Please cite this article in press as: Mikhaylova et al., Whole-genome sequencing in diverse subjects identifies genetic correlates of leukocyte
traits: The NHLBI TOPMed program, The American Journal of Human Genetics (2021), https://doi.org/10.1016/j.ajhg.2021.08.007

ARTICLE
Whole-genome sequencing in diverse subjects
identifies genetic correlates of leukocyte traits:
The NHLBI TOPMed program
Anna V. Mikhaylova,1,69 Caitlin P. McHugh,1,69 Linda M. Polfus,2,69 Laura M. Raffield,3
Meher Preethi Boorgula,4 Thomas W. Blackwell,5 Jennifer A. Brody,6 Jai Broome,1 Nathalie Chami,7
Ming-Huei Chen,8,9 Matthew P. Conomos,1 Corey Cox,4 Joanne E. Curran,10 Michelle Daya,4
Lynette Ekunwe,11 David C. Glahn,12 Nancy Heard-Costa,9,13 Heather M. Highland,14
Brian D. Hobbs,15,16 Yann Ilboudo,17,18 Deepti Jain,1 Leslie A. Lange,4 Tyne W. Miller-Fleming,19
Nancy Min,11 Jee-Young Moon,20 Michael H. Preuss,7 Jonathon Rosen,21 Kathleen Ryan,22
Albert V. Smith,5 Quan Sun,21 Praveen Surendran,23,24,25,26 Paul S. de Vries,27 Klaudia Walter,28
Zhe Wang,7 Marsha Wheeler,29 Lisa R. Yanek,30 Xue Zhong,19 Goncalo R. Abecasis,5 Laura Almasy,31,32
Kathleen C. Barnes,4 Terri H. Beaty,33 Lewis C. Becker,34 John Blangero,10 Eric Boerwinkle,27
Adam S. Butterworth,23,24,25,35,36 Sameer Chavan,4 Michael H. Cho,15 Hélène Choquet,37
Adolfo Correa,11 Nancy Cox,19 Dawn L. DeMeo,15,16 Nauder Faraday,38 Myriam Fornage,39
Robert E. Gerszten,40,41 Lifang Hou,42 Andrew D. Johnson,8,9 Eric Jorgenson,43 Robert Kaplan,20
(Author list continued on next page)

Summary
Many common and rare variants associated with hematologic traits have been discovered through imputation on large-scale reference
panels. However, the majority of genome-wide association studies (GWASs) have been conducted in Europeans, and determining causal
variants has proved challenging. We performed a GWAS of total leukocyte, neutrophil, lymphocyte, monocyte, eosinophil, and basophil
counts generated from 109,563,748 variants in the autosomes and the X chromosome in the Trans-Omics for Precision Medicine
(TOPMed) program, which included data from 61,802 individuals of diverse ancestry. We discovered and replicated 7 leukocyte trait associations, including (1) the association between a chromosome X, pseudo-autosomal region (PAR), noncoding variant located between
cytokine receptor genes (CSF2RA and CLRF2) and lower eosinophil count; and (2) associations between single variants found predominantly among African Americans at the S1PR3 (9q22.1) and HBB (11p15.4) loci and monocyte and lymphocyte counts, respectively. We
further provide evidence indicating that the newly discovered eosinophil-lowering chromosome X PAR variant might be associated with
reduced susceptibility to common allergic diseases such as atopic dermatitis and asthma. Additionally, we found a burden of very rare
FLT3 (13q12.2) variants associated with monocyte counts. Together, these results emphasize the utility of whole-genome sequencing in
diverse samples in identifying associations missed by European-ancestry-driven GWASs.

Introduction
Counts of circulating white blood cells (WBCs) are important clinical parameters that are used for monitoring general
disease activity and tolerance to therapies for oncological

and rheumatologic diseases. WBCs are derived from hematopoietic stem cells and during differentiation are
committed into two distinct lineages: myeloid (neutrophils,
basophils, eosinophils, and monocytes) and lymphoid
(lymphocytes). By studying the genetic determinants of
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WBC counts, we have been able to gain a more complete understanding of hematopoiesis and the complex roles of
WBCs in both acute and chronic inflammation.1,2
Total and differential WBC counts are complex, polygenic, quantitative traits, and the genetic contribution
to variance in WBC counts (heritability) is estimated at
50%–60%.3 Numerous recent studies have characterized
both common (minor-allele frequency [MAF] greater
than 5%) and infrequent (MAF between 0.5% and 5%)
variation contributing to WBC counts in European,
African, East Asian, and Hispanic populations.4–8 To
date, most studies of the genetics of WBC counts
have used a combination of study designs, including standard genome-wide genotyping arrays,3 exome
sequencing,9 exome-chip genotyping,4,10 and application of genome-wide imputation using reference

panels.5,6,8 An obvious gap in these study designs is a
comprehensive, genome-wide interrogation of common
and rare variation that could be missed by imputationbased approaches.
Whole-genome sequencing (WGS)-based analysis largely
addresses these gaps, particularly in individuals of non-European origin. Importantly, WGS can assess population-specific variants,11 including variants that are often poorly
imputed with standard reference panels and genotyping arrays.12 Here we utilized deep (303) WGS data from 61,802
individuals, including African American (AA), East Asian
(EAS), European American (EA), and Hispanic/Latino (HA)
subjects. Data were generated as part of the National Heart,
Lung and Blood Institute (NHLBI)-Trans-Omics for Precision Medicine (TOPMed) program investigating the genetics of WBC counts.
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Single-variant association tests for quantitative traits

Material and methods
TOPMed samples
NHLBI’s TOPMed program comprises several parent studies. The
parent studies that contributed to our analyses included Atherosclerosis Risk in Communities (ARIC),13 the Amish Complex Disease
Research Program (Amish),14 BioMe Biobank (BioMe),15 Cardiovascular Artery Risk Development in Young Adults (CARDIA),16 the
Cardiovascular Health Study (CHS),17 Genetic Epidemiology of
COPD (COPDGene),18 the Framingham Heart Study (FHS),19 Genetic Study of Atherosclerosis Risk (GeneSTAR),20 Hispanic Community Health Study/Study of Latinos (HCHS/SOL),21 the Jackson
Heart Study (JHS),22,23 Multi-Ethnic Study of Atherosclerosis
(MESA),24 the San Antonio Family Heart Study (SAFS),25 and the
Women’s Health Initiative (WHI).26 Additional information about
the design of each study and the sampling of individuals within
each cohort for WGS is available in the supplemental information.
Participants included in these analyses (unique n ¼ 61,865) are
shown in Table S1, stratified by study, ancestry group (see supplemental methods), and WBC trait. For these analyses, 1% of participants are Asian, 23% are Black, 22% are Hispanic/Latino, and 54%
are white. All studies were approved by the appropriate institutional
review boards (IRBs), and informed consent was obtained from all
participants.

TOPMed WGS and quality control
WGS was performed at an average depth of 383 by six sequencing
centers (Broad Genomics, Northwest Genome Center, Illumina,
New York Genome Center, Baylor, and McDonnell Genome Institute) with Illumina X10 technology and DNA from blood. Here we
report analyses from the ‘‘Freeze 8’’ dataset, where reads were
aligned to human-genome build GRCh38 through the use of a
common pipeline across all sequencing centers. To perform
variant quality control (QC) within the Freeze 8 dataset, we
trained a support vector machine (SVM) classifier on known
variant sites (positive labels) and Mendelian inconsistent variants
(negative labels). Further variant filtering was done for variants
with excess heterozygosity and Mendelian discordance. Sample
QC measures included concordance between annotated and inferred genetic sex; concordance between prior array genotype
data and TOPMed WGS data; and pedigree checks. Details
regarding the genotype ‘‘freezes,’’ laboratory methods, data processing, and QC are described on the TOPMed website and in a
common document accompanying each study’s dbGaP accession
number.

WBC phenotype measurements and exclusion criteria
White blood cells, basophils, eosinophils, neutrophils, lymphocytes, and monocytes were counted in a subset of the TOPMed
freeze 8 samples (Table S1) via automated clinical hematology analyzers. Each of the phenotypes is defined as the concentration of
cell type in the blood and is measured in billions/liter. Trait-specific QC excluded participants with WBC count values > 100 3
109 cells/L (n ¼ 5), neutrophil values > 75 3 109 cells/L (n ¼ 1),
monocyte values > 15 3 109 cells/L (n ¼ 1), lymphocyte values
> 150 3 109 cells/L (n ¼ 1), eosinophil values > 20 3 109 cells/L
(n ¼ 1), and basophil values equal to 0.9 3 109 cells/L (n ¼ 1).
Additionally, in instances where multiple measurements were
available, we kept only one measurement for each individual
and each trait.

We performed genome-wide single-variant association tests by using a two-step linear mixed model (LMM). In the first step, we fit
the ’’null model’’ under the null hypothesis of no genetic association and did not include genetic variants in the model. We
included sex, age, combined study by phase variable (e.g.,
WHI_2 refers to phase 2 of WHI study), and the first 11 PC-Air27
principal components (PCs) of genetic ancestry as fixed effects.
To account for genetic relatedness, we included a 4th-degree sparse
empirical kinship matrix (KM) computed with PC-Relate.28 In order to better control genomic inflation,29 we allowed for heteroscedasticity in the error variances by modeling separate residual
variance components, one for each study, by ancestry group
(e.g., WHI_White). Details on estimating the ancestry group are
in the supplemental methods.
In order to improve power and appropriately control type I error
in settings with non-normal phenotype distribution, we used a
fully adjusted two-stage approach for fitting the null model.30 In
stage 1, we fit an LMM with the observed phenotype values as
the outcome, the fixed effects as covariates, a sparse KM, and heterogeneous residual variances. We applied a rank-based inversenormal transformation to the residuals from the results of stage
1 and then rescaled them by the original variance. In stage 2, we
fit another LMM by using the rescaled residuals obtained in stage
1 as the outcome and by using the same covariates, the same KM,
and the same heterogeneous residual variance model as in stage 1.
Finally, we used the output from stage 2 as the trait of interest to
perform a score test of genetic association. In the association analyses, we included variants that had a minor-allele count (MAC) of
at least 5, passed the TOPMed Informatics Research Center (IRC)
quality filters, and had less than 10% of samples with a sequencing
read depth of less than 10. A threshold level of 5 3 108 was used
to determine statistical significance.

Single-variant association tests for basophil count as a
binary trait
Instead of testing basophils as a continuous trait, we performed
genome-wide single-variant association tests of basophils as a binary trait dichotomized at 0.05 3 109 cells/L (basophil3 R 0.05
versus basophil < 0.05). We fit a generalized linear mixed model
(GLMM) with binomial family and logit link via the penalized
quasi-likelihood31 approach of GMMAT32 because our outcome
was no longer quantitative. The same fixed-effect covariates and
sparse KM as for quantitative-trait analysis were included. Because
the variance model for a GLMM is specified by the binomial family
and link function, we did not use heterogeneous residual variance
groups or the two-stage rank-normalization procedure. We performed genome-wide association tests based on score statistics
and saddlepoint approximation (SPA) of the p values.33,34 The
SPA method has been shown to better control type I error even
when the ratio of affected to control individuals is unbalanced,
e.g., during the testing of low-frequency and rare variants, when
the number of carriers is much lower than the sample size.

Conditional analyses
We performed conditional single-variant association tests where,
in addition to adjusting for the fixed-effect covariates and sparse
KM that were used in single-variant analyses, we adjusted for variants previously known to be associated with the outcomes (Table
S3). First, we matched the known variants to TOPMed variants on
the basis of position and alleles and selected the variants that
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passed the TOPMed IRC quality filters. We then used linkage
disequilibrium (LD) (with a threshold of R2 > 0.8) to prune the
set of matched variants for each trait separately and checked for
collinearity of the pruned variants with the covariates. The final
set of variants was included in the first round of conditional analyses. After the first round, we checked whether the remaining significant variants were near (within 1 Mb window) the known variants that failed the TOPMed IRC filters. These variants, in
addition to the set of variants from the first round, were included
in the second round of conditional analyses.

Gene-based aggregate rare-variant tests
To improve the power to detect rare-variant associations, we implemented several strategies of aggregating variants and testing
for cumulative associations of gene-based groupings with the
traits. We implemented a total of five strategies of variant groupings: three strategies included coding variants only, and two strategies included coding and noncoding variants from enhancer
and promoter regions, but only those with ‘‘deleterious’’ consequences to the corresponding gene, ‘‘deleterious’’ being defined
by various annotation-based filters; the details are provided in
the supplemental methods. We performed aggregate tests by using
the efficient variant-set mixed-model association test (SMMAT),35
which is more computationally efficient than SKAT-O (optimized
SKAT [sequence kernel association test]) and more powerful than
burden tests or SKAT alone. The SMMAT test used the same null
model that was fit for the single-variant analyses, and the p value
was constructed from a combination of the mixed-model burden
p value with an asymptotically independent adjusted SKAT-like
p value via Fisher’s method. In our analyses, we included nonmonomorphic variants that had an MAF of less than 1% and
that passed the same quality filters that were used for singlevariant analyses. To upweight rarer variants, we used weights
that are based on MAF and given by a beta distribution with parameters 1 and 25. We determined statistical significance by using
a Bonferroni correction for the number of aggregate groups tested
in each aggregation strategy.

Analyses of WBC-subtype proportions
In addition to analyzing counts of WBC subtypes, we also
analyzed WBC-subtype proportions for all of the replicated, statistically significant WBC-subtype count signals. To do so, we identified samples whose WBC count and corresponding WBC-subtype
count were collected at the same visit and divided the WBC-subtype count by the total measured WBC count. We excluded samples where the proportion of WBC-subtype count to WBC count
was greater than 1. This proportion was treated as the phenotype
and modeled similarly to the other phenotypes, i.e., with the twostep LMM described above.

aBF ¼

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ


SE2
ub2


exp
SE2 þ u
2SE2 SE2 þ u

where b and SE are the variant’s effect size and standard error,
respectively, and u represents the prior variance in allelic effects.
As in Maller et al.,36 we set u ¼ 0:04. We then calculated the PIP
of each variant by dividing the variant’s aBF by the sum of the
aBFs for all variants at the locus. We generated the 95% credible
sets by ordering all variants (at a particular locus) from largest to
smallest PIP and including variants until cumulative PIPs R0:95:

Haplotype analyses
On the basis of the results of conditional single variant analyses,
we performed haplotype analyses for the hemoglobin beta (HBB)
region (rs334 and rs33930165) in total WBC counts and lymphocytes and the NRIP1 region (rs28574812 and rs2823002) in monocytes and total WBC counts. We constructed 2-SNP haplotypes
from phased genotype data and identified haplotypes with nonzero frequencies. We counted the number of copies of each haplotype in each subject and included the number of copies of each
non-reference haplotype as covariates in the model. The haplotype with the highest frequency was considered the reference
haplotype. Using the null model from the single variant analyses,
we performed association tests and report haplotype-specific
results.

PheWAS analysis
We extracted phenome-wide association scanning (pheWAS) results for the seven new replicated signals from the UKBiobank
(UKBB) and the BioVU biobank. The UKBB results were obtained
from the UKBB ICD PheWeb hosted at the University of Michigan
on the basis of 408,961 samples from white British participants.
We considered the 1,261 phecodes with at least 100 affected individuals and an associated Bonferroni corrected threshold for significance of 0.05/1,261 ¼ 3.96 3 105. BioVU is the Vanderbilt
University Medical Center (VUMC) biobank that houses de-identified DNA samples linked to phenotypic data derived from the
electronic health record (EHR) system of VUMC. The pheWAS
lookups in BioVU were restricted to African Americans (n »
5,000). For the rs334 lookups, we had access to samples from
14,000 African Americans that were either heterozygous at
rs334 or had two copies of the reference allele. Phenotypes were
derived from billing codes of EHRs. Association between each binary phecode and a SNP was assessed using logistic regression,
while adjusting for covariates of age, sex, genotyping array batch,
and 10 principal components of ancestry. We considered the 726
phecodes with at least 100 cases with an associated Bonferroni corrected threshold for significance of 0.05/726 ¼ 6.893105.

Fine-mapping analyses

UKBiobank analysis of asthma, COPD, and atopic
dermatitis with rs28532112

After conditional analyses, we carried out statistical fine mapping
by using the following approach: because our conditional analyses
implicated a single independent variant at each locus, we assumed
a single causal variant at each locus. We then adapted the method
proposed by Maller et al.36 to assign posterior inclusion probabilities (PIPs) to each variant and construct 95% credible sets. In brief,
we considered all variants within 250 kb upstream and 250 kb
downstream of the sentinel SNP and converted summary statistics
into approximate Bayes factors (aBFs) as follows:

We constructed phenotypes for chronic obstructive pulmonary
disease (COPD), asthma, and atopic dermatitis (AD), as defined
in Wu et al.,37 by using ICD10 codes to select a case group and a
control group. The initial selected set of affected individuals and
controls was purged of relatedness by the removal of one member
of each related pair in an iterative fashion until no related subjects
remained. Using the remaining group of affected individuals and
remaining pool of controls, we selected a fixed number of control
individuals for each affected individual, matched by sex, age, and
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ancestry. The fixed number used for the ratio of control individuals to affected individuals was adjusted to yield a total n in the
range of 40,000 to 80,000 subjects. Association analyses were conducted with the OASIS pipeline.

TOPMed analysis of rs28532112 with asthma and
asthma severity
TOPMed generated WGS on n ¼ 869 subjects with asthma status
(410 asthmatics and 459 non-asthmatic individuals) for the
Barbados Asthma Genetics Study (BAGS)38,39 and n ¼ 611 asthmatic
subjects from the Severe Asthma Research Program (SARP)40 study.
We used GENESIS to perform association tests for rs28532112 with
asthma (in BAGS), and included age, batch, and sex as covariates.
We also performed tests for association with asthma severity (in
SARP), as measured by pre-forced expiratory volume1 (preFEV1),
for rs28532112; we controlled for age, gender, and body mass index
and stratified by ancestry (EA [n ¼ 218] and AA [n ¼ 393]).

ADRN analysis of rs28532112
To define genetic risk factors of AD, we performed WGS on 777 subjects from the Atopic Dermatitis Research Network (ADRN) of the
National Institute of Allergy and Infectious Diseases as previously
described.41 This includes 237 unaffected individuals, 491 individuals affected with AD without eczema herpeticum, and 49 individuals affected with AD with eczema herpeticum. To perform tests for
association between rs28532112 and AD, we compared 491 ADaffected individuals to 237 unaffected individuals by using generalized logistic regression (GLM) and PLINK/Seq and adjusting for the
first five PCs as covariates.

TOPMed analysis of rs28532112 with COPD and lung
function
Details of the TOPMed analyses of COPD and lung function can be
found in Zhao et al.42 In brief, the analysis involved 19,996 multiethnic individuals, including 12,314 EAs, 6,450 AAs, and 1,232
samples classified as ‘‘other,’’ from TOPMed. Phenotype harmonization of pulmonary-function-test measures, including pre-bronchodilator FEV1, forced vital capacity (FVC), and FEV1:FVC ratios,
was conducted according to standard protocols. We incorporated
covariate adjustment for age2, sex, height2, weight (FVC only),
study, current smoking, former smoking, pack-years of smoking,
first 10 PCs of ancestry, and sequencing center in an LMM framework to account for heterogenous variance across studies by using
GENESIS. Case-control analyses incorporated covariate adjustment for age, sex, study, pack-years, whether an individual ever
versus never smoked, first 10 PCs of ancestry, and sequencing
center.

SOMAScan proteomic profiling and rs334 pQTL analysis
In JHS and MESA TOPMed participants, EDTA plasma samples
collected at the respective baseline exams and stored in 70 C
freezers were subjected to proteomic measurements with SOMAscan, a single-stranded DNA aptamer-based proteomics platform
containing 1,305 aptamers. In JHS, samples (n ¼ 2,054 AA) were
run in three separate batches. Proteins were quantified in relative
fluorescent units, the concentration of which is proportional to
protein concentration in the plasma sample. Proteomic measurements were standardized to a set of control samples (pooled
plasma) contained within each 96-well plate, and the resulting
values were log transformed and scaled to a mean of 0 and standard deviation of 1. Association between rs334 genotype and pro-

tein values were assessed via linear mixed-effects models. In JHS,
proteins were standardized within each batch and then inverse
normalized across batches and adjusted for age, sex, and batch.
MESA samples (n ¼ 189 AA and 301 HA) were adjusted for age,
sex, ethnicity (Hispanic yes or no), plate, and site. The cohort-specific results were meta-analyzed by inverse-variance weighting. A
Bonferroni-adjusted significance threshold of 3.8 3 105 (0.05/
1,301) was used.

rs28532112 plasma-protein association analysis
We further performed a targeted genotype plasma-protein quantification analysis to determine the association of rs28532112 with
plasma concentrations of interleukin-3 (IL-3), soluble IL3R-alpha,
granulocyte-macrophage colony-stimulating factor (GM-CSF),
and thymic stromal lymphopoietin (TSLP) receptor and ligand by
utilizing available SOMAscan data from 2,544 multi-ethnic JHS
and MESA TOPMed samples. For soluble GM-CSF receptor alpha,
we utilized a separate Olink Neurology proximity extension assay
(PEA) panel measured in 1,328 multi-ethnic TOPMed WHI cohort
samples, adjusted for age and ancestry.

rs334 and estimated lymphocyte subset analysis in JHS
Illumina MethylationEPIC array data (containing over 850,000
CpG methylation sites) from n ¼ 1,756 JHS participants were
generated from blood samples collected during the JHS baseline
exam. Methylation levels were quantified in terms of the b value,
for which the ratio of intensities between the methylated and unmethylated allele was used as the ratio of fluorescent signals.
Methylation values were normalized with respect to background
color intensity via the normal-exponential out-of-band (NOOB)
method.43 Cell counts (granulocytes, monocytes, natural killer
[NK], CD4þ T lymphocytes, naive CD8þ T lymphocytes, exhausted cytotoxic CD8þ T cells [defined as CD8 positive, CD28
negative, and CD45R negative], and plasmablasts) were estimated
according to the method of Houseman et al.44 and Horvath et al.45
The association between estimated cell counts and rs334 carriers
(excluding rs334 homozygotes), adjusted for age, sex, and 10
PCs of genetic ancestry, was assessed with generalized estimating
equations in SAS 9.3 so that familial correlation would be accounted for.

Results
Single-nucleotide-variant-association results
In up to 61,802 multi-ethnic individuals (33,285 EA,
14,246 AA, 13,585 HA, and 686 EAS; Table S1), we performed genome-wide association tests for each singlenucleotide variant (SNV) or small insertion-deletion (indel) with a MAC > 5 for 109,563,748 association tests
(Table S2) with 6 different phenotypes (total WBC, neutrophil, monocyte, lymphocyte , basophil, and eosinophil
counts).
Across these traits, we observed 6,993 statistically significant associations (p < 5 3 108). Inspection of QQ plots
and genomic inflation factors indicated well-calibrated p
value distributions (Figures S3–S14). To determine whether
any of these significant loci represent new associations for
WBC-count traits, we performed genome-wide analyses
conditioning on all known WBC-count-associated loci
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(see material and methods; Table S3). After conditional
analysis, we observed 165 statistically significant associations, at a genome-wide threshold of 5 3 108 (Table S4),
implicating 18 independent loci (that were at least 500
kb apart from each other) that have not been previously reported (Table S5). To replicate the findings from the conditional analysis, we performed lookups in independent
samples from five different sources, representing self-identified European and European American, Hispanic American, and African American groups in up to 199,126
individuals (see material and methods). Of the 21 independent associations (at the 18 loci) that were submitted for
replication, seven signals were robustly replicated (i.e.,
they met the following criteria: (1) consistent direction of
effect between the discovery effect estimate and the
meta-analyzed replication effect estimate; (2) p value <
0.05 in at least one replication cohort; and (3) p value <
0.05 across the meta-analyzed replication cohorts) in or
near HBB, NRIP1, CSF2RA, S1PR3, NPHP3, and OPCML
(Table 1). Several of the replicated lead variants showed
large allele-frequency differences between populations
(Table S5). In particular, the lead HBB and S1PR3 variants
are found almost exclusively among individuals of African
ancestry.
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HBB
At HBB on chromosome 11 (Figure 1A), we observed an association between lower lymphocyte counts and the missense
mutation (rs334 [p.Glu6Val]) causing African sickle-cell disease (b ¼ 0.237, p ¼ 2.76 3 1020). There was a nominal association of the rs334 sickle variant with increased neutrophil
counts (b ¼ 0.225, p ¼ 4.83 3 106) and no association with
total WBC counts (Table S6). The association with lymphocyte percentage (i.e., lymphocyte counts/total WBC counts)
was also strong (b ¼ 0.030, p ¼ 2.12 3 1025), as was the association with neutrophil percentage (b ¼ 0.032, p ¼ 1.59 3
1021) (Table S7). The 95% fine-mapped credible set for
lymphocyte count contained only the index variant, rs334,
and PIP ¼ 0.999 (Table S8). Exclusion of the very small number of rs334 homozygote individuals (n ¼ 9) did not alter the
association with lymphocyte count or with neutrophil percentage, suggesting that these associations are not driven
by altered immune responsiveness or inflammation among
individuals with sickle-cell disease. Through investigating a
subset of the 3,400 African American individuals from
JHS, we further demonstrated that additional covariate
adjustment for other known sickle-cell-related or inflammation-related traits (red-cell indices, kidney function, Ddimer) did not substantively alter the rs334-lymphocyte
count association (Table S9), suggesting that the lymphocyte
association is not mediated through these other phenotypes.
In a smaller subset of 1,458 JHS TOPMed individuals with
lymphocyte and immune-cell subtype proportions estimated from genome-wide methylation data, heterozygosity
of the rs334 sickle cell mutation was specifically associated
with lower estimated levels of CD8þ T lymphocytes and
NK cells (Table S10).
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Figure 1. Regional plots showing patterns of LD and evidence for association at the seven newly reported leukocyte-trait loci.
Genomic coordinates are displayed on the horizontal axis, and log10 p values are displayed on the vertical axis.
(A) rs334 (chr11: 5227002) with lymphocytes; (B) rs28574812 (chr21: 15012619) with monocytes; (C) rs2823002 (chr21: 15001515)
with WBCs; (D) rs28532112 (chrX: 1256294) with eosinophils; (E) rs28450540 (chr9: 88921159) with monocytes; (F) rs62292471
(chr3: 132710603) with WBCs; and (G) rs79353195 (chr11: 132819661) with WBCs.

Interestingly, at the nucleotide position adjacent to
rs334, we observed an association of the African HBB
variant rs33930165 (encoding hemoglobin C, or
p.Glu6Lys) with both higher total WBC count (b ¼
0.672,p ¼ 8.81 3 1012) and higher lymphocyte count
(b ¼ 0.351, p ¼ 4.71 3 1014). The associations of the
HBB rs33930165 missense variant with higher total
WBC and lymphocyte counts are consistent with a prior
analysis conducted in n ¼ 21,513 African Americans
imputed to the TOPMed freeze 5b reference panel.12 The
differing WBC-count phenotypic patterns of association
between rs334 and rs33930165 in the current TOPMed
analysis are summarized in Table S6. We also conducted
a two-SNP haplotype analysis of rs334 and rs33930165
with both WBCs and lymphocytes (Table S12). The haplotype analysis was consistent with the single-variant
association results in Table S4 (i.e., with the finding
that the T allele at rs33930165 increases WBC count
and that the A allele at rs334 decreases lymphocyte
counts). Of note, both rs334 and rs33930165 are in very
low LD (rsq < 0.001) and are present on distinct haplotypes in TOPMed (Table S13), consistent with prior evolutionary and population genetic data. Both variants are
maintained at relatively high frequencies among populations such as those in sub-Saharan Africa, where malaria
is endemic, but the geographic and population distributions and evolutionary histories of the rs334 hemoglobin
S and rs33930165 hemoglobin C variant alleles are
distinct.46,47

To further address the mechanism of the associations at
HBB, we first assessed the relationship between rs334 and
other potential immune-response-related genes in the
genomic region. Although there are several type 1 interferon-inducible viral-related genes located about 400 kb
centromeric to HBB on chromosome 11, we found no evidence of physical interaction between HBB and these
neighboring genes when we used available promoter capture datasets in relevant blood cell types (with the HUGIN
tool) nor any evidence of influence of rs334 on gene
expression (eQTL) in whole blood when we used GTEx
v8. It should be noted that the latter eQTL analysis might
be limited by the small number of African American samples. Integration of additional functional-genomic information via the FATHMM, FANTOM5, and Roadmap
annotation databases did not reveal evidence of a cis-regulatory role for rs334 (Table S11). Next, we performed
proteome-wide analysis of rs334 genotype with 1,300
plasma proteins measured in African Americans and Hispanics from the MESA cohort and 2,045 African Americans from the JHS cohort (Table S12). Circulating levels
of several red blood cell (RBC) (plasma hemoglobin,
erythropoietin, and ephrin B248) and manganese proteins
related to kidney function (cystatin C and b2-microglobulin) were significantly higher or lower (testican-2)49
among rs334 variant allele carriers (Bonferroni-corrected
p value < 3.78 3 105). Moreover, several other proteins related to inflammatory response and lymphocyte
activation or signal transduction (fractalkine/CX3CL1,
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sTNFsRII, and CD59) or response to viral infection (CD59
and testican-2)50 were significantly higher among rs334
variant carriers.
NRIP1
Two intronic variants within nuclear receptor interacting
protein (NRIP1) (Figure 1B, Figure 1C) were associated with
monocyte count (rs28574812, b ¼ 0.011, p ¼ 1.54 3
1010) and total WBC count (rs2823002, b ¼ 0.079, p ¼
3.75 3 108). A weaker association was observed between
rs28574812 and monocyte percentage (b ¼ 7.75 3 104,
p ¼ 2.36 3 104) (Table S7). The rs28574812 and
rs2823002 variants are in strong LD in Europeans but are
highly differentiated between African and non-African populations. In the 1000 Genomes Yoruba (YRI) West African
population, rs28574812 has no other SNPs in strong LD
(rsq > 0.8). Analysis of two-SNP haplotypes comprising
rs28574812 and rs2823002 confirm the minor alleles of
the two SNVs more commonly occur together in individuals
of European ancestry. In addition, haplotype association analyses show that the two haplotypes containing the
rs28574812 variant G allele are each associated with lower
monocyte count, whereas the two haplotypes containing
the rs2823002 variant T allele are each associated with lower
WBC count (Table S15). This suggests allelic heterogeneity at
this locus and that different alleles might be responsible for
the monocyte and total WBC-count phenotypic associations. The haplotype association results are also consistent
with our fine-mapping results, which pointed to different
causal variants for each signal: the 95% credible set for the locus represented by rs28574812 contained 6 variants (Table
S8), and the PIP for rs28574812 was 0.422; the 95% credible
set for the locus represented by rs2823002 contained 55 variants (Table S8), and the PIP for rs2823002 was 0.611.
The mechanism of association of the NRIP1 intronic
variant with hematologic traits is not immediately
apparent. The protein (RIP140) encoded by NRIP1 interacts
with hormone-dependent domains of nuclear receptors
and is known to modulate transcriptional activity of the estrogen receptor (ESR1). It is a key regulator of gene expression via interaction with nuclear receptors, transcription
factors, and other coregulators, each of which acts as either
a coactivator or corepressor. GTEx version 8 did not report
either the rs28574812 or rs2823002 variants as a statistically significant eQTL. Data from the Roadmap Epigenomics Consortium indicate elevated histone chromatin
immunoprecipitation sequencing (ChIP-seq) experiments
acetylated for H3K4me3 and H3K9ac across several types
of cell line (Table S11). It has been reported that RIP-140
plays a role in the macrophage switching between classical
M1 and alternative M2 subtypes51 and in the epigenetic
responsiveness of monocytes to vitamin D,52 both of
which are important for innate immunity and inflammatory diseases. Investigation of the NRIP1 region via Phenoscanner and the genome-wide association study (GWAS)
catalog reveals that a distinct NRIP1 missense variant
rs2229742 (common only in EUR) has been associated
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with hemoglobin, RBC count, systolic blood pressure,
vitamin D levels, birthweight, and myopia. Additionally,
NRIP1 gene expression signatures can predict survival in
chronic lymphocytic leukemia.53
CLRF2-CSF2RA-IL3RA
Analyses of chromosome X found an association between
rs28532112 and lower eosinophil count (b ¼ 0.009, p ¼
1.08 3 1011) within the intergenic region between cytokine-receptor-like factor 2 (CLRF2) and the region 20 kb
upstream of colony-stimulating factor 2 receptor subunit
alpha (CSF2RA), located in the pseudo-autosomal region
(PAR1) of the X and Y chromosomes (Figure 1D). The association between rs28532112 and eosinophil percentage
was similarly strong (b ¼ 0.0013, p ¼ 5.56 3 1012) (Table S7). The 95% credible set for this locus contained 7 variants (Table S8), and the PIP for rs28532112 was 0.324.
This region contains the genes encoding three related
cytokine receptors, CRLF2 (the receptor for TSLP), CSF2RA
(the receptor for colony-stimulating factor 2 (CSF-2) or
GM-CSF), and IL3RA (the receptor for IL-3), all of which
are involved in the regulation of hematopoiesis and type
2 inflammatory responses, including eosinophil production and function.54,55 Together with the interleukin 7 receptor-alpha, CRLF2 and TSLP activate STAT3 and STAT5,
which polarize dendritic cells to induce type 2 inflammatory cytokines (IL-4, IL-5, and IL-13) and directly expand
and/or activate Th2 cells, group 2 innate lymphoid cells,
eosinophils, and basophils.56 CSF2RA encodes the alpha
subunit of the heterodimeric receptor for GM-CSF, a cytokine that controls the production, differentiation, and
function of granulocytes and macrophages. IL3RA encodes the IL-3-specific alpha subunit of the heterodimeric
IL-3 receptor.
In GTEx version 8, rs28532112 was an eQTL associated
with the nearby IL3RA (p ¼ 4.8 3 109) in thyroid tissue
and with CSF2RA in whole blood (p ¼ 1.8 3 106), suggesting either IL3RA or CSF2RA as the potential causal gene(s)
at this locus. Additional functional genomic annotation
with FATHMM, FANTOM5, and Roadmap databases did
not reveal additional regulatory features for rs28532112
(Table S11). We further performed a targeted genotypeplasma protein quantification analysis of IL-3, GM-CSF,
and TSLP receptors and ligands by using available SOMAscan data from 2,544 African Americans and Hispanic/
Latinos from the JHS and MESA TOPMed samples. Of the
5 proteins measured within the SOMAscan panel, there
was no significant association between rs28532112 and
circulating concentrations of IL-3, soluble IL3R-alpha,
TSLP, TSLP receptor, or GM-CSF (all Bonferroni-corrected
p > 0.05). GM-CSF receptor alpha is not one of the proteins
included in the SOMAscan platform, but it was measured
through a separate Olink PEA panel in 1,328 multi-ethnic
TOPMed WHI cohort samples. In the WHI TOPMed samples, there was no evidence of association between
rs28532112 genotype and plasma GM-CSF receptor alpha
levels (b ¼ 0.024, p ¼ 0.47).
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S1PR3
On chromosome 9 (Figure 1E), we identified an African-specific (MAF ¼ 0.129) variant, rs28450540, associated with
lower monocyte count (b ¼ 0.035, p ¼ 5.1831017). The
association between rs28450540 and monocyte percentage
was similarly strong (b ¼ 0.004, p ¼ 5.81 3 1012) (Table
S7). The 95% credible set for this locus contained 6 variants
(Table S8), and the PIP for rs285450540 was 0.330. The
rs28450540 variant is located 100 kb upstream of S1PR3,
where a nearby SNP (rs567880204) was recently associated
with monocyte count8 (LD between these two SNPs was low
in AAs; rsq ¼ 0.03). The broader region near S1PR3 was reported on extensively5 and was associated with a number
of different blood-cell traits in individuals of European
ancestry; such traits included monocyte counts, total
WBC counts, lymphocyte counts, and platelet counts.
The previously reported signals near S1PR3 include
an S1PR3 missense variant associated with higher monocyte count. However, on the basis of our conditional analyses, the African-specific rs28450540 association with
monocyte counts appears to be independent of these
known signals, adding to the already complex allelic heterogeneity at this locus. Although GTEx contains very few
African American samples, rs28450540 appears to be an
eQTL for S1PR3 (p ¼ 2.9 3 105) in whole blood. Functional
annotation suggests that this variant is located in a putative
enhancer (Table S11) in a number of different primary human cells and cell lines, including those of hematopoietic
origin.
S1PR3 encodes one of five type G-protein-coupled receptors that mediate the biologic effects of sphingosine-1phosphate (S1P), a chemoattractant for various blood
and immune cells.57 An S1P gradient maintained between
blood and other hematopoietic tissues (e.g., bone marrow
and thymus lymph nodes) is an important mechanism for
blood and immune-cell trafficking. S1pr3-deficient mice
have defects in leukocyte recruitment and P-selectindependent leukocyte rolling, suggesting that S1PR3 mediates the chemotactic effect of S1P in bone-marrow-derived
monocyte and macrophage recruitment during inflammation,58–61 which might affect circulating monocyte count.
Additionally, S1PR3 is highly expressed on hematopoietic
stem and progenitor cells (HSPCs) and might affect egress
of HSPCs from the bone marrow.62
NPHP3
An intronic variant (rs62292471) on chromosome 3
(Figure 1F) in NPHP3 was associated with increased total
WBC count (b ¼ 0.114, p ¼ 1.07 3 108). The 95% credible
set for this locus contained 33 variants (Table S8), and the
PIP for rs62292471 was 0.150. GTEx version 8 reports
rs62292471 as an eQTL for NPHP3 in cultured fibroblasts
and in heart, adipose, lung, esophagus, and muscle tissue
and as an eQTL for DNAJC13 in adipose, esophagus, and
muscle tissue. The variant is located within an ENCODE
distal enhancer region (Table S11). Another NPHP3 intronic variant, rs572076167 (not in 1000 Genomes), was

associated with red-cell mean corpuscular hemoglobin
(MCH) concentration,8 whereas rs17348614 was associated with lower MCH and mean corpuscular volume
(MCV).5 Loss-of-function mutations in NPHP3 cause the
congenital cystic kidney disorder nephronophthisis
(NPH). Of the other genes located within a 1 Mb window
surrounding NPHP3, the only one with a biologic connection to blood cells is ACKR4, which encodes a chemokine
receptor that binds to dendritic-cell- and T-cell-activated
chemokines, including CCL19, CCL21, and CCL25.
ACKR4 belongs to the family of atypical chemokine receptors that includes DARC, which contains a well-characterized loss-of-function promoter variant (rs2814778) that is a
major genetic determinant of WBC and neutrophil count
in populations with African ancestry. By scavenging chemokines, ACKR4 regulates dendritic-cell trafficking to
lymph nodes during inflammation.63
OPCML
We observed a 3-base indel (rs79353195) in the intron of
OPCML (Figure 1G) associated with decreased total WBC
count (b ¼ 0.135, p ¼ 4.003109) with modest evidence
for replication (p ¼ 0.0159). The 95% credible set for this locus contained 48 variants (Table S8), and the PIP for
rs79353195 was 0.868. This variant appears to be highly
stratified across populations with MAF ¼ 0.53 in EAS, MAF
¼ 0.26 in SAS, MAF ¼ 0.06 in AA, and MAF ¼ 0.05 in EA populations. OPCML is a large gene that encodes an opioidbinding cell-adhesion molecule-like preprotein, a member
of the IgLON immunoglobulin protein family highly expressed in the brain. Defects in OPCML are a cause of susceptibility to ovarian cancer (MIM: 167000). There is no
apparent connection of this locus with blood cells or
inflammation.
Results of association tests for aggregate rare variants
To improve the power to detect rare-variant associations,
we implemented several strategies of aggregating variants
and testing for cumulative associations of gene-based
groupings with the traits (see materials and methods). In
so doing, we detected statistically significant (p < 2.76 3
106) associations at four different genes (Table 2):
MARCKSL1 (p ¼ 2.98 3 107), TET2 (p ¼ 6.21 3 109),
FLT3 (p ¼ 8.96 3 107), and CNKSR2 (p ¼ 2.46 3 106).
Replication analyses in independent samples from the UKBiobank (p ¼ 2.42 3 1018) and INTERVAL (p ¼ 0.0003)
studies confirmed the associations at FLT3. Analyses of
the corresponding WBC-subtype proportions were consistent with these results (Table S16).
TET2 encodes a demethylation enzyme and epigenetic
regulator64 that plays an important role in HSPC renewal,
lineage commitment, and monocyte differentiation.65 The
TET2 association with monocyte counts was spread across
72 rare coding variants (Figure S1). Because TET2 is a known
driver gene for clonal hematopoiesis of indeterminate potential (CHIP), myeloid, and lymphoid malignancies, we
compared our rare TET2 variants with those that are

The American Journal of Human Genetics 108, 1–16, October 7, 2021 9

Please cite this article in press as: Mikhaylova et al., Whole-genome sequencing in diverse subjects identifies genetic correlates of leukocyte
traits: The NHLBI TOPMed program, The American Journal of Human Genetics (2021), https://doi.org/10.1016/j.ajhg.2021.08.007
Table 2.
Trait

Gene-based rare variant associations with white blood cell counts in TOPMed
Gene

Number of variants

Discovery p value
7

INTERVAL p value

UKBiobank p value

NEU

MARCKSL1

11

2.98 3 10

0.5576

0.1008

LYM

CNKSR2

13

2.46 3 106

0.8067

0.8079

MON

TET2

72

6.21 3 109

0.6984

0.6091

0.0003

2.42 3 1018

MON

FLT3

65

8.96 3 10

reported as somatic mutations66 or that appear in the COSMIC database. Indeed, we found that the majority of variants (53 of 72 variants) included in our aggregate-rarevariant test for TET2 were also reported as somatic in
TOPMed, and these mutations largely drove the association
with higher monocyte counts (Figure S1). These findings are
further supported by the recent observation that somatic
mutations of TET2 are commonly found among individuals
referred to a hematology service for evaluation of monocytosis.67 By contrast, reports of germline TET2 loss-of-function variants associated with hematologic disease are quite
rare.68–70
FLT3 encodes a receptor tyrosine kinase that regulates
early hematopoiesis as well as the development of monocytes and dendritic cells. Somatic variants of FLT3 are found
commonly in individuals with acute myeloid leukemia
(AML) and generally consist of gain-of-function mutations
involving either internal tandem duplications of the FLT3
juxtamembrane domain or point mutations located within
the tyrosine kinase domain, both of which lead to constitutive activation of the FLT3 receptor.71 Because some TET2
somatic mutations had clearly passed quality control for
germline variants, we also checked whether the rare variants contributing to the FLT3 signal were somatic. The COSMIC database identified some evidence for overlap between
the TOPMed rare variants in FLT3, yet the presumably somatic mutations (12 of 65 variants) that contributed to
the FLT3 association did not appear to drive the result
(Figure S2). This observation is consistent with the recent
discovery that common and low-frequency germline genetic variants of FLT3 are associated with monocyte count
as well as risk of autoimmune disease.7,72 Interestingly,
several of the rare FLT3 missense variants driving the association with monocyte count in TOPMed are located within
the juxtamembrane or tyrosine kinase domains, which
are also the most common location of somatic FLT3 mutations found in human cancers.

Results of phenome-wide association tests
Loci associated with WBC-count traits are often pleiotropically involved in autoimmune, allergic, infectious, and
other blood-related diseases.4,5 Therefore, we additionally
assessed whether any of the other newly identified WBCcount trait-associated variants are associated with clinical
disease outcomes by using a combination of existing
GWAS andPheWAS databases as well as evaluation of the
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X chromosome PAR locus and FLT3 aggregated rare variants in WGS-based datasets.
Most of our newly discovered autosomal loci associated
with WBC-count traits, S1PR3, NRIP1, NPHP3, HBB, and
OPCML, disproportionately impact individuals of African
ancestry. Therefore, in addition to the large but Euro-centric
UKBiobank (UKBB), we utilized PheWAS genotype and
phenotype data from the more diverse BioVU EHR-based
biobank at Vanderbilt University Medical Center. The latter
includes African Americans genotyped on the Illumina
MEGA array imputed to Haplotype Reference Consortium
(HRC) reference genomes. For evaluation of HBB rs334 in
BioVU, we excluded homozygous individuals because of
the known relationship of sickle-cell disease (SCD) to clinical
outcomes. For the S1PR3, NRIP1, and OPCML WBC-count
trait-associated index variants, we found no evidence of significant association with disease outcomes in either UKBB or
BioVU, whereas the NPHP3 index variant showed borderline
association with myocardial infarction (Table S17). In the
BioVU African American PheWAS, heterozygosity for rs334
was associated with several hemolytic anemia-related diagnosis codes, but not with any immune-related or infectious
diseases (Table S17).
Eosinophils are classically associated with type 2 inflammation and are one of the hallmarks of allergic diseases
such as asthma and AD. A subset of subjects with COPD
might also be enriched for circulating eosinophils. Because
the UKBiobank PheWAS lookup tool was restricted to the
autosomes, we tested specifically for the X chromosome locus upstream of CSF2RA and its association with these
three diseases in the UKBB imputed GWAS dataset (Table
S18). We found a significant association with asthma in
the UKBB (odds ratio [OR] ¼ 0.94, p ¼ 3.52 3 106);
notably the association is as expected, i.e., the allele that
decreases eosinophil count in our discovery is also associated with decreased risk for asthma. No associations were
observed with COPD or AD in the UKBB.
Given the availability of several TOPMed lung-disease cohorts with data on asthma, COPD, and pulmonary function,
we expanded our lookup of this variant in the following
studies from TOPMed: BAGS for asthma, SARP for asthma
severity, and ARIC, CHS, FHS, JHS, MESA, COPDGene, and
EOCOPD for lung function and COPD (Table S18). In
20,000 multi-ethnic individuals,42 rs28532112 showed
no association with spirometric measures of pulmonary
function (FEV1, FVC, or FEV1:FVC ratio). There was a nominal association with COPD (p ¼ 0.025) and severe COPD
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(p ¼ 0.036), but paradoxically the minor allele associated
with lower eosinophil count was associated with greater
risk of COPD (OR ¼ 1.09). In the BAGS asthma study there
was no association of rs28532112 with asthma (p ¼ 0.91),
and no associations were noted for asthma severity in the
SARP TOPMed study (p ¼ 0.944 in 393 EAs, p ¼ 0.144 in
218 AAs); however, we should note that these two asthma cohorts were underpowered and most likely unable to recapitulate the associations noted for asthma in the UKBB. Given
the small sample size with a phecode definition of AD in
the UKBB, we also took advantage of WGS data available
from the ADRN, where in-depth phenotyping could help
overcome the heterogeneity possible in the UKBB. In the
ADRN samples, we found rs28532112 was associated with
AD (OR 0.63; p ¼ 0.008), and once again the association
was as expected, i.e., the allele that decreases eosinophil
count in our discovery was also associated with decreased
risk for AD.
Because a low-frequency monocyte-count-associated
variant of FLT3 (rs76428106) was recently associated with
autoimmune thyroid disease (AITD),72 we used wholeexome sequencing to examine whether aggregated rare
variants of FLT3 were associated with AITD among
200,000 UKBB individuals. Among 6,686 AITD-affected individuals and 179,346 individuals without AITD, there was
no evidence of association by either burden (p ¼ 0.81) or
sequence kernel association test (p ¼ 0.38). However,
because of the relatively small number of cases in the
UKBB, the lack of association might be due to low statistical
power.

Discussion
By expanding coverage of the genome through deep WGS
performed in a large sample of diverse individuals, we have
identified several loci that are associated with WBC-count
traits but that are distinct from variants previously identified through large GWASs. In each instance, the identified
single variants (HBB, S1PR3, NPHP3, NRIP1, OPCML, and
CSF2RA) are highly differentiated in allele frequency across
ancestral populations; HBB and S1PR3 are essentially
monomorphic in Europeans. The eosinophil-lowering
CSF2RA variant located on the X chromosome may be
associated with reduced susceptibility to asthma and AD.
We also identified a burden of rare coding variants in
FLT3 associated with monocyte count. These results
demonstrate the utility of WGS in diverse cohorts of apparently healthy individuals for our further understanding of
the genetic architecture of WBC traits and their relationship to immune-related disorders. Multi-omic data available from diverse TOPMed samples and other sources
contributed to defining the likely causal genes or molecular mechanisms underlying these associations.
Despite its importance for hematologic traits and Mendelian disorders (e.g., Diamond-Blackfan anemia, hemophilia, and G6PD deficiency), the X chromosome has been under-studied in complex-trait genetics through GWASs,

largely because of analytical issues and challenges related
to imputation and sex-related differences in gene dosage.
In particular, PAR1 on the X and Y chromosomes recombines in a sex-biased manner and thus has traditionally
been ignored in linkage and association studies.73 The
application of WGS allowed us to circumvent the need for
genotype imputation and directly identify a commonvariant association that prior GWASs had missed within
PAR1. We have identified and replicated a common variant
associated with lower eosinophil count within the X chromosome PAR1 region between CSF2RA (GM-CSF) and
CRLF2 (cytokine receptor-like factor 2). The sentinel variant
rs28532112 is about three times as common in African as in
European populations, which might also have contributed
to our ability to discover its association with eosinophil
count. The recently completed gapless, end-to-end assembly of the human X chromosome reference sequence,
including PARs,74 should additionally facilitate identification of X-linked or pseudo-autosomal variants newly associated with complex traits.
Several of the autosomal WBC-count trait-associated loci
that we report (S1PR3, NPHP3, HBB, and NRIP1) contain
other nearby variants that have been previously associated
with hematologic traits, suggesting broader hematopoietic
lineage regulation of these genomic regions. For example,
previous studies in predominantly European ancestral
populations have identified several genetic variants that
occur within a 500 kb region upstream of S1PR3 and
that are associated with WBC, RBC, and platelet traits.5,75
Although the rs334 variant encoding hemoglobin S is
well known to affect RBC physiology, the mechanism of
association for distinct variants within the NPHP3 and
NRIP1 regions with RBC traits remains unclear.
Our results also extend the clinical importance of variants underlying WBC count and immune-related quantitative traits, particularly to non-European populations. The
association of rs334 with a lower lymphocyte count, a
higher proportion of neutrophils, and higher plasma levels
of several immune- and kidney-related proteins adds to
growing evidence that the carrier state of sickle-cell disease
(p.Glu7Val [c.20A>T])-encoding hemoglobin S is associated with various medical phenotypes (RBC traits, higher
D-dimer levels, and lower eGFR and hemoglobin A1c
levels) and disease susceptibility (increased risk of chronic
kidney disease and venous thromboembolic disease) in African Americans.76 There is evidence that, in addition to
having a role in leukocyte recruitment and trafficking,
S1PR3 is required for myeloid cell oxidative killing of microbial pathogens,77 is expressed on alveolar epithelial
cells, and regulates epithelial integrity in lung disease.78
In this regard, the S1PR3 locus shows evidence of being under recent positive selection in African populations and
might contribute to pulmonary edema and pathogenesis
of severe malaria.79 Although our PheWAS did not
show evidence that the African-specific variant S1PR3
rs28450540 was associated with any additional chronicdisease outcomes, the importance of rs28450540 or other
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variants at the S1PR3 locus for complications from other
chronic lung and infectious disease or sickle-cell disease
might require larger sample sizes.
The putative association of the X chromosome eosinophil-lowering variant with reduced risk of asthma and AD
is consistent with prior studies demonstrating that genetically determined eosinophil count is associated with risk
of allergic diseases in UKBB.5,8 These findings have potential implications for risk stratification or drug development
for AD, asthma, or other allergic and lung diseases that
disproportionately affect African Americans.80 Eosinophils
and related type 2 inflammatory responses are particularly
important at the barrier surfaces of skin and the respiratory
and gastrointestinal tracts. Anti-TSLP antibodies such as Tezepelumab (AMG-157/MEDI9929) reduce levels of biomarkers of type 2 inflammation; such biomarkers include,
for example, blood and sputum eosinophil counts.81 Moreover, mutations in CSF2RA are a cause of pulmonary surfactant metabolism dysfunction type 4 (SMDP4) (pulmonary
alveolar proteinosis) (MIM: 300770), a rare lung disorder.
Additional studies might be required for adequate characterization of the role of newly identified genetic variants
at this important X-linked cytokine-receptor-gene-family
locus for allergic, autoimmune, and pulmonary diseases,
especially in the context of disease severity.
Additionally, our findings highlight one of the caveats
inherent in WGS studies. The identification of a burden
of rare variants in two genes (TET2 and FLT3) linked to
leukemogenesis and clonal myeloid expansion and associated with monocyte count among a sample of largely unscreened individuals raises the question of distinguishing
between germline, somatic, or clonal hematopoietic variants in blood-based next-generation sequencing studies
involving complex traits or diseases. Because clonal hematopoiesis is an age-related condition, case-control WGS
germline variant studies of aging-related conditions could
be particularly prone to confounding by somatic variants.82 To avoid such potential confounding in bloodbased genome-sequencing association studies, researchers
might need to provide additional evidence of the germline
or somatic origin by using clinical information, variant
characteristics, and/or serial next-generation sequencing
assays.83
In summary, using a WGS approach in diverse samples,
we have identified and replicated 7 single-variant leukocyte-trait associations previously missed by GWASs; one
of these is the association between a chromosome X PAR
and both lower eosinophil count and reduced risk of
allergic diseases. We extend the phenotypic profile of
sickle-cell trait, which has previously been associated
with RBC, kidney, and thrombosis-related biomarkers to
include lymphocyte count and inflammation-related biomarkers. The identification of monocyte-specific associations, including an African-ancestry variant at the S1PR3
locus and a burden of very rare variants in FLT3, might
warrant additional study in the context of infectious or
autoimmune diseases, respectively.
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58. Nussbaum, C., Bannenberg, S., Keul, P., Gräler, M.H., Gonçalves-de-Albuquerque, C.F., Korhonen, H., von Wnuck Lipinski, K., Heusch, G., de Castro Faria Neto, H.C., Rohwedder, I.,
et al. (2015). Sphingosine-1-phosphate receptor 3 promotes
leukocyte rolling by mobilizing endothelial P-selectin. Nat.
Commun. 6, 6416.
59. Keul, P., Lucke, S., von Wnuck Lipinski, K., Bode, C., Gräler,
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