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in carriers of missense variants with CADD scores at least 25 (581 car-
riers, beta = 0.059, P = 1.8 × 10−7) (Supplementary Table 20). Logistic 
regression for the dichotomous mLOX status observed a consistent 
effect of FBXO10 missense variants associated with a twofold increased 
risk of acquiring mLOX (OR = 2.1 [1.6–2.7], P = 1.4 × 10−7). We further 
confirmed this association using a distinct analytical pipeline imple-
menting STAAR47 (P = 2.5 × 10−7) and SAIGE-GENE+48 (P = 9.5 × 10−8 for the 
3-way combined quantitative measure and P = 3.0 × 10−7 for the dichoto-
mous status). A leave-one-out analysis confirmed this association was 
not restricted to a single coding variant (P < 3.0 × 10−7). FBXO10 is the 
substrate-recognition component of the SKP1–CUL1–F-box protein 
(SCF)-type E3 ubiquitin ligase complex. The SCF complex mediates 
ubiquitination and degradation of the anti-apoptotic regulator BCL2, 
and thereby has a role in apoptosis by controlling the stability of BCL249.

cis selection of X chromosome alleles
As several germline variants reside on the X chromosome, we sought 
to investigate whether—for a given X chromosome variant—mLOX cells 
with one allele retained in a hemizygous state confer a propensity to 
be retained or a selective advantage over mLOX cells with the alternate 
X allele retained (Extended Data Fig. 1b). Conditional on mLOX hav-
ing been detected, for each variant on the X chromosome, we tested 
whether there is a higher frequency of a given allele retained com-
pared with the alternate allele being retained14 (Methods). This allelic 
shift analysis is similar to a transmission disequilibrium test50 which 
is robust to the presence of population structure, with only heterozy-
gous genotypes being informative. Of the 1,645,601 X chromosome 
variants we examined, 25,370 (1.5%) reached the significance threshold 
(P < 5.0 × 10−8). We identified 44 independent X chromosome variants 
with shifted allelic fractions on the retained X chromosome (Meth-
ods and Supplementary Table 21). The allelic shift signals spanned the 
length of the X chromosome (Fig. 3), with the strongest signals observed 
near the centromere (lead variant rs6612886; out of 39,246 heterozy-
gous rs6612886 genotypes examined, 25,035 had the alternative C allele 

lost while 14,211 had the reference T allele lost, OR = 1.76 [1.73–1.80], 
P = 4.0 × 10−659). To investigate if the observed associations were driven 
by variant density, we explored the relationship between the number of 
markers being statistically significant and the total number of markers 
we examined within a window size of 1 kb and found no relationship 
between the two measures (Supplementary Fig. 10). Finally, signals were 
consistent across seven biobanks further supporting the robustness 
of the results (Supplementary Fig. 11 and Supplementary Table 22).

Similar to GWAS lead variants, 35 out of 43 lead variants (one variant 
was dropped owing to no appropriate proxy variant available in blood 
cell phenotype GWAS46) identified from allelic shift analyses were asso-
ciated with at least one blood cell phenotype (prioritized genes P2RY8, 
WAS, PJA1, PLS3, ITM2A, TMEM255A and SOWAHD) (Supplementary 
Table 23), especially for several variants near the centromere region 
(Extended Data Fig. 3).

Among variants exhibiting significant allelic shifts in mLOX cases, 
59 were coding variants (Supplementary Table 24) including 16 vari-
ants from 11 genes (P2RY8, FANCB, UBA1, WAS, USP27X, VSIG4, PJA1, 
CITED1, POF1B, SAGE1 and MAP7D3) that are likely to be lead signals 
(Supplementary Fig. 12). The genes VSIG4 (rs41307375, rs41306131 and 
rs17315645, r2 < 0.001) and SAGE1 (rs41301507 and rs4829799, r2 = 0.30) 
each contained more than one independent missense variant. On the 
basis of the Human Protein Atlas (https://www.proteinatlas.org/), 
several genes with identified missense variants were also associated 
with cancer risk/progression (P2RY8, UBA1, WAS and SAGE1), mental 
disorders (for example, USP27X for intellectual disability and PJA1 for 
schizophrenia51), or had relevance to DNA damage and repair (FANCB) 
and apoptosis (CITED1). Additionally, several genes were involved in 
X-linked recessive disorders (for example, FANCB for Fanconi anaemia, 
WAS for Wiskott–Aldrich syndrome, and POF1B for X-linked premature 
ovarian failure) or are known to escape from X chromosome inactiva-
tion5 (for example, P2RY8, UBA1, WAS, VSIG4 and POF1B).

Most X chromosome variants identified from the allelic shift analysis 
were not shared with the variants from the GWAS of mLOX (Fig. 4), 
except for rs4029980 (X:57044373:T:C, proxy SNP X:57076270:G:A, 
r2 = 0.87) and rs6612886 (X:58090464:T:C, proxy SNP X:58096823:A:C, 
r2 = 0.98) near the centromere and rs12836051 (X:115690491:A:G). 
Unlike GWAS, which can identify germline variants related to both 
chromosome missegregation and subsequent clonal selection, X chro-
mosome signals identified from allelic shift analysis suggests that in 
many female participants, mLOX strongly favours one X chromosome 
over the other based on the differing allelic content. This preference 
could arise from the clonal selection on retained alleles or could be 
owing to allelic influences on X inactivation skewing (Extended Data 
Fig. 4), which later manifests as an allelic shift if mLOX occurs since 
mLOX mostly affects the inactive X chromosome1.

We then investigated how accurately we could predict which X chro-
mosome is likely to be retained when detectable mLOX occurs. An X 
chromosome differential score was constructed on the basis of the 44 
independent variants identified from allelic shift analysis by generating 
a chromosome-specific score for each X chromosome and calculating 
the difference between scores of two X chromosomes (Methods). To 
avoid overfitting, the prediction performance was tested with data 
from 27,001 FinnGen mLOX cases, with effect sizes of lead variants 
estimated from the allelic shift analysis of 56,319 mLOX cases from 
six biobanks excluding FinnGen. The fraction of mLOX cases with the 
retained X chromosome correctly inferred was 63.7% across all mLOX 
cases and up to 80.7% for mLOX cases within the top 10th percentile 
(Fig. 5). When partitioning the contribution at a variant level, starting 
from the most significant variants (Extended Data Fig. 5), the fraction 
correctly inferred reached >60% when including the first four lead 
variants (rs58090464, rs57044373, rs115690491 and rs79395749), and 
the improvement of prediction accuracy from adding another 40 lead 
variants increased performance but was smaller in comparison (frac-
tion from 60.3% to 63.7%). We also performed simulation analyses to 
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assess the upper limit of prediction performance that can be reached in 
FinnGen mLOX cases, given the distribution of allele frequencies of 44 
lead variants (Methods). Overall, the fraction of mLOX cases correctly 
inferred from real data analysis (63.7%) approached that obtained from 
simulation analysis (65.0%) (Supplementary Figs. 13 and 14). To further 
understand whether female individuals carrying higher X chromo-
some differential scores would have an increased lifetime disease risk, 
we examined its association with 1,630 disease endpoints in 27,001 
FinnGen mLOX cases (Methods) and identified significant associations 
with cardiovascular diseases (for example, for major coronary heart 
disease event, HR = 1.13 [1.07–1.20] for a 1× s.d. change in the score, 
P = 2.1 × 10−5) and suggestive evidence for associations with myelo-
proliferative diseases such as polycythaemia vera (HR = 1.7 [1.2–2.4], 
P = 1.3 × 10−3) (Supplementary Table 25).

Discussion
This population-based analysis of approximately 900,000 female par-
ticipants with European and Asian ancestries indicates that detectable 
mLOX can be observed in a substantial fraction of middle-aged and 
older female participants, but typically affects less than 5% of circulat-
ing leukocytes. For non-genetic risk factors, we replicated prior mLOX 
associations with age and identified an association with tobacco smok-
ing among high cell fraction mLOX. Our large sample size coupled with 
an improved mLOX detection approach enabled the identification of 
56 common independent germline susceptibility signals across 42 loci 
and rare coding variations in FBXO10 associated with mLOX. The mLOX 
germline susceptibility signals implicate genes involved in kinetochore 
and spindle function, blood cell measurements, cancer predisposition 
and immunity as aetiologically relevant to mLOX susceptibility. Little 
heterogeneity was noted in these loci across contributing studies or 
ancestry.

We identified shared and, more surprisingly, distinct genetic aeti-
ologies of mLOX with mLOY, which occurs frequently in ageing male 
individuals—albeit at higher cell fractions. The two traits are moderately 
correlated genome-wide and 7 out of the 56 mLOX variants demon-
strated evidence for shared effects for both mLOX and mLOY. Shared 
mLOX and mLOY variants were enriched for genes that are important 
for cancer susceptibility and blood cell traits; however, effects observed 
for mLOX were noticeably attenuated from effects observed for mLOY. 
This attenuation could be owing to differences in our ability to detect 
mLOX at lower cell fractions relative to mLOY or could be a biological 
impact since mLOX is often present at lower cell fractions relative to 

mLOY. Variants specific to mLOX demonstrated unique evidence for 
associations with immunity, including HLA alleles, which could have 
a role in the selection of X-linked cell surface antigens, in addition to 
genes relevant to mitotic missegregation (proposed mechanisms in 
Supplementary Fig. 15).

In addition to GWAS, we also performed allelic shift analyses on X 
chromosome germline variants to identify signals of cis clonal selection. 
These analyses identified strong independent signals of cis selection 
near the centromere as well as multiple additional signals spanning 
across the X chromosome. Interestingly, the majority of the allelic 
shift loci were not detected in the GWAS, demonstrating the ability 
to identify signals of selection by utilizing this approach. Although 
the centromeric signals for allelic shift were strongly associated with 
several blood cell phenotypes, their location near the centromere 
could tag germline variation with relevance for kinetochore forma-
tion and spindle attachment in this region and may predispose specific 
X chromosomes to missegregation errors, although, there is limited 
knowledge on how germline variation in DNA sequences could affect 
centrosomal protein binding and spindle formation52,53. Other loci 
identified by allelic shift analyses provide support for genes involved in 
escaping X inactivation, cancer susceptibility and blood cell traits being 
relevant to mLOX. Scores created that aggregate information across 
allelic shift loci correctly predicted which X chromosome was more 
likely to be retained in a high percentage of female participants with 
mLOX in which the difference in X chromosome scores was high. Thus, 
we have demonstrated the utility of a score that takes into account mul-
tiple germline variants to predict which chromosome will be affected if 
a somatic event occurs. Our approach for identifying variation impor-
tant for X chromosome loss may be extendable to investigating other 
somatic events with relevance for cancer risk.

In conclusion, we provide evidence for a strong germline component 
of somatically occurring mLOX in which genes related to cancer suscep-
tibility, blood cell traits, autoimmunity and chromosomal missegrega-
tion events are relevant to mLOX susceptibility. Further, we identify 
many strong cis effects for X chromosome loci that are associated with 
X chromosome retention and promotion of clonal expansion. Genetic 
insights from mLOX could also be relevant to better understanding 
skewed X inactivation, another commonly observed X chromosome 
abnormality in middle-aged and older female individuals.
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Methods

Definition of mLOX
Detection of mLOX events from SNP array data in eight biobanks. 
All DNA samples were obtained from peripheral leukocytes of female 
participants and typed with SNP arrays. mLOX analyses were restricted 
to individuals who are genetically female and have two copies of the 
X choromosome at birth. The median (s.d.) age at sample collection 
for genotyping ranged from 44 (16.3) for EBB to 65 (15.8) for BBJ. The 
calling of mLOX was performed using the MoChA pipeline (https://
github.com/freeseek/mochawdl), with GRCh38 assembly as the refer-
ence genome build. The mLOX detection ability is related to X chromo-
some probe density, missing genotype frequency, clarity of raw probe 
intensity signals, and phasing accuracy – all of which can be linked to 
the molecular approach and number of X chromosome probes on the 
genotyping platform used by each biobank for genotyping. As such, the 
MoChA pipeline was run separately within each biobank, and biobank 
results were then meta-analysed for all association analyses to avoid 
potential cohort effects, except where noted.

The raw genotyping array signal intensities of each variant were 
first transformed to B allele frequency (BAF) (relative intensity of the 
B allele) and log R ratio (LRR) (total intensity of both alleles). Then, 
haplotype phasing was performed using SHAPEIT454 across all batches 
of a biobank, except for BBJ and BCAC, for which phasing was done 
separately within each biobank sub-cohort (for BBJ, 4 sub-cohorts, with 
cohort sizes ranging from 3,888 to 45,877; for BCAC, 2 sub-cohorts of 
breast cancer cases and controls by genotyping array platform, with 
cohort size of 72,145 and 105,177). Utilizing long-range haplotype phas-
ing can improve the sensitivity of detecting large mosaic events with 
low cell fractions14, which is characteristic of mLOX. To avoid issues 
with phasing and the subsequent mLOX calling, we excluded variants 
with poor genotyping quality such as segmental duplications with 
low divergence (<2%) and SNPs with high levels of missingness (>3%) 
or heterozygote excess (P < 1.0 × 10−6). Finally, the calling of mLOX 
events was performed within each batch based on the imbalance of 
phased BAF of heterozygous sites over the whole X chromosome. To 
filter out 47,XXY and 47,XXX samples, we restricted to X chromosome 
events with estimated ploidy less than 2.5, where the estimated ploidy 
is estimated by first computing the median LRR across the assayed X 
chromosome SNPs and then by computing the value 21 + (LRR/LRR-hap2dip) 
with LRR-hap2dip (the difference between LRR for haploid and dip-
loid) set at 0.45 by default. We further removed events with length 
<100 Mb to exclude partial X chromosome loss (for example, 2.0% in 
FinnGen) as they might be caused by different mechanisms compared 
to the major type of full mLOX events. For each mLOX event that passed 
quality control, the fraction of cells (cf) with X loss was calculated as 
4 × bdev/(1 + 2 × bdev), where bdev is the estimated BAF deviation of 
heterozygous sites.

The 2022-01-14 version of MoChA was used to detect the dichoto-
mous mLOX status for all biobanks, except for BBJ (versions 2021-08-17 
and 2021-09-07) and BCAC (version 2022-12-21). The priors of MoChA 
have been updated since version 2021-05-14 to improve the detection 
of low cell fraction mLOX calls, and thus, the biobanks that used the 
updated MoChA pipeline (all biobanks that contributed to this study) 
are expected to yield higher age-adjusted mLOX frequencies than those 
that used the previous version. For BCAC, we included both those diag-
nosed as breast cancer cases (N = 99,043) and cancer-free controls 
(N = 78,279) in the analyses. A brief description of each contributed 
biobank (for example, continental ancestry, sample size, age structures 
and SNP array) is available in Supplementary Table 1.

Estimation of X chromosome dosages from UKBB WES data. For 
UKBB, the WES data was released in late 202155, which enabled identifica-
tion of X loss from sequencing allelic dosage data in combination with 
array data. The relative X chromosome dosage at the individual level was 

estimated following the steps described previously56. In brief, we first 
generated mean coverages from the original WES data for variants on 
the autosomes and the X chromosome non-pseudoautosomal regions, 
separately; then, we obtained the relative X chromosome dosage by 
adjusting for the mean coverage of autosomes. Therefore, for UKBB, 
three ways were available to define the mLOX phenotype, including 
the dichotomous mLOX status derived from the phased BAF method 
(by MoChA) and two quantitative measures employing either median 
log2 R ratio (mLRR) from SNP array data or allele dosage from WES data. 
To assess the performances of the three mLOX measures in UKBB, we 
compared either mLRR or X dosage between the case and the control 
groups defined by MoChA (Supplementary Fig. 2a–c). As shown in 
Supplementary Fig. 2b,c, the participants identified as mLOX cases by 
MoChA exhibited lower mLRR (ANOVA test, P = 1.5 × 10−5) and X dosage 
value (P < 1.0 × 10−250) than mLOX controls. Then, for mLOX cases, we 
examined the relationships between three measures representing the 
extent of mosaicism (Supplementary Fig. 2d–f), including cell fraction 
(from MoChA), mLRR and X dosage. Overall, significant correlations 
were observed across the 3 measures, with the absolute Pearson correla-
tion coefficient ranging from 0.42 between mLRR and X dosage to 0.86 
between mLOX cell fraction and X dosage. Again, given that mLRR is a 
noisier measure than X dosage, for mLOX cell fraction, a stronger cor-
relation was observed with X dosage (r = −0.86) than with mLRR (−0.48).

Enhanced 3-way combined mLOX calls in UKBB. In addition to the 
dichotomous mLOX status defined by the phased BAF method, for 
UKBB, we proposed a new quantitative measure by combining the 3 
methods of mLOX calling for UKBB, that is, the mLOX combined call 
(3-way) = mLOX status + 2 × cf − 2 × mLRR − 4 × (dosage − 2) (cropped 
to the range [0,2]). The intuition behind this newly proposed measure 
was to emphasize mLOX cases with larger cell fractions (similar to the 
strategy used by a recent mLOY study57) while obtaining enhanced 
mLOX calls from integrating independent information of both SNP 
array and WES data. As not all participants with SNP array data had WES 
data available, we imputed the missing 3-way mLOX combined calls with 
2-way combined calls, defined as mLOX status + 3 × cf − 3 × mLRR (also 
cropped to the range [0,2]). As age is strongly associated with mLOX, 
we evaluated the age–mLOX association for MoChA calls versus the 
enhanced 3-way combined mLOX calls. Compared to the dichotomous 
mLOX status derived from MoChA, the t-test statistic for association 
with age was increased by 29.2% when using the 3-way combined calls, 
suggesting increased power to detect mLOX. Enhanced 3-way combined 
mLOX calls were used for UKBB in the GWAS meta-analysis and the 
exome-wide rare variant gene burden test.

Environmental determinants and epidemiological consequences
To investigate the effect of lifestyle factors on the odds of acquiring 
mLOX, we assessed the associations between smoking and BMI with 
mLOX in the FinnGen cohort. In FinnGen data freeze 9, 50.3% of female 
participants had smoking status (N = 84,926) and 18.4% had measure-
ments for BMI (N = 31,101) recorded at enrolment. We applied a logistic 
regression model adjusting for age (at genotyping), age2, and the first 
ten principal components as covariates. As sensitivity analyses, we 
restricted the analyses to expanded mLOX calls having cf >5%. Given 
that we identified a significant association between ever-smoking and 
expanded mLOX, we further adjusted for ever-smoking status when 
assessing the effect of BMI on mLOX. To examine whether the environ-
mental determinants were shared or distinct between mLOX in female 
participants and mLOY in male participants, we also extended the asso-
ciation analyses to mLOY (N = 76,808 for smoking, N = 33,668 for BMI). 
To validate our findings identified from FinnGen, we performed the 
same analyses for smoking (N = 241,761) and BMI (N = 242,024) in UKBB.

To assess the clinical consequences of acquiring mLOX, we performed 
a Cox proportional hazards regression for incident cases in FinnGen, 
UKBB, MVP and MGB independently, with time on study as the time 
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scale. For covariates, we recommended each biobank adjust for age, 
age2, smoking and the first ten principal components. Meta-analysis 
across four biobanks was carried out with a fixed-effect model applied 
in the meta package58. For each disease, we applied Cochran’s Q-test to 
assess heterogeneity across biobanks with different healthcare systems. 
In total, we examined 1,253 phecodes covering 13 disease categories. 
Accordingly, the multiple-testing corrected P value threshold was set 
to P < 4.0 × 10−5. In the main analysis, we used all detectable mLOX calls 
without restriction for cell fraction. For a sensitivity analysis, we consid-
ered mLOX having cf >10% as expanded calls, following the definition 
used by Zekavat et al.2.

To further understand the phenotypic associations for mLOX, we 
applied a linear regression model adjusting for age, age2, smoking and 
the first ten principal components as covariates for a broad range of 
representative quantitative traits across anthropometry, reproduc-
tive health, lung function, blood cell parameters, blood biomarkers, 
urine biomarkers, cognitive function, and telomere length using the 
data from UKBB. The same analyses were performed for all detect-
able mLOX calls without restriction for cf as well as for expanded calls 
having cf >10%.

Common and rare germline variants associated with detectable 
mLOX susceptibility
GWAS of dichotomous mLOX status in eight contributed biobanks. 
To identify common germline variants (MAF > 0.1%) associated with risk 
of detectable mLOX in peripheral leukocytes, we performed a GWAS on 
chromosomes 1–22 and the X chromosome in each of eight contribut-
ing biobanks independently, for a total of 883,574 female participants. 
For the dichotomous mLOX status (derived from MoChA), GWAS was 
conducted for FinnGen and BCAC using the scalable and accurate im-
plementation of generalized mixed model (SAIGE)59 and for the other 
six biobanks (including UKBB) using REGENIE60 applied in the assoc.
wdl pipeline (part of the MoChA pipeline; https://github.com/freeseek/
mochawdl). Both SAIGE and REGENIE are feasible to account for sample 
relatedness and extreme case–control imbalances of a dichotomous 
phenotype. For covariates, each biobank adjusted for age (at genotyp-
ing), age2, and the first 20 genetic principal components. The effective 
sample size, presented in Extended Data Table 1, was calculated as 
(4 × Ncase × Ncontrol)/(Ncase + Ncontrol).

GWAS of 3-way combined quantitative mLOX measure in UKBB. 
For UKBB, to improve the power of GWAS, we used the new quantita-
tive measure that combined the three ways of mLOX calling. For the 
proposed quantitative mLOX measure, GWAS was performed with the 
linear mixed model applied in BOLT-LMM61.

GWAS meta-analysis. For each contributed biobank, we filtered 
out variants with MAF < 0.1% or imputation INFO score <0.6. We also 
inspected allele frequencies of each biobank versus Genome Aggre-
gation Database (gnomAD) 3.0 as well as the relationship between 
standard errors and effective sample sizes across biobanks, as ap-
plied by the COVID-19 Host Genetics Initiative meta-analysis62. Given 
that no biobank deviated from the expected pattern, we conducted 
meta-analyses across biobanks. In addition to the dichotomous mLOX 
measure used by all biobanks, UKBB was able to run GWAS with an 
additional quantitative measure that combined information of three 
ways of mLOX calling and thus was expected to yield increased power 
in GWAS. Depending on which mLOX measure was used in the UKBB 
GWAS, we applied two fixed-effect meta-analysis models accordingly. 
When using the dichotomous measure, we applied the inverse variance 
weighting (IVW) method, which weighted the effect size estimated 
from an individual biobank by its inverse variance. When UKBB used 
the 3-way combined measure as the GWAS phenotype, we employed the 
weighted z-score method (weighted by the square root of the effective 
sample size) applied in the METAL (v.2011-03-25) software63, which can 

manage the different units of dichotomous and quantitative measures. 
As the main analysis, we meta-analysed summary statistics across all 
eight biobanks regardless of ancestry and applied Cochran’s Q-test to 
assess the heterogeneity. To further investigate the effect of ancestry, 
we also conducted a meta-analysis for seven biobanks containing only 
participants with European ancestry (excluding BBJ participants with 
East Asian ancestry).

Independent loci identification and gene prioritization. To identify 
independent signals and prioritize candidate causal genes, we applied 
the GWAStoGenes pipeline for variants presented in at least half of 
the contributed biobanks. In brief, primary independent signals asso
ciated with mLOX susceptibility at a genome-wide significance level 
(P < 5 × 10−8) were initially selected in 2-Mb windows64 (spanning a ±1-Mb 
region around the most significant variant). Secondary independent 
signals were identified by using an approximate conditional analysis 
applied in GCTA64, with LD structures constructed from UKBB samples. 
Secondary signals were only considered if they were genome-wide  
significant, in low LD (r2 < 0.05) with primary signals, and having as-
sociation statistics unchanged with the conditional analysis. We also  
excluded variants without any nearby genes (within 500 kb) documen
ted in the NCBI RefSeq dataset65. In total, we identified 56 indepen
dent common susceptibility variants across 42 loci.

Candidate genes were prioritized using the following criteria and 
scored by their strength of evidence for causality. First, signals were 
annotated with their physically closest genes. Second, signals and their 
closely linked variants (r2 > 0.8) were annotated if they were predicted 
deleterious coding variants, or if the paired genes exhibited a gene-level 
association when collapsing all predicted deleterious coding vari-
ants within a gene using multi-marker analysis of genomic annotation 
(MAGMA)66. Third, non-coding signals and closely linked variants were 
then annotated if they could be mapped to known enhancers using 
the activity-by-contact enhancer maps67, but restricted to available 
cells and tissue types where each gene was actively expressed. Fourth, 
colocalization between GWAS and expression quantitative trait locus 
(eQTL) data was performed using the summary data-based Mendelian 
randomization (SMR) and heterogeneity in dependent instruments 
(HEIDI) test (version 0.68)68 and the approximate Bayes factor method 
applied in the coloc package (version 5.1.0)69. These two tools were 
used in conjunction, as using a combination of colocalization meth-
ods has been shown to outperform single approaches70. To identify 
tissues exhibiting a significant genome-wide enrichment, we used LD 
score regression applied to specifically expressed gene (LDSC-SEG)71 
approach, with eQTL datasets from cross-tissue meta-analysed GTEx 
eQTL v.772, eQTLGen73 and Brain-eMeta74. The same set of analyses 
were also applied to a protein quantitative trait locus (pQTL) dataset75. 
Finally, by integrating GWAS summary statistics with data from gene 
expression, biological pathway, and predicted protein–protein interac-
tion, candidate genes were identified using the gene-level polygenic 
priority score (PoPS) method76.

Independent loci in UKBB with different mLOX measures. Among 
the 56 mLOX susceptibility variants identified from the GWAS 
meta-analysis, in UKBB, 47 out of 55 (85%, one missing in UKBB) have a 
lower P value when using the enhanced 3-way combined mLOX calling 
method compared to the standard MoChA calling method, suggesting 
the enhanced 3-way combined approach is recommended for mLOX 
detection when WES data is available. We noted that the meta-analysis 
signals might favour the 3-way combined measure over the binary 
MoChA calls given the 3-way combined calls were used for UKBB in 
the GWAS meta-analysis.

Gene burden test for rare variants causing detectable mLOX. To 
identify rare germline variants (MAF < 0.1%) associated with the risk of 
detectable mLOX, we performed gene burden tests on chromosomes 
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1–22 and the X chromosome in 226,125 UKBB female participants 
with WES data available. We performed WES data pre-processing and 
quality control following Gardner et al.77. We annotated variants us-
ing the ENSEMBL Variant Effect Predictor (VEP) v10478 and defined 
protein-truncating variants (PTVs) as high-confidence (HC, as de-
fined by LOFTEE) stop gained, splice donor/acceptor, and frameshift 
consequences. We then utilized CADDv1.6 to score a variant based on 
its predicted deleteriousness79. Only non-synonymous variants with 
MAF < 0.1% were included in the analysis. As the main analysis, we used 
BOLT-LMM59 to perform the gene burden test. For each gene, we defined 
individuals with high-confidence PTVs, missense variants with CADD 
scores ≥ 25 (MISS_CADD25), and damaging variants (HC_PTV + MISS_
CADD25) (DMG) as carriers. Then, carriers with non-synonymous 
variants were defined as heterozygous and non-carriers as homozy-
gous. For covariates, we adjusted for age, age2, batches and the first 
ten principal components. We further excluded the genes with less 
than 50 non-synonymous variant carriers for each setting, resulting 
in 8,702 genes for HC_PTV, 15,144 for MISS_CADD25 and 16,493 for 
DMG, for a total of 40,339 genes. Accordingly, the Bonferroni corrected 
exome-wide significant threshold was set to 0.05/40,339 = 1.2 × 10−6. 
To avoid the identified association dominated by a single variant, as 
sensitivity analysis, we conducted a leave-one-out analysis using a 
generalized linear model for each significant gene. In addition, we 
reproduced the associations detected by BOLT-LMM61 with STAAR 
(variant-set test for association using annotation information)47 
and SAIGE_GENE+ (scalable generalized mixed-model region-based 
association test plus)48 to address the potential case–control  
imbalance issue.

Pathway and gene set analysis. To identify gene sets enriched in 
the same biological process, we performed pathway-based analy-
sis using the summary data-based adaptive rank truncated product 
(sARTP) method80. We used summary statistics from meta-analysis 
of seven biobanks of European ancestry (without BBJ) and linkage 
disequilibrium (LD) structures constructed from European ances-
try samples of the 1000 Genomes project81. We considered a total of 
6,285 gene sets available in GSEA (https://www.gseamsigdb.org/gsea/
msigdb/). Accordingly, the Bonferroni corrected P value was set to  
0.05/6,285 = 8.0 × 10−6.

Genetic correlation. To investigate whether there are traits that are 
genetically correlated with mLOX susceptibility, we estimated genetic 
correlations between mLOX and 60 phenotypes (including both major 
diseases and blood cell phenotypes) using LD score regression (LDSC)82. 
For LDSC, we used HapMap383 SNPs and LD structures constructed from 
1000 Genomes project81 samples of European ancestry.

Per-chromosome heritability. To examine whether the observed herit-
ability for each chromosome was proportional to chromosome length, 
we estimated per-chromosome heritability for 3-way combined mLOX 
measure in UKBB using BOLT-REML84. Given the large associations of 
HLA genes, we further examined how heritability explained by chro-
mosome 6 changed after excluding variants from the extended MHC 
region (GRCh38: chr. 6: 25.7–33.4 Mb).

Shared and distinct mechanisms between mLOX in female 
participants and mLOY in male participants
Bayesian models to cluster variants by effects on mLOX and mLOY. 
We utilized a Bayesian line model framework (https://github.com/
mjpirinen/linemodels) to assign each of the 56 independent com-
mon variants identified from mLOX GWAS and 147 variants (9 variants 
dropped due to missing in mLOX GWAS) from the published mLOY 
GWAS13 into 3 groups: specific to mLOX, specific to mLOY, and shared 
between mLOX and mLOY. In general, each variant was fitted into the 
model separately and assigned to a specific group mainly based on its 

estimated effect sizes on mLOX and mLOY (variances of the estimates 
were considered as well to capture the uncertainty, but not for directly 
deciding the group) rather than P values or effective sample sizes of the 
GWAS discovery populations. The slopes of the line models were set to 
0 for the group of variants specific for mLOY and infinite for variants 
specific for mLOX. For variants shared between mLOX and mLOY, the 
slope was set to 0.3, based on the effects of four variants (rs568868093, 
rs381500, rs2280548, rs78378222) that were genome-wide significant 
in both mLOX GWAS and mLOY GWAS. For all three line models, the 
prior s.d. determining the magnitude of the effects was set to 0.15 and 
the correlation parameter determining the allowed deviations from 
the lines to 0.995. The correlation between mLOX and mLOY GWAS 
statistics was set to 0 given that there was no overlap between samples 
used in the two GWAS. We assumed a uniform prior for the three models 
and obtained the posterior probabilities for each data point separately 
within a Bayesian framework. Probability assignment threshold was 
set to 95%.

Fine-mapping of HLA alleles in FinnGen. Given the large associations 
with mLOX and the high polymorphism of HLA genes, we fine-mapped 
HLA alleles at a unique protein sequence level in the FinnGen cohort. 
In FinnGen data freeze 9, a total of 172 HLA alleles of 10 transplanta-
tion genes were imputed using a Finnish-specific reference panel, 
as described in Ritari et al.85. We conducted the association analysis  
between each imputed HLA allele and the dichotomous mLOX status 
in 168,838 Finnish female participants (27,001 cases) using a multi-
variate logistic regression model, considering age, age2 and the first 
10 principal components as covariates. Only HLA alleles with more 
than five mLOX cases carrying the minor alleles were included in the 
analysis. Ultimately, we considered 156 HLA alleles for mLOX, includ-
ing 18 alleles for HLA-A, 36 for HLA-B, 20 for HLA-C, 29 for HLA-DRB1, 
14 for HLA-DQA1, 14 for HLA-DQB1, 18 for HLA-DPB1, 3 for HLA-DRB3, 
and 2 each for HLA-DRB4 and HLA-DRB5. To identify independent HLA 
alleles, a stepwise conditional analysis was performed with each step 
adding the most significant HLA allele obtained from the previous step 
as an additional covariate, until no HLA allele can reach the significant 
threshold. To examine whether the HLA associations are shared with 
other types of mCAs, we extended the HLA fine-mapping analyses to 
mLOY in male participants (total, N = 128,729; cases, N = 45,675) for 
157 HLA alleles (including HLA-A*02:02 compared to the 156 alleles 
used by mLOX association analyses) and for autosomal mCAs in both 
sexes (total, N = 297,567; cases, N = 9,302) for 155 HLA alleles (missing 
HLA-C*15:05 compared to the 156 alleles used by mLOX association 
analyses).

Allelic shift analysis for cis clonal selection of X chromosome 
alleles
Allelic shift analysis. Conditional on mLOX having been detected, 
for each variant on the X chromosome we tested whether there is a 
propensity for X chromosomes with a given allele to be identified as 
lost more often than X chromosomes with the other allele. Similar to 
a transmission disequilibrium test50, this test is robust to the presence 
of population structure. Rather than measuring the over-transmission 
of an allele from heterozygous parents to offspring, we measured the 
propensity of alleles to be on the retained X chromosome homologue. 
Therefore, we carried out a binomial test for each variant with a sample 
size equal to the number of female participants with detected mLOX 
who were heterozygous for that variant, with no need to correct for 
covariates or relatedness. Given the large number of X chromosome 
signals observed from the allelic shift analysis, we inspected whether 
variant density may have contributed to the signals. We hypothesized 
that if the signals were random, then the number of variants being 
significant would be related to the number of variants being examined 
in that region. We therefore checked the number of variants per 1-kb 
region across the whole X chromosome.
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Identification of independent loci. Given the complexity of LD 
structures for X chromosomes especially for centromere and pseu-
doautosomal regions, we defined index variants by iteratively 
spanning the ±500-kb region around the most significant variant 
until no further variants reached a genome-wide significant level 
(P < 5.0 × 10−8). Then, we calculated LD between every 2 index vari-
ants and kept the variant with a lower P value if a pair of index variants  
with r2 > 0.1.

Polygenic score to predict the retained X chromosome. To assess 
how well the identified allelic shift signals can predict which X chromo-
some is retained when mLOX occurs, we constructed polygenic scores 
(PGSs) in FinnGen mLOX cases (N = 27,001). In brief, we extracted the 
effect size for 44 independent loci from the allelic shift analysis of 6 
biobanks excluding FinnGen. Given that MoChA was able to detect 
which alleles were lost at heterozygous sites, for each mLOX case, we 
computed the PGS for the retained X chromosome (PGSretained) and the 
lost X chromosome (PGSlost) separately and obtained the difference in 
PGS between the two X chromosomes (PGSdiff = PGSlost − PGSretained). A 
negative PGSdiff indicates that the retained X chromosome of the mLOX 
case was correctly predicted.

To assess the upper limit of prediction performance for the proposed 
PGS, we performed simulation analyses in FinnGen mLOX cases. We 
first simulated genotypes for the 44 loci we identified as independently 
associated using the allele frequency calculated from the biobank 
meta-analysis (weighted by the effective sample size of each contrib-
uting biobank) and assuming all genotypes were independent (that is, 
r2 = 0). For a given FinnGen female sample and each one of the 44 loci, 
we defined ORi as the odds ratio between the likelihood of losing the 
paternal X chromosome and the likelihood of losing the maternal X 
chromosome, as inferred by the meta-analysis and with ORi = 1 when the 
ith locus is homozygous. We then defined the X chromosome differen-
tial score PGSdiff with the equation: PGSdiff = Σi log(ORi) = Σi heterozygous 
log(ORi), by aggregating variant effects at all simulated heterozygous 
genotypes. Assuming that PGSdiff is positive (negative), we estimated the 
probability P of the paternal (maternal) X chromosome being lost using 
the logistic function for |PGSdiff|, with P = P/(1−P + P) = P/(1 − P)/(1 + P/
(1 − P)) = ∏i ORi/(1 + ∏i ORi) = exp(|PGSdiff|)/(1 + exp(|PGSdiff|)). Given  
an estimated |PGSdiff|, we think of P, with 0.5 ≤ P < 1, as the prob-
ability of inferring which X chromosome was lost conditional on one  
X chromosome being lost, that is, our prediction accuracy. As we 
independently simulated genotypes without modelling LD and vari-
ant effects without assuming possible interactions, we expected the 
simulation to overestimate the prediction accuracy from real data 
and to effectively estimate a best-case scenario for how predictive 
our proposed PGS could be.

Lifetime disease risk for female participants with a high X differ-
ential score. We then evaluated whether female participants carrying 
higher X differential scores would have an elevated lifetime disease 
risk by examining the association between the score and 1,630 disease 
endpoints in 27,001 FinnGen mLOX cases (FinnGen data freeze 9). In 
FinnGen, disease endpoints were defined by a clinical expert group by 
harmonizing International Classification of Diseases (ICD) codes of 
version 8 (1968–1986), 9 (1987–1995) and 10 (1996–) archived in nat
ionwide healthcare registers22. Given that the nature of our proposed 
X differential score is a PGS, it reflects the germline risk an individual 
acquires at birth. Therefore, we performed a Cox proportional hazards 
regression model considering the chronological age as the time scale, 
with the follow-up time starting from birth rather than the age at geno-
typing, and censoring at disease onset, death, or the end of follow-up, 
whichever occurs first. For covariates, similar to the epidemiological 
association analyses we performed for the dichotomous mLOX status, 
we considered genotyping age, age2, smoking and the top ten principal 
components.
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2020,THL/3433/14.06.00/2020, THL/4432/14.06/2020, THL/5189/ 
14.06/2020, THL/5894/14.06.00/2020, THL/6619/14.06.00/2020, 
THL/209/14.06.00/2021, THL/688/14.06.00/2021, THL/1284/ 
14.06.00/2021, THL/1965/14.06.00/2021, THL/5546/14.02.00/2020, 
THL/2658/14.06.00/2021, THL/4235/14.06.00/202, Statistics Finland 
(permit numbers: TK-53-1041-17 and TK/143/07.03.00/2020 (earlier 
TK-53-90-20) TK/1735/07.03.00/2021, TK/3112/07.03.00/2021) and 
Finnish Registry for Kidney Diseases permission/extract from the meet-
ing minutes on 4 July 2019. The Biobank Access Decisions for FinnGen 
samples and data utilized in FinnGen Data Freeze 9 include: THL 
Biobank BB2017_55, BB2017_111, BB2018_19, BB_2018_34, BB_2018_67, 
BB2018_71, BB2019_7, BB2019_8, BB2019_26, BB2020_1, Finnish Red 
Cross Blood Service Biobank 7.12.2017, Helsinki Biobank HUS/359/ 
2017, HUS/248/2020, Auria Biobank AB17-5154 and amendment 1  
(17 August 2020), AB20-5926 and amendment 1 (23 April 2020) and  
its modification (22 September 2021), Biobank Borealis of Northern  
Finland_2017_1013, Biobank of Eastern Finland 1186/2018 and amend-
ment 22 § /2020, Finnish Clinical Biobank Tampere MH0004 and 
amendments (21.02.2020 and 06.10.2020), Central Finland Biobank 
1-2017, and Terveystalo Biobank STB 2018001 and amendment 25 Aug 
2020. The UKBB analyses were conducted using applications 7089, 
9905 and 21552. The activities of the EBB are regulated by the Human 
Genes Research Act, which was adopted in 2000 specifically for the 
operations of the EBB. Individual level data analysis in the EBB was car-
ried out under ethical approval 1.1-12/624 from the Estonian Committee 
on Bioethics and Human Research (Estonian Ministry of Social Affairs), 
using data according to release application N05 from the EBB. For 
BCAC, the detailed ethics statement is available in the Supplementary  
Information.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
Overall and population-level GWAS summary statistics generated 
from the mLOX meta-analysis are available on the GWAS catalogue 
(accession numbers GCST90328147, GCST90328148, GCST90328149 
and GCST90328150). Requests for access to individual-level data differ 
for each contributing biobank. For FinnGen, researchers can apply for 
health data from the Finnish Data Authority Findata (https://findata.
fi/en/permits/) and individual-level genotype data available through 
the Fingenious portal (https://site.fingenious.fi/en/). These resources 
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are hosted by the Finnish Biobank Cooperative FINBB (https://finbb.
fi/en/). Access can only be provided for research projects within the 
scope of the Finnish Biobank Act, which includes health promotion, 
understanding disease mechanisms or developing medical products or 
treatment practices. For EBB, individual-level health, lifestyle, demo-
graphic and genetic data are anonymized and available for research 
projects. Data sharing is conducted in accordance with the regulations 
of the Estonian Genome Center of the University of Tartu (HGRA).  
A data application form can be found at https://www.biobank.ee. The 
research project has to obtain approval from the Ethics Review Com-
mittee on Human Research of the University of Tartu as well as approval 
from the EGCUT scientific committee. For UKBB, all individual-level 
data used in the analysis is available by application to the UKBB Access 
Management System (https://www.ukbiobank.ac.uk). Approved 
researchers can submit applications for review and assessments are 
made to determine if the research proposal qualifies as health-related 
research in line with public interest. For BCAC, data for some of the 
samples are available on dbGAP (https://www.ncbi.nlm.nih.gov/pro-
jects/gap/cgi-bin/study.cgi?study_id=phs001265.v1.p1). Requests for 
BCAC data can be made to the Data Access Coordination Committee 
(DACC) of BCAC (http://bcac.ccge.medschl.cam.ac.uk/bcacdata/). 
BCAC DACC approval is required to access individual-level phenotype 
and genotype data from the ABCFS, ABCS, ABCTB, BBCC, BBCS, BCEES, 
BCFR-NY, BCFR-PA, BCFR-UTAH, BCINIS, BIGGS, BREOGAN, BSUCH, 
CBCS, CCGP, CECILE, CGPS, CNIO-BCS, CPSII, CTS, EPIC, DIETCOMP 
LYF, ESTHER, GC-HBOC, GENICA, HABCS, HCSC, HEBCS, HMBCS, 
HUBCS, KARBAC, KARMA, KBCP, KCONFAB/AOCS, LMBC, MABCS, 
MARIE, MBCSG, MCBCS, MCCS, MEC, MISS, MMHS, MTLGEBCS, NBCS, 
NC-BCFR, NBHS, NCBCS, NHS, NHS2, OBCS, OFBCR, ORIGO, PBCS, 
PKARMA, PLCO, POSH, RBCS, SASBAC, SBCS, SEARCH, SISTER, SKKD 
KFZS, SMC, SZBCS, UCIBCS, UKBGS, UKOPS and USRT studies. For MVP, 
summary statistics are available on dbGaP under the MVP accession 
number phs001672. Additional data supporting the findings of this  
study are available upon reasonable request from MVP. These data 
are not publicly available due to restrictions of the US Government 
and Department of Veterans Affairs concerning privacy and par-
ticipant consent. For MGB, a portion of individual-level genomic 
data are available in dbGAP as part of the eMERGE consortium 
(phs001584.v2.p2) and as part of the Center Common Disease 
Genomics (phs002018.v1.p1). Additional MGB data are not currently 
publicly available due to data restrictions. For PLCO, individual-level 
genotype data is available in dbGaP (phs001286.v2.p2). Permitted 
data use includes discovery and hypothesis generation in the inves-
tigation of genetic contributions to cancer risk and risk of other 
diseases as well as development of novel analytical approaches for 
GWAS. Individual-level phenotype data can be requested through 
the NCI Cancer Data Access System (CDAS) (https://cdas.cancer.gov/
plco/). For BBJ, information on the cohort is available at the RIKEN 
website (http://jenger.riken.jp/en/). While individual-level genetic 
data are not accessible, all other individual-level data are available  
upon request.

Code availability
The MoChA pipelines used for mLOX calling (mocha.wdl), GWAS 
(assoc.wdl), allelic shift analysis (impute.wdl and shift.wdl) and X 
chromosome differential score estimation (score.wdl) are avail-
able at https://doi.org/10.5281/zenodo.1089252086 (please see 
the detailed and most updated version at https://github.com/
freeseek/mochawdl). The GWAS meta-analysis was performed by 
using the pipeline developed by the COVID-19 Host Genetics Initia-
tive, available at https://github.com/covid19-hg/META_ANALYSIS.  
The codes used for the Bayesian line model are available at  
https://github.com/dsgelab/Mosaic-loss-of-chromosome-X/tree/main/ 
BayesLineModel.
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Extended Data Fig. 1 | Theoretical framework of the mLOX study. Panel (A) 
depicts the etiologic process leading to detectable mosaic loss of the X 
chromosome (mLOX) in females. Detectable age-related mLOX develops only if 
the mutant haematopoietic stem cell (HSC) survives loss of the X chromosome 
and the mutation confers a proliferative advantage over normal cells. Panel (B) 
shows the statistical approaches used to discover the genetic determinants of 
mLOX. Variants associated with susceptibility to mLOX, acting as either trans 
or cis factors, are examined using a genome-wide association study (GWAS), for 
common variants with minor allele frequency (MAF) > 0.1%, and a gene-burden 
test performed for whole-exome sequencing (WES) data for rare variants with 
MAF < 0.1%. Among samples with detectable mLOX, allelic shift analysis is used 
to detect chromosome X alleles exhibiting cis selection, that is, more likely to 
be clonally selected for when detectable mLOX retains these alleles.
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Extended Data Fig. 2 | Prevalence of mLOX by age at genotyping in each contributed biobank. Panel (A) is for all detectable mLOX in peripheral leukocytes, 
while Panel (B) is restricted to expanded mLOX with cell fraction >5%. Data are presented as mean values +/− SEM.



Extended Data Fig. 3 | Allelic shift of chromosome X alleles among mLOX 
cases. Panel (A) shows -log10(P) of chromosome X variants from allelic shift 
analysis by meta-analyzing data of 83,320 mLOX cases from seven biobanks, 
with lead variants of 44 independent loci highlighted. The y axis is the log scale 
of P values from a two-sided test and the dashed line denotes the statistical 
significance after multiple comparison adjustments (5.0 × 10−8, which is the 

same as the GWAS significance level). Panel (B) is a heat map for associations  
of 43 allelic shift analysis lead variants with 19 blood cell phenotypes46, with 
significance levels from the original GWAS expressed by asterisks (*** for 
two-sided exact P ≤ 0.001, ** for P ≤ 0.01, * for P ≤ 0.05). One variant was 
dropped due to no appropriate proxy variant available in blood cell phenotype 
GWAS. The absolute Z scores were cropped to the range of [0−10].
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Extended Data Fig. 4 | Allelic shift in the context of X chromosome 
inactivation. Panel (A) depicts the main mechanism of X chromosome 
inactivation (Xi) in females. To compensate for gene dosage imbalances 
between XX females and XY males, one of the two X chromosomes in females is 
randomly inactivated early in embryonic development and this inactivation 
status is passed down to daughter cells. As some females age, the expected 1:1 
ratio of inactivated maternal to paternal X chromosome copies can become 
skewed, if cells harboring one of the active X chromosomes is more frequent 

than the other. Panel (B) and (C) depict the pattern of allelic shift in mLOX  
cases in terms of the status of Xi, with Panel (B) for random Xi and panel (C)  
for skewed Xi. As mLOX preferentially affects the inactivated X chromosome2,  
the imbalance between chromosome X alleles in mLOX cases can be seen  
as the combined cis effects of both skewed Xi and mLOX. In other words, the 
imbalance of chromosome X alleles in mLOX cases could also be shaped by 
alleles that have cis effects solely on the process of skewed Xi.



Extended Data Fig. 5 | Contribution of each X chromosome allelic shift loci 
to the prediction of the retained X chromosome in females with mLOX. We 
proposed a novel polygenic score including the 44 loci identified from allelic 
shift analysis to infer the retained X chromosome in detectable mLOX. To avoid 
overfitting, the effects of the 44 loci were estimated from allelic shift analysis 
of 56,319 mLOX cases from six biobanks excluding FinnGen while the 
prediction performance was tested in 27,001 FinnGen mLOX cases. The plot 
shows the contribution of each of the 44 loci to the prediction, starting with  
the most significant variants.
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Extended Data Table 1 | Descriptive characteristics of the eight biobanks contributing to the mLOX analysis










