping (r2< 0.2) was used to reduce the 162,576 polymor-

phisms with GWAS p values of less than 0.01 to an independent

set of 29,251 associations. We then divided these polymorphisms

into two bins, corresponding with rare (MAF< 0.05) and common

(MAF R 0.05) variants, and found what fraction of the overall

summed gvc belonged to each bin.
Assessing statistical power
To assess whether a sample size of 2,136 individuals was sufficient

to distinguish continental differences in the genetic architecture

of MPB, we quantified how well the 42 autosomal predictors of

MPB from Heilmann-Heimbach et al.32 performed in a down-

sampled UKBB cohort and our MADCaP Network dataset. The

downsampled UKBB analysis focused on 2,136 European ancestry

individuals aged 45–50 years with baldness patterns and propor-

tions matching those in the MADCaP dataset (data field 2395

from their first visit). A downsampled European ancestry GWAS

was conducted using the same procedures as our African ancestry

GWAS of MPB. Subsequent analyses included (1) quantifying PGS

performance using AUC statistics, (2) statistical power calcula-

tions, (3) examining whether MPB-associated alleles are enriched

for low p values in replication cohorts, and (4) comparisons of

minor allele frequencies and effect sizes in different replication

cohorts. Additional details about these approaches can be found

in the supplemental methods subsection of the supplemental

information.
Evolutionary genetics analyses
To perform enrichment analyses of MPB-associated SNPs, we

generated comparable sets of control SNPs that were not associ-

ated with the trait in our study. This involved obtaining 1,000 in-

dependent (r2 < 0.5) autosomal control SNPs from the 1000 Ge-

nomes Project54 phase 3 African populations (1KGP AFR) for

every MPB-associated SNP. Control SNPs were matched to MPB

associations for allele frequency (55% in 1KGP AFR for African

MPB associations, 55% in 1KGP EUR for Heilmann-Heimbach

et al.32 and Hagenaars et al.34 MPB associations). Because SNPs

can vary in the number of polymorphisms they tag, control

SNPs were also matched in terms of the number of SNPs in LD

with the target SNP (510%, r2 < 0.5 in 1KGP AFR). For instance,

if an MPB-associated SNP had 20 SNPs in LD (r2 < 0.5), a control

SNP would be select that between 18 and 22 SNPs in LD. The

proximity of control SNPs to coding DNA was also matched to

that of MPB-associated SNPs: control SNPs for exonic variants

were required to also be exonic, and control SNPs for intronic

and intergenic variants were selected to have a similar distance
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in base pairs to the nearest exonic position (55%). Finally, con-

trol SNPs were also matched to MPB SNPs with respect to local

gene density, defined here as the number of genes located within

500 kb of each SNP. Specifically, control SNPs were chosen to be

near similar (510%) numbers of genes around the SNP (r2 < 0.5,

physical distance of 500 kb).

Tests of enrichment of Neanderthal DNA used Skov’s introgres-

sion map (Supplementary dataset 1 in Skov et al.55), which was

originally generated from 27,566 Icelandic genomes. This intro-

gression map constitutes the most comprehensive characteriza-

tion of the introgression landscape in Europeans to date.We calcu-

lated Neanderthal introgression frequencies for non-overlapping

10-kb windows across the genome. In two separate sub-analyses,

we intersected MPB-associated variants from Hagenaars et al.34

and Heilmann-Heimbach et al.32 with the tiled map of introgres-

sion frequencies. Empirical cumulative distribution functions

(ECDFs) of introgression frequencies of MPB-associated variants

were then compared with the ECDFs of introgression frequencies

of 1,000 sets of bootstrapped matched control SNPs, i.e., we tested

whether Europeans are more likely to have Neanderthal DNA in

genomic regions that are associated with MPB compared with

other parts of the genome. Statistical significance was assessed

using 1,000 Kolmogorov-Smirnov tests. The harmonic mean

p value56 of these 1,000 tests was used to summarize whether

MPB-associated variants are in genomic regions that are enriched

for Neanderthal DNA. For these analyses, we only included associ-

ations from Hagenaars et al.34 and Heilmann-Heimbach et al.32

that had at least one matched control SNP (i.e., 185 associations

and 38 associations, respectively). This approach has approxi-

mately 80% power to detect a Neanderthal enrichment at a signif-

icance level of 0.05 if at least 49 of 185 Hagenaars et al.34 and 19 of

38 Heilmann-Heimbach et al.32 MPB associations are within intro-

gressed fragments in Skov’s introgression map (see supplemental

information and Figure S2). CrossMap57 v0.6.4 was used to harmo-

nize hg19 and hg38 genomic positions.

Population genetic analyses used genetic data from the 1KGP.

Joint site frequency spectrum plots were generated using individ-

uals of African ancestry (population codes: ACB, ASW, ESN, GWD,

LWK, MSL, and YRI) and European ancestry (CEU, FIN, IBS, GBR,

and TSI). A full list of 1KGP population codes can be found at:

https://www.internationalgenome.org. Trait-level tests of poly-

genic selection leveraged integrative haplotype scores (iHSs) of

autosomal variants.58 A full description of this approach has

been described elsewhere.59 Briefly, this involved inferring

whether sets of MPB-associated SNPs are more likely to have

outlier values of iHS statistics (iHS < �1.96 or iHS > 1.96) than

sets of matched control SNPs. We then obtained empirical percen-

tiles for Hagenaars et al.34 Heilmann-Heimbach et al.,32 and Afri-

can MPB-associations by comparing outlier proportions for each

set of MPB-associated SNPs with 1,000 matched sets of control

SNPs. Fixation index (FST) calculations used the following equa-

tion: FST ¼ VarðpÞ =ðpð1 � pÞÞ, whereVarðpÞ refers to the variance

in allele frequencies across Europe and Africa and p refers to the

mean allele frequency across both continental populations.60 Afri-

can allele frequencies in these calculations were generated by pool-

ing ESN, GWD, LWK,MSL, and YRI individuals together, while Eu-

ropean frequencies were generated by pooling CEU, FIN, IBS, GBR,

and TSI. individuals together. Continental frequencies of haplo-

types at Xq12 were calculated from 1KGP data using LDlink46

and genotype data at three SNPS: rs12558842, rs2497911, and

rs1204041. Ancestral and derived state information for all SNPs

was obtained from the 1KGP phase 3 dataset. As described in

https://www.internationalgenome.org


Figure 2. Performance of PGSs in Africa
ROC curves focus on comparisons between individuals who have any baldness vs. no baldness. The 95% CIs are indicated by dotted
lines. AUC statistics corrected for present age, study site, and population structure.
(A) AUC statistics of the Hagenaars et al.34 PGS applied to African data.
(B) Baldness patterns of African men in the middle 20% and top 10% of the Hagenaars et al.34 PGS distribution.
(C) AUC statistics of the Heilmann-Heimbach et al.32 PGS applied to African data.
(D) Baldness patterns of African men in the middle 20% and top 10% of the Heilmann-Heimbach et al.32 PGS distribution.
section 8.3 of the supplementary material of the 1KGP phase 3 pa-

per,54 ancestral alleles were inferred using the six-way EPO align-

ments from Ensemble v71.
Results

Portability of baldness predictions to sub-Saharan Africa

Although multiple polygenic predictors of MPB exist, they

have mostly been ascertained in European populations. To

find out whether these genetic predictors are informative

regarding MPB in Africa, we applied two different PGS to

the MADCaP Network dataset. Although the Hagenaars

et al.34 PGS performed well when tested on a European
Hu
ancestry cohort, it had only a limited ability to distinguish

between any hair loss vs. no hair loss in African men

(Figure 2A) (AUC ¼ 0.546; 95% CI: 0.522–0.572). Indeed,

it performed poorly for slight hair loss vs. no hair loss

(AUC ¼ 0.533; 95% CI: 0.503–0.562), moderate hair loss

vs. no hair loss (AUC ¼ 0.558; 95% CI: 0.514–0.601), and

severe hair loss vs. no hair loss (AUC ¼ 0.565; 95% CI:

0.527–0.603). Despite these low AUC statistics, individuals

in the top 10% of the Hagenaars et al.34 PGS distribution

were 33% more likely to have severe baldness at age 45

than individuals in themiddle 20% of the PGS distribution

(Figure 2B). Similarly, although the Heilmann-Heimbach

et al.32 PGS also performed reasonably well on a European

cohort, its ability to distinguish between any hair loss vs.
man Genetics and Genomics Advances 6, 100428, July 10, 2025 5



Figure 3. African GWAS of androgenetic alopecia
(A) Manhattan plot for the ordinal GWAS of MPB. Phenotypes were scored using a 4-point scale. Sample size: 2,136 African men.
(B) QQ plot for the ordinal GWAS of MPB in Africa (lGC ¼ 0.998).
(C) Physical sizes (blue) and relative contribution to SNP heritability of each chromosome. Error bars indicate 95% CIs.
no hair loss was effectively no better than chance when

applied to African men (Figure 2C) (AUC ¼ 0.513; 95%

CI: 0.488–0.538), and it performed poorly for slight hair

loss vs. no hair loss (AUC ¼ 0.504; 95% CI: 0.474–0.533),

moderate hair loss vs. no hair loss (AUC ¼ 0.538; 95%

CI: 0.496–0.582), and severe hair loss vs. no hair loss

(AUC¼ 0.516; 95%CI: 0.477–0.555). However, individuals

in the top 10% of the Heilmann-Heimbach et al.32 PGS dis-

tribution were 50%more likely to be severely bald at age 45

than individuals in themiddle 20% of the PGS distribution

(Figure 2D). Overall, our results reveal that the genetic pre-

dictions of androgenetic alopecia developed from Euro-

pean populations do not transfer well to sub-Saharan

Africa.

An African GWAS of MPB

Given the poor portability of genetic predictors from Euro-

pean populations, we performed a GWAS of MPB in Africa

to identify continental differences in the genetic architec-

ture of this complex trait (Figure 3A). For this we used the

MADCaP dataset, which contains 2,136 samples from

Senegal, Ghana, Nigeria, and South Africa. This GWAS

used a proportional odds logistic mixed model which

grouped the different intensities of baldness into four

ordinal classes. Following adjustments for population
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structure, study site, and participant age, the genomic

inflation factor in this analysis was minimal (lGC ¼
0.998), indicating the absence of batch effects and con-

founding. Although our sample size lacked the statistical

power to capture any genome-wide significant associa-

tions, we found 51 independent marginally significant

associations (p < 10�5; LD pruning threshold, r2 < 0.2)

(Figure 3A). The QQ plot shown in Figure 3B provides addi-

tional support that these marginal associations are not due

to population stratification. A full list of these African hits,

including their effect sizes, can be found in Table S2.

Among the 51 marginal associations, 36 are not in LD

with previously reported GWAS hits for any trait in the

NHGRI-EBI GWAS Catalog61 (r2 < 0.2). Key loci that were

associated with MPB in Africa include 7q22.2, 1p13.2,

and Xq12 (Figure 3A). The 7q22.2 locus contains moder-

ately significant variants in the intronic regions of

COG5 (OMIM: 606821) and HBP1 genes (OMIM:

616714). The lead African SNP at the 1p13.2 locus

(rs116494345) is monomorphic in Europe and Asia, i.e.,

its impact on MPB is Africa specific. The lead SNP at the

Xq12 locus (rs1204041) is in the intronic region of the

AR (androgen receptor) gene. Other notable baldness asso-

ciations are rs191219783 (proximal to CCR7, a chemokine

receptor gene that is expressed by dendritic cells in hair



follicles62) (OMIM: 600242) and rs143451223 (proximal

to SLC30A10, a manganese transporter gene) (OMIM:

611146).

We also examined how well our top marginal significant

associations with MPB replicate in West Africa and South

Africa, and whether any individual SNPs make an outsized

contribution to the genetic architecture of MPB in

different regions of Africa. 45 of our 51 marginal associa-

tions had p values of less than 0.05 in both West Africa

and South Africa, while the remaining six had p values of

greater than 0.05 inWest Africa and less than 0.05 in South

Africa (Table S3). Similarly, 45 of the 51 marginal associa-

tions have alleles with the same direction of effect for

both West and South Africa. Regional effect sizes are also

positively correlated (Pearson’s correlation coefficient,

0.738). Thus, detectable African associations with MPB

are largely driven by moderate evidence from both regions

of Africa, as opposed to strong evidence from only one re-

gion. Despite these general patterns, I2 statistics reveal ev-

idence of genetic heterogeneity across Africa for multiple

MBP-associated variants, including rs543425158 (I2 ¼
90.7%), rs1583026902 (I2 ¼ 85.1%), rs140088608 (I2 ¼
80.8%), and rs7305258 (I2 ¼ 80.8%). Allele frequency dif-

ferences between West and South African populations

also contribute to regional differences in the genetic archi-

tecture of MPB (Table S3). For example, the T allele at

rs138885958 is approximately twice as common in South

Africa as it is in West Africa. Last, although low-frequency

private alleles can contribute the genetic architecture of

complex traits, the modest sample sizes of each regional

GWAS (1,058 for West Africa and 1,078 for South Africa)

limit our statistical power to detect associations between

MPB and rare alleles that are found in only one part of

Africa.

We further explored the genetic architecture of MPB in

Africa by testing whether X chromosomes are enriched

for SNP heritability and by quantifying the relative impor-

tance of rare vs. common alleles. To test whether the X

chromosome makes a disproportionally large contribution

to the heritability of MPB, we compared relative estimates

of the total SNP heritability to chromosome size. We note

that larger chromosomes need not make larger contribu-

tions to variation in MPB (Figure 3C) (linear regression of

chromosome length vs. proportion of SNP heritability on

each chromosome, R2 ¼ 0.07 and p ¼ 0.21). Interestingly,

the X chromosome contributes only modestly to the ge-

netic variance of MPB in African men; i.e., it does not

seem to make an outsized contribution to the genetic vari-

ance of this complex trait. Although this pattern may

reflect the underlying biology, we note that a sample size

of 2,136 individuals limits our ability to accurately infer

the proportion of the total SNP heritability that is due to

each chromosome. Furthermore, the lower statistical po-

wer to detect X-linked associations compared with auto-

somal associations may also contribute to the patterns

seen in Figure 3C. Note that, if a chromosome has large

numbers of common, independent SNPs that are moder-
Hu
ately associated with a trait, LDAK-REML can aggregate

these effects, resulting in high heritability estimates for a

chromosome despite a lack of strong associations (e.g.,

chromosome 20). We also found that 42% of the observed

genetic variance for MPB in Africa was due to rare alleles

(MAF < 0.05) and the remaining 58% was due to common

alleles (MAF R 0.05). These proportions are roughly com-

parable with what has been observed for other complex

traits.63

Functional annotation of private alleles tends to be

limited, especially when these polymorphisms are Africa

specific. One byproduct of this is that 37 of our African as-

sociations with MPB are not in LD with GTEx eQTLs that

affect gene expression. Of the remaining 14 African associ-

ations, 5 are in LD with skin eQTLs and 3 are in LD with

testis eQTLs. We did not find evidence that the set of 51 Af-

rican MPB associations was enriched for any specific bio-

logical pathway (Table S4).

Sample size, statistical power, and replication

We examined sample size considerations by focusing

on how well 42 autosomal variants from Heilmann-

Heimbach et al.32 replicated in European and African

ancestry cohorts of 2,136 individuals. First, we quantified

the relative performance of a European-ancestry PGS on

a downsampled UKBB cohort and our MADCaP Network

dataset. As seen in Figure S3, the downsampled UKBB

cohort has an AUC statistic of 0.616, i.e., 2,136 samples

are sufficient to infer that the polygenic predictor performs

better than random chance. By contrast, the AUC statistic

for the MADCaP Network cohort is 0.511. The separation

between the UKBB andMADCaP ROC curves is statistically

significant (Delong’s test, p¼ 1.583 10�9), consistent with

the existence of continental differences in the genetic ar-

chitecture of MPB. Second, we used power calculations to

test whether 2,136 samples are sufficient to detect enrich-

ment for low p values in a replication cohort. As seen in

Figure S4A, this was indeed the case for power calculations

that used European and African allele frequencies. Third,

we used empirical data to test whether PGS variants were

enriched for low p values in replication cohorts. Focusing

on the downsampled UKBB GWAS, we found that PGS var-

iants fromHeilmann-Heimbach et al.32 were more likely to

have low p values than null expectations (Figure S4B, or-

ange curve), i.e., sample size did not present a major limi-

tation to replication in an ancestry-matched cohort. By

contrast, we found that PGS variants were only slightly en-

riched for low p values in a MADCaP Network dataset that

was not ancestry matched to the Heilmann-Heimbach

et al.32 study (Figure S4B, green curve). Thus, the genetic

architecture of MPB in the European ancestry Hellmann-

Heimbach et al. study seems to be more similar to that of

the UKBB than the MADCaP Network dataset. Fourth, we

examined summary statistics of individual MPB-associated

loci. Sample sizes of 2,136 yielded only moderately strong

p values for individualMPB associations in each replication

cohort (Table S5). We found that 3 of 42 autosomal
man Genetics and Genomics Advances 6, 100428, July 10, 2025 7



associations from Heilmann-Heimbach et al.32 had

p values of less than 0.05 in a 2,136-sample African

ancestry GWAS, and 15 of 42 autosomal associations

from Heilmann-Heimbach et al.32 had p values of less

than 0.05 in a 2,136-sample European ancestry GWAS

(Figure S5). MPB associations with the strongest replication

p values did not always have large minor allele frequencies

in replication cohorts (Figures S5A and S5B), nor were they

always variants with large Heilmann-Heimbach et al.32 ef-

fect sizes (Figure S5C). Finally, we note that 19 of the 42

autosomal variants had overlapping effect sizes in the

downsampled UKBB cohort and our MADCaP Network da-

taset (Figure S6).

Evolutionary genetics of MPB

We investigated multiple evolutionary hypotheses to

explain the poor portability of polygenic predictions and

continental differences in the genetic architecture of

MPB. Possible explanations involve the presence of private

alleles, ancient introgression of Neanderthal DNA, and

natural selection acting on genomic regions that have

been associated with baldness. Comparisons between the

allele frequencies of baldness-associated loci in different

continents reveal the existence of both ascertainment

bias and population-specific variation (Figure S7). Asym-

metries in joint site frequency spectrum plots arise because

genetic associations can only be detected for markers that

are polymorphic in the discovery population.64 In

Figure S7, European ascertainment yields an excess of

SNPs on the left and right sides of Figures S7A and S7B

and African ascertainment yields an excess of SNPs on

the top and bottom sides of Figure S7C. Notably, 34% of

the variants in the Hagenaars et al.34 PGS and 21% of the

variants in the Heilmann-Heimbach et al.32 PGS are near

monomorphic in Africa (MAF< 0.01). Similarly, 54% of in-

dependent African associations implicated in this present

study are near monomorphic in Europe (MAF < 0.01).

While previous studies have noted that Neanderthal

introgression impacts genes that affect skin and hair

morphology-related traits in European genomes,29,65,66

none so far have tested for a direct association between in-

trogressed alleles and MPB. Importantly, African genomes

are largely free of Neanderthal DNA. This difference be-

tween European and African genomes could be a potential

source of divergence in the genetic architecture of MPB.

Hence, we tested for enrichment for Neanderthal intro-

gression in autosomal MPB-associated variants that were

ascertained in European and African populations. Using

Skov’s introgressionmap,55 we calculated the introgression

frequencies of Neanderthal DNA in non-overlapping 10-kb

windows around baldness-associated SNPs and compared

these frequencies against 1,000 sets of matched control

SNPs. If Neanderthal introgression is a driver of differences

in the genetic architecture of MPB, then we would expect

to find that European-ascertained baldness loci are en-

riched for Neanderthal DNA compared with the rest of

the genome. However, neither MPB associations from Ha-
8 Human Genetics and Genomics Advances 6, 100428, July 10, 2025
genaars et al.34 (p ¼ 0.79) nor from Heilmann-Heimbach

et al.32 (p ¼ 0.81) were enriched for Neanderthal DNA

(Figures 4A and 4B). However, we caution that these ana-

lyses have limited power. Simulations revealed that we

have 80% power to detect Neanderthal enrichment at a

significance level of 0.05 if at least approximately 26%

and approximately 50% of the MPB associations from Ha-

genaars et al.34 and Heilmann-Heimbach et al.32 were truly

introgressed, respectively (Figure S2).

Natural selection can contribute to poor portability of

polygenic predictions.67 If local adaptation has been a

driver of differences in the genetic architecture of MPB,

then we would expect baldness-associated loci to be en-

riched for outliers of selection scans. Here, we tested for ev-

idence of polygenic selection by examining whether sets of

baldness-associated alleles have greater extended haplo-

type homozygosity than sets of control SNPs in 26 global

populations from the 1KGP. Regardless of ascertainment

scheme, sets of baldness-associated SNPs were not en-

riched for outlier iHS statistics compared with the rest of

the genome (Figure 4C) (see Table S2 for iHS statistics of in-

dividual MPB associations from our African GWASs).

To further understand the source of variation in the ge-

netic architecture of MPB, we investigated whether indi-

vidual baldness-associated loci have divergent allele fre-

quencies between Europe and Africa. Highly divergent

loci were identified by calculating FST statistics for bald-

ness-associated SNPs that were ascertained in European

and African populations. Prior work has revealed that an

FST of 0.4 corresponds with the 98.5th percentile of demo-

graphic simulations that assume neutral evolution of Euro-

pean and African populations.68 Consistent with the

polygenic scans of selection described above, most bald-

ness-associated SNPs have FST statistics that resemble the

rest of the genome (Figure 5). Although some SNPs are

FST outliers, this need not indicate that baldness-associated

SNPs are direct targets of natural selection, as genetic hitch-

hiking can cause allele frequencies to differ greatly across

populations. High FST SNPs from European studies of

baldness include rs4649041 at 1p36, rs13092705 at 3q26,

rs17053607 at 4q32, rs9300169 at 12p12, and three SNPs

at Xq12 (rs5965561, rs12558842, and rs2497911). High

FST SNPs from our African GWAS include rs143451223 at

1q41 and rs1204041 at Xq12.

Multiple X-linked variants that are associated with MPB

are evolutionary outliers.69,70 Key associations near the

EDA2R and AR genes include rs12558842 in Hagenaars

et al.,34 rs2497911 in Heilmann-Heimbach et al.,32 and

rs1204041 in our study. Although the ancestral A allele at

rs12558842 is nearly fixed in East Asian genomes, it is un-

common in Africa (1KGP allele frequencies of 0.998 in East

Asia, 0.836 in Europe, and 0.060 in Africa). The derived C

allele at rs2497911 has an allele frequency of 0.998 in East

Asia, 0.827 in Europe, and 0.041 in Africa. By contrast, the

derived T allele at rs1204041 is common in Africa and all

but absent from Eurasian populations (1KGP allele fre-

quencies of 0.488 in Africa, 0.002 in Europe, and 0.000



Figure 4. Tests of enrichment of Neanderthal DNA and recent polygenic selection
ECDFs of baldness-associated SNPs were compared with 1,000 sets of matched control SNPs, shown in gray. Most genomic loci have low
introgression frequencies.
(A) Loci from the Hagenaars et al.34 PGS, shown in red, are not enriched for introgressed Neanderthal DNA.
(B) Loci from the Heilmann-Heimbach et al.32 PGS, shown in blue, are not enriched for introgressed Neanderthal DNA.
(C) Tests of iHS outlier enrichment for baldness-associated variant lists (1KGP data). Percentile ranks were generated from comparisons
with 1,000 sets of matched control SNPs. Overall, autosomal SNPs that are associated with MPB are not enriched for signatures of recent
positive selection.
in East Asia). These three variants are within 304 kb of each

other and in LD, and additional insights can be gleaned

from haplotype frequencies at Xq12 in different continen-

tal populations. We note that that the ancestral AAC

Xq12 haplotype is all but absent from global populations

(Figure 5E) (SNP order: rs12558842, rs2497911, and

rs1204041). Intriguingly, multiple divergent haplotypes

have risen to high frequency, including CAT in Africa

and ACC in Eurasia (Figure 5E). These patterns are consis-

tent with the Xq12 region having undergone multiple in-

dependent selection events. Intriguingly, the EDA2R gene

at Xq12 is functionally related to the EDAR gene at 2q13

(OMIM: 604095), which has previously been associated

with scalp hair thickness and implicated in a genome-

wide scan of selection.71 The AR gene at Xq12 encodes a

steroid-hormone activated transcription factor that has

many downstream effects.72 Furthermore, we note that

Xq12 is in a genomic region with low recombination rates,

and divergent allele frequencies at this locus may be the

byproduct of genetic hitchhiking.
Hu
Discussion

Our analyses of an African dataset revealed that genetic

predictions of MPB generalize poorly across continental

populations. To explore whether this was due to differ-

ences in the genetic architecture of MPB, we conducted a

GWAS of this trait in sub-Saharan Africa. We identified

51 marginally significant baldness associations, many of

which are due to polymorphisms that are only found in Af-

rica. To the extent that we have statistical power to detect

enrichment of introgressed DNA, we did not find evidence

that Neanderthal introgression is a significant source of

continental differences in the genetic basis of MPB. In gen-

eral, recent positive selection does not seem to have been

the primary driver of trait-level differences in the genetic

architecture of MPB. Regardless, we note that some MPB-

associated variants may be exceptions to this general

pattern of neutral or nearly neutral evolution.

The complex evolutionary history of X-linked variants

near the EDA2R and AR genes has implications for the
man Genetics and Genomics Advances 6, 100428, July 10, 2025 9



Figure 5. FST distributions and haplotype frequencies
Higher FST statistics are indicative of greater amounts of population structure, i.e., larger allele frequency differences between Europe and
Africa (1KGP data).
(A) Distribution of FST statistics of baldness-associated loci from the Hagenaars et al.34 PGS.
(B) Distribution of FST statistics of baldness-associated loci from the Heilmann-Heimbach et al.32 PGS.
(C) Distribution of FST statistics of African baldness-associated loci.
(D) Genome-wide distributions of FST statistics from the 1KGP and SNPs in the NHGRI-EBI GWAS Catalog (all traits).
(E) Haplotype frequencies at Xq12 differ across the globe. Genomic positions refer to build hg38 and the ancestral haplotype is AAC.
prediction of androgenetic alopecia in different popula-

tions. We note that the X-linked rs12558842 polymor-

phism has the largest effect size in the Hagenaars et al.34

PGS (b ¼ �0.54 and p < 5.1 3 10�178) and rs2497911

has the greatest effect size in the in Heilmann-Heimbach

et al.32 PGS (b ¼ 0.80 and p ¼ 1 3 10�320). Both

rs12558842 and rs2497911 have minor alleles that are

more common in Europe than in Africa. The African

rs1204041 polymorphism has only a modest effect size

(b ¼ 0.2168 and p ¼ 4.60 3 10�7). Collectively, these de-

tails suggest that knowing whether someone’s maternal

grandfather was bald is more likely to be informative for

European men than African men.

This study adds to the growing body of evidence that ge-

netic predictions generalize poorly across populations.

Potential genetic causes of the poor portability of poly-

genic predictions can include allele frequency differences

(including private alleles) and effect size differences. Afri-

can populations also tend to have smaller LD blocks than

non-African populations, and GWAS hits that tag causal

variants in one population need not tag these same vari-

ants well in other populations. Although GWASs can yield
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valuable insights about complex traits,12,73–75 the poor

portability of findings across genetic ancestries can impact

downstream applications like Mendelian randomiza-

tion.76,77 Similarly, although some authors have suggested

that PGS for traits like baldness may be useful in crime

scene investigations and reconstructing the phenotypes

of archaic humans,35 care must be taken when doing so,

as the genetic architectures of complex traits can differ

across populations.

Our study of androgenetic alopecia is not without its

limitations. One caveat is that our sample sizes were rela-

tively limited, which means that some of the marginally

significant associations identified in this study are likely

to be false positives. Although limited sample sizes can

contribute to the limited replication of findings across

studies, our analyses demonstrate that a sample size of

2,136 is sufficient to identify continental differences in

the genetic architecture of MPB (Figures S3 and S4).

However, we caution against overinterpreting effect size es-

timates for individual MPB-associated variants. African

baldness patterns were obtained via a self-reported ques-

tionnaire using the Hamilton-Norwood scale. Although
5



this instrument has been widely used in various European

populations, no classifier is perfect and phenotypic

misclassification is an issue that can hamper any study,78

including our analysis of African men and the European

studies by Hagenaars et al.34 and Heilmann-Heimbach

et al.32 We note that the UKBB cohort in Hagenaars

et al.34 had a median age of 57, while phenotypes in the

MADCaP Network dataset refer to age 45. Furthermore,

the African men included in our study were recruited

from different hospital departments and there is potential

that some of their comorbidities may have had a potential

impact on the baldness score and pattern. Genotype-envi-

ronment interactions may also contribute to the relatively

poor portability of polygenic predictions. We note that the

study sites analyzed here contain individuals from a wide

range of sociolinguistic groups and genetic ancestries,

and there may substantial heterogeneity in the genetic

architecture of MPB and other complex traits within

Africa.79,80

Going forward, there is a clear need to conduct addi-

tional studies of diverse African ancestry populations

(including functional genomics experiments to infer mo-

lecular mechanisms that are due to private alleles and gen-

eration of large African reference panels). Future studies

with larger sample sizes will have greater statistical power

to detect genetic associations with population-specific

rare alleles. Because early-onset MPB is indicative of the

levels of sex hormones,81 future studies combining bald-

ness phenotypes with genetic data may be informative

about the risks of other hormonal diseases.
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https://github.com/LachanceLab/baldness_genetics.
Acknowledgments

We thank the three anonymous reviewers andmembers of the Cen-

ter for Integrative Genomics at Georgia Institute of Technology for

their helpful comments and suggestions.We also thank the individ-

uals who participated in this study. This work was supported by

NIGMS Grant R35GM133727, and it is a product of the MADCaP

Network (NCI grants U01CA184374 and R01CA259200).
Declaration of interests

The authors declare no competing interests.
Supplemental information

Supplemental information can be found online at https://doi.org/

10.1016/j.xhgg.2025.100428.
Hum
Web resources

1000 Genomes Project (1KGP): https://www.internationalgenome.

org/

GAS Power Calculator: https://csg.sph.umich.edu/abecasis/cats/

gas_power_calculator/

Hagenaarset al. PGS:https://doi.org/10.1371/journal.pgen.1006594.

s002

Heilmann-Heimbach et al. PGS: https://www.nature.com/articles/

ncomms14694

LDlink: https://ldlink.nih.gov/

MADCaP Network: https://madcapnetwork.org/

NHGRI-EBI GWAS Catalog: https://www.ebi.ac.uk/gwas/

OMIM: https://www.omim.org/

POLMM: https://github.com/WenjianBI/POLMM/

Skov’s introgression map: http://tinyurl.com/5dbwfpvk

snpXplorer: https://snpxplorer.net/

UK Biobank: https://www.ukbiobank.ac.uk

Received: January 22, 2024

Accepted: March 20, 2025
References

1. Benton, M.L., Abraham, A., LaBella, A.L., Abbot, P., Rokas, A.,

and Capra, J.A. (2021). The influence of evolutionary history

on human health and disease. Nat. Rev. Genet. 22, 269–283.

https://doi.org/10.1038/s41576-020-00305-9.

2. O’Connor, L.J., Schoech, A.P., Hormozdiari, F., Gazal, S., Pat-

terson, N., and Price, A.L. (2019). Extreme polygenicity of

complex traits is explained by negative selection. Am. J.

Hum. Genet. 105, 456–476.

3. Timpson, N.J., Greenwood, C.M.T., Soranzo, N., Lawson, D.J.,

and Richards, J.B. (2018). Genetic architecture: the shape of

the genetic contribution to human traits and disease.

Nat. Rev. Genet. 19, 110–124. https://doi.org/10.1038/nrg.

2017.101.

4. Martin, A.R., Gignoux, C.R., Walters, R.K., Wojcik, G.L., Neale,

B.M., Gravel, S., Daly, M.J., Bustamante, C.D., and Kenny, E.E.

(2017). Human Demographic History Impacts Genetic Risk

Prediction across Diverse Populations. Am. J. Hum. Genet.

100, 635–649. https://doi.org/10.1016/j.ajhg.2017.03.004.

5. Sella, G., and Barton, N.H. (2019). Thinking about the evolu-

tion of complex traits in the era of genome-wide association

studies. Annu. Rev. Genom. Hum. Genet. 20, 461–493.

6. Durvasula, A., and Lohmueller, K.E. (2021). Negative selection

on complex traits limits phenotype prediction accuracy be-

tween populations. Am. J. Hum. Genet. 108, 620–631.

7. Hansen, T.F. (2006). The evolution of genetic architecture.

Annu. Rev. Ecol. Evol. Syst. 37, 123–157.

8. Lappalainen, T., Li, Y.I., Ramachandran, S., and Gusev, A.

(2024). Genetic and molecular architecture of complex traits.

Cell 187, 1059–1075. https://doi.org/10.1016/j.cell.2024.

01.023.
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