
	
  

Large-Scale Genetic Analyses of Inflammatory Traits and Hematologic Parameters:          
Insights and Implications 

 

Ursula Martine Schick 

 

 

A dissertation  

submitted in partial fulfillment of the 

 requirements for the degree of 

 

Doctor of Philosophy 

 

 

 

University of Washington 

2014 

 

 

 

Reading Committee: 

Alexander P. Reiner, Chair 

Paul L. Auer 

Stephanie Malia Fullerton 

 

 

Program Authorized to Offer Degree: 

School of Public Health 

 



	
  

©Copyright 2014 

Ursula Martine Schick 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



	
  

 

University of Washington 

Abstract 

 

Large-Scale Genetic Analyses of Inflammatory Traits and Hematologic Parameters:  
Insights and Implications 

 

 

Ursula Martine Schick 

 

Chair of the Supervisory Committee: 

Alexander P. Reiner, Research Professor 

Department of Epidemiology 

 

Genome-wide association studies (GWAS) have identified thousands of trait-associated 

common variants, but for most complex traits these polymorphisms have explained only 

a small proportion of the phenotypic variation. In an effort to assess the contribution of 

rare variation, sequencing based approaches targeting the exome and whole genome have 

now been applied to large numbers of individuals. The first aim of this dissertation seeks 

to identify novel associations in exome sequences from more than 9,000 participants with 

C-reactive protein (CRP) levels. This investigation revealed a putatively functional 

nonsynonymous variant in CRP and provided novel insights into variation in the 

apolipoprotein E gene (APOE).  The second aim uses data from the exome array 

(primarily composed of rare variants identified through exome sequencing and a subset of 

common variants from GWAS) to investigate cross-phenotype associations in blood cell 

traits including red cell parameters (hematocrit and hemoglobin), platelet count, and 



	
  

white blood cell count. This analysis confirmed previously identified cross-phenotype 

associations and provided evidence of novel cross-phenotype associations. The final aim 

of this study explores the issues surrounding somatic variants as incidental findings from 

genetic research. This aim seeks to summarize existing recommendations related to return 

of incidental findings to research participants and to evaluate the case for somatic 

mutations as returnable incidental findings using the Janus Kinase (JAK2) p.V617F 

mutation as a motivating example. 
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Introduction 
 

 First applied in 2005, the Genome-Wide Association Study (GWAS) design has been 

successful at identifying single nucleotide polymorphisms (SNP) implicated in complex disease.  

This agnostic genotype-based approach captures common polymorphic loci distributed across the 

genome to assess association with a given phenotype. The nearly 2,000 published GWAS have 

identified thousands of associations, however these SNPs explain only a small fraction of the 

heritable variation of most complex traits.  

 In an effort to investigate the contribution of less common and rare variants to complex 

phenotypes, the National Heart, Lung and Blood Institute funded several exome sequencing 

projects including the Exome Sequencing Project (ESP) and Cohorts for Heart and Aging 

Research in Genomic Epidemiology (CHARGE).  Exome sequencing has previously been 

applied to discover the genetic basis of several Mendelian diseases, and results from ESP and 

CHARGE confirm that variants distributed across the allelic frequency spectrum contribute to 

complex traits. Specifically, we apply exome sequencing to identify novel associations and 

clarify previous associations with C-reactive protein (CRP) levels.  

 Beyond to rare variation, additional biological phenomenon may be important 

contributors to the etiology of complex traits. Moving into the post-GWAS era, detailed analyses 

are necessary to investigate the shared genetic architecture between correlated traits to better 

understand the shared pathophysiological mechanisms. The second aim of this dissertation seeks 

to identify and characterize cross-phenotype associations for blood cell phenotypes in an effort to 

explain direct and inverse correlation between these traits and better understand the shared 

genetic architecture underlying these traits.  
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 In the course of identifying trait-associated loci, large-scale sequencing or genotyping 

studies may uncover variants with important health implications. As we observed in a recent 

study of blood traits, a rare somatic variant in janus kinase 2 was associated with our phenotypes 

of interest, but also confers information about development of myeloproliferative neoplasms.  

This work seeks to understand the implications of this finding and how the identification of this 

somatic mutation may contribute to the discussion of return of incidental findings from genomic 

research.  

 This dissertation project, covering a wide range of topics, performs genetic epidemiologic 

studies to evaluate the contribution of rare variation and to uncover pleiotropic effects in 

complex traits.  Further, this work seeks to enumerate the complication of incidental 

identification of a somatic variant relevant to blood disorders.  
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Specific Aims 
 

The Institute for Public Health Genetics doctoral program centers on two core areas of 

study: A) genomics in public health and B) implications of genetics for society. Consistently, this 

dissertation is divided according into these two areas of study. The A-side of this dissertation is 

composed of two related aims focusing on the genetic epidemiology of inflammatory and blood 

cell traits: 

 Aim 1 focused on the identification of novel genes and variants associated with 

CRP levels in exome sequence data from the ESP and the CHARGE consortia.  

 Aim 2 sought to identify cross-phenotype associations in blood cell traits in 

samples from the Women’s Health Initiative. 

The B-side aimed to explore the implications of the incidental identification of a somatic 

mutation in participants of genetic research studies.  To explore the topic, a somatic mutation 

relevant for myeloproliferative neoplasms was utilized as a motivating example.  
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Abstract  

C-reactive protein (CRP) concentration is a heritable systemic marker of inflammation that is 

associated with cardiovascular disease risk. Genome Wide Association Studies have identified 

CRP-associated common variants associated in approximately 25 genes. The aims were to apply 

exome sequencing to 1) assess whether the candidate loci contain rare coding variants associated 

with CRP levels and; 2) perform an exome-wide search for rare variants in novel genes 

associated with CRP levels. We exome sequenced 6,050 European Americans and 3,109 African 

Americans from the NHLBI-ESP and the CHARGE consortia and performed association tests of 

sequence data with measured CRP levels. In single variant tests across candidate loci, a novel 

rare (MAF=0.16%) CRP coding variant (rs77832441-A; p.Thr59Met) was associated with 53% 

lower mean CRP levels (P=2.9x10-6). We replicated the association of rs77832441 in an exome 

array genotype-based analysis of 11,414 European Americans (P=3.0x10-15). Despite a strong 

effect on CRP levels, rs77832441 was not associated with inflammation-related phenotypes. In 

19q13, we also found evidence for an African American-specific association of APOE-ε2 rs7214 

with higher CRP levels.  At the exome-wide significance level (P<5.0x10-8), we confirmed 

associations for reported common variants of HNF1A, CRP, IL6R, and TOMM40-APOE. In 

gene-based tests, a burden of rare/low frequency variation in CRP in European Americans 

(P≤6.8 x10-4) and RORA in African Americans (P=1.7 x10-3) were associated with CRP levels at 

the candidate gene-level (P<2.0 x10-3). This inquiry did not elucidate novel genes, but instead 

demonstrated that variants distributed across the allele-frequency spectrum within candidate 

genes contribute to CRP levels. 
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Introduction 

C-reactive protein (CRP) is an acute-phase protein reactant produced by the liver in 

response to proinflammatory stimuli. CRP is a sensitive, but nonspecific heritable biomarker of 

systemic inflammation that is associated with a variety of inflammation-mediated diseases1-5. 

Particular attention has been focused on characterizing the association between CRP and 

cardiovascular disease (CVD). Prospective epidemiologic studies suggest that basal CRP levels 

are predictive of risk of future CVD2; 6-8, though the degree of association is dependent on levels 

of other conventional vascular risk factors5; 9. Current consensus recommendations support the 

clinical use of CRP to predict CVD risk among a subset of asymptomatic adults and in the 

selection of statin therapy10. Despite routine clinical use of CRP levels, data from Mendelian 

randomization studies suggests that CRP is unlikely to be causally related to CVD11-17.   

Genome Wide Association Studies (GWAS) have sought to characterize genetic 

determinates of CRP levels. This approach has been successful at identifying approximately 25 

loci associated with CRP levels among individuals of European17-22, Asian23-25, and African26; 27 

descent (Table S1). To further interrogate known loci and to search for novel loci associated with 

CRP levels, we applied exome sequencing, which captures sequence variation in the protein-

coding portion of the genome. Exome sequencing has proven useful for identifying rare causal 

variants for several Mendelian disorders 28-32. Further, recent studies illustrate the application of 

exome sequencing to identify variation underlying complex traits 33-38.  

In this study, we apply exome sequencing to a large sample of European American (EA) 

and African American (AA) ascertained through seven population-based cohorts 

(Atherosclerosis Risk in Communities (ARIC), Coronary Artery Risk Development in Young 

Adults (CARDIA), Cardiovascular Health Study (CHS), Framingham Heart Study (FHS), 
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Jackson Heart Study (JHS), Multi-Ethnic Study of Atherosclerosis (MESA), and the Women’s 

Health Initiative (WHI)) that compose the National Heart, Lung, and Blood Institute (NHLBI) 

Exome Sequencing Project (ESP) and the Cohorts for Heart and Aging Research in Genomic 

Epidemiology (CHARGE) consortium. Our specific aims were to 1) assess whether known CRP 

loci harboring common variants also contain rare coding variants associated with CRP levels, 

and; 2) perform an exome-wide search for rare variants in novel genes associated with CRP 

levels. Follow-up HumanExome BeadChip genotyping data from an independent sample derived 

from the WHI and JHS cohorts were used as replication for discovery findings. 

Materials and Methods 

Study Subjects and CRP Measurements 

Our discovery sample consisted of exome sequence data from 3,360 individuals from the 

NHLBI-ESP and 5,799 individuals from the CHARGE project with valid CRP measures. In 

total, these 9,159 participants included 6,050 EA and 3,109 AA sampled from seven population-

based cohorts: ARIC (N=4,827), CARDIA (N=190), CHS (N=946), FHS (N=1,144), JHS 

(N=346), MESA (N=399), and the WHI (N=1,307) as part of the NHLBI- ESP and an 

independent sample from three of the same population-based cohorts (ARIC, FHS, CHS) as part 

of the CHARGE consortium39. CRP levels were measured by high-sensitivity immunoassay in 

all 7 cohorts. Detailed descriptions of each of the seven cohorts and the techniques used to 

measure circulating CRP levels are provided in previous publications40-45 and summarized in 

Table S2. Clinical information was collected through self-report and in-person examination. All 

participants provided written informed consent as approved by local human-subjects committees.  

Sampling Design 
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The CHARGE cohorts’ study participants included here were selected as part of a large 

random cohort sample or for extreme values for at least one of the following phenotypes: age at 

menopause, electrocardiogram QT interval, fasting blood glucose, fibrinogen level, renal 

function, Stamler-Kannel-like extremes of risk factors selected by principle components and 

waist-to-hip ratio. The sampling design of ESP included disease phenotypes (early onset 

myocardial infarction, ischemic stroke), and several quantitative cardiovascular risk factors that 

were sampled on the basis of phenotypic extremes (blood pressure, BMI and LDL cholesterol), 

as well as a deeply phenotyped random sample. Due to the extreme sampling of phenotypic 

extremes, we adjusted for sampling design to minimize bias.  

Exome Sequencing and Variant Calling  

In ESP, the processes of library construction, exome capture, sequencing, and mapping 

were performed as previously described26; 37; 46. Sequencing was performed at the University of 

Washington (UW) and the Broad Institute of MIT/Harvard (Broad). Briefly, exome capture was 

performed using Roche Nimblegen SeqCap EZ or Agilent SureSelect Human All Exon 50 Mb. 

Paired end sequencing (2 x 76bp) was performed on Illumina GAII and HiSeq instruments. 

Single Nucleotide Variants (SNVs) were called using a maximum likelihood approach47 

implemented in the UMAKE pipeline at University of Michigan, which allowed all samples to 

be analyzed simultaneously, both for variant calling and filtering. Binary Alignment/Map 

(BAM)48 files summarizing Burrows-Wheeler Alignment (BWA)47 alignments generated at the 

UW and the Broad were used as input. These BAM files summarized alignments mapped to the 

Genome Reference Consortium Human Build 37 (GRCh37), refined by duplicate removal, 

recalibration, and indel re-alignment using the Genome Analysis ToolKit (GATK)49. We 

excluded all reads that were not confidently mapped (Phred-scaled mapping quality < 20) from 
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further analysis. Mean depth was 127x in targeted regions. We then computed genotype 

likelihoods for exome targeted regions and 50 flanking bases, accounting for per base alignment 

quality using SAMtools48. Variable sites and their allele frequencies were identified using a 

maximum-likelihood model, implemented in glfMultiples50. These analyses assumed a uniform 

prior probability of polymorphism at each site. The final call-set was performed on 6,823 

samples (referred to as the ESP6800 call-set).   

In CHARGE, DNA samples were constructed into Illumina paired-end pre-capture 

libraries according to the manufacturer’s protocol. The complete protocol and oligonucleotide 

sequences are accessible from the Human Genome Sequencing Center (HGSC) website. Either 

four or six pre-capture libraries were pooled together and then hybridized to Nimblegen exome 

capture array (HGSC VCRome 2.1 design51 (42Mb, NimbleGen)) and sequenced in paired-end 

mode in a single lane on the Illumina HiSeq 2000 platform. Illumina sequence analysis was 

performed using the HGSC Mercury analysis pipeline. Pooled samples were de-multiplexed 

using the Consensus assessment of sequence and variation (CASAVA) software. Reads were 

then mapped to the GRCh37 human reference sequence using BWA producing BAM files. 

Aligned reads were then recalibrated using GATK49 along with BAM sorting, duplicate read 

marking, and realignment near indels. The Atlas252 suite was used to call variants and produce 

high-quality variant call files (VCF)53. The VCF includes a filter indicating variants with 

apparent strand-bias, low allele fraction, low coverage, or low quality to produce a high-quality 

variant list. Specifically, the poor quality fields included variants with a posterior probability less 

than 0.95, less than 3 variant reads, variant read ratio less than 0.1, more than 99% variant reads 

in a single strand direction, total coverage less than 6, and homozygous reference alleles with 

less than 6X coverage. 
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Quality Control 

ESP used a support vector machine classifier to separate likely true positive and false-

positive variant sites, applying a series of variant-level filtering steps. Variant-level quality 

metrics included allelic balance (the proportional representation of each allele in likely 

heterozygotes), base quality distribution for sites supporting the reference and alternate alleles, 

and the distribution of supporting evidence between strands and sequencing cycle, among others. 

These steps were followed by quality control on individual samples within each study. We used 

as the positive training set variants identified by dbSNP54 or 1000 Genomes55 and we used 

variants that failed multiple filters as the negative training set.  We found this method to be 

effective at removing sequencing artifacts while preserving good-quality data, as indicated by the 

transition-transversion (ti-tv) ratio for previously known and newly identified variant sites, the 

proportion of high frequency variants overlapping with dbSNP, and the ratio of synonymous to 

non-synonymous variants, as well as attempts at validation of a subset of sites. We excluded 

variants with read depth greater than 500, variants with more than 2 observed alleles in 

CHARGE and any genotype containing a copy of the less frequent alternate allele in ESP, or 

missing rates ≥ 10% for ESP and >20% for CHARGE, and HWE p-value < 5x10-8 and P<5x10-6 

for ESP and CHARGE, respectively.   

In ESP, samples with discrepant self-reported race and ancestry derived from principal 

component analysis (PCA) performed on exome sequencing data in PLINK56 as well as well as 

ancestry outliers by PCA were removed. Samples having very low concordance  (<90%) with 

previously-obtained SNP array data were considered likely sample swaps and were also dropped 

from further analysis.  In CHARGE, within each cohort, a sample was excluded if it fell beyond 
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6 standard deviations of any of 4 selected measures that were calculated by cohort and ancestry 

group: number of singletons, heterozygote to homozygote ratio, mean depth, or ti-tv ratio.   

Variant Annotation  

To facilitate meta-analysis between CHARGE and ESP, we created a combined variant 

annotation file including all quality-controlled variant sites observed in either study: 2,707,999 

variants in CHARGE and 1,908,614 in ESP6800. We first annotated variants in the two studies 

separately using an in-house pipeline built on ANNOVAR57 and dbNSFP v2.058 according to the 

reference genome GRCh37 and National Center for Biotechnology Information RefSeq. The 

majority of the exonic variants were annotated to a unique gene and functional category. A 

variant, however, can be annotated to multiple genes by ANNOVAR and can have more than 

one of the following functional categories: stop-gain, stop-loss, splicing, nonsynonymous, 

noncoding RNA splicing, synonymous, exonic, 5’ untranslated region (UTR5), 3’ untranslated 

region (UTR3), noncoding RNA exonic, upstream, intronic, noncoding RNA intronic, 

downstream, intergenic, where the first five categories are considered “functional” variants to be 

included in the rare variants burden tests. We then merged the CHARGE and ESP annotated 

variant lists to ensure that a variant that was present in both studies has the same reference allele 

and functional annotation. The combined CHARGE-ESP SNP info file that was used in the 

skatMeta package included a total of 3,494,971 unique autosomal sites present in either or both 

ESP and CHARGE.   

Association Analyses 

Samples with very high CRP values (>100 mg/L) were excluded from analyses and 

measured CRP values below the lower limit of detection were replaced with the assay lower 

limit value, leaving 3,109 AA and 6,050 EA available for association testing. CRP values were 
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natural log (ln) transformed to normalize the distribution of CRP levels. We performed two types 

of tests, single variant (common and lower frequency variants) and gene burden (rare and lower 

frequency variants only), as detailed further below and summarized in Table S3. Cohort-level 

analyses were carried out using the R59 skatMeta package. In the CHARGE cohorts (ARIC, FHS 

and CHS) the “skatCohort” or “skatFamcohort” functions were used to create datasets for meta-

analysis.  In ESP, the six cohorts were pooled into a single dataset and were analyzed using the 

“skatCohort” function.  

Meta-analyses of the “skatCohort” and “skatFamcohort” results were conducted at two 

independent sites to ensure concordance in findings. Both race-stratified meta-analysis 

considering a single ethnicity, and combined meta-analysis including both ethnicities were 

carried out because most CRP-associated loci identified to date have shown consistent patterns 

of association between EA and AA26. All meta-analyses were conducted in the skatMeta package 

using the “singlesnpMeta” function for single variant meta-analyses, and the “burdenMeta” and 

“skatMeta” functions for gene-level meta-analyses. We considered only variants on autosomal 

chromosomes in all analyses. Confirmatory analyses in METAL60 evaluate between-study 

heterogeneity of significant results using the heterogeneity I2 metric. Based on adjustment for 23 

tests of significant CRP-associated SNV in the discovery sample, heterogeneity was considered 

to be statistically significant a p-value below 2.17x10-3. 

Single Variant Tests  

Using the skatMeta we ran race-stratified study-specific objects (ESP, CHARGE-ARIC, 

CHARGE-FHS, CHARGE-CHS) for downstream meta-analyses. Within each meta-analysis 

group (EA, AA, combined) and for each variant site with 5 or more minor alleles detected, we 

tested for association with CRP levels via linear regression with an additive genetic model. We 
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included as covariates, race-specific principle components (PCs) as needed, age, sex, and BMI. 

In the ESP samples a dummy variable correcting for the sampling procedure, cohort and capture 

target was included in the model.  

Gene Burden Tests  

Using the skatMeta package we ran two different types of gene-level tests. The first was 

adopted from the T1 collapsing approach61. For the T1 tests, we only considered polymorphic 

variants having a within race minor allele frequency ≤0.01 that was calculated from the entire 

ESP-CHARGE call-set. The second gene-level test was adopted from the SKAT approach 62. For 

the SKAT tests, we only considered variants having a MAF ≤ 0.05 that was calculated from the 

entire ESP-CHARGE call-set. Both T1 and SKAT tests considered only SNVs annotated as 

nonsynonymous, stop-gain, stop-loss, noncoding RNA splice or splice variants in the shared 

ESP/CHARGE annotation file. Burden tests considered only considered variants that passed 

quality control in either or both ESP and CHARGE.  All gene-level tests were adjusted for age, 

sex, BMI, and principal components (as needed). Again, the ESP analyses included a dummy 

variable correcting for the sampling procedure, cohort and capture target.  

Significance Thresholds 

For analysis of rare variants (MAF<0.05) in the 25 known CRP-associated genes, we 

evaluated 267 coding variants and thus, we used a Bonferroni-corrected threshold of P<1.87 x 

10-4 to declare significance at the single-variant level. In the burden test of candidate genes, we 

corrected for the number of candidate genes surveyed (N=25) to assign the threshold of 

significance at P<2.0 x 10-3. In the exome-wide exploratory analyses, an association was deemed 

to be statistically significant at P<5.0 x 10-8 for single variants (the standard GWAS common 

variant criteria for assessing significance based on a million test), which is a stringent threshold 
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considering that we only tested ~640,000 variant sites. Significance was assessed at P<2.5 x 10-6 

for the gene-based rare variant association tests based on a correction for 19,230 genes. Table S3 

summarizes the significance thresholds for all the reported tests.  

Validation of CRP Association Signals in Additional Samples 

Significant association findings from the discovery sample were followed-up in a sample 

13,794 participants of the WHI with CRP measurement available (11,414 EA participants and a 

sub-sample of 2,380 AA participants from the WHI-SHARe project26) and 2,201 AA from JHS. 

Replication samples were independent from samples used in the ESP and CHARGE exome 

sequencing discovery sample.  The JHS and WHI validation samples were genotyped using the 

Illumina HumanExome v1.0 BeadChip at Broad Institute or at the Translational Genomics 

Research Institute (Phoenix, AZ), respectively. Genotype calls were assigned using 

GenomeStudio v2010.3.  We removed samples with call-rates less than 98%, SNPs with call-

rates less than 95% or HWE p-values less than 5x10-6. We checked concordance of genotype 

calls across hundreds of duplicated samples and SNPs with concordance rates < 99% were 

excluded from analysis. High-sensitivity CRP was measured on with the use of a latex-particle 

enhanced immunoturbidimetric assay. Consistent with the discovery analysis, only samples with 

CRP values < 100 mg/L were included in the replication analyses. Single variant and gene 

burden tests for association tests were performed as described above. 

Investigation of the association between rs77832441 and inflammation-related phenotypes 

Samples from the WHI EA replication sample with available Illumina Human exome 

Array data were used to investigate the association between rs77832441 and inflammation-

mediated phenotypes stroke, systolic blood pressure, waist-to-hip ratio, and BMI. To investigate 

the association to CHD, we used EA samples from the Myocardial Infarction Genetics Exome 
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Array Consortium with available Illumina HumanExome BeadChip data (N CHD cases=14,727, 

N controls=30,232).  Availability of EA samples from 6,474 type 2 diabetes cases and 6,370 

controls from the Type 2 Diabetes Genetic Exploration by Next-generation sequencing in Ethnic 

Samples Consortium with available exome sequence data permitted us to evaluate whether 

rs77832441-A allele was associated with case status. Linear or logistic regression was used to 

assess association between the predictor (rs77832441- per A-allele) and the continuous or binary 

inflammation-mediated phenotype with adjustment for covariates as needed. Statistical 

significance was assessed at P<0.05.  

Results  

Participant Characteristics 

Race-stratified characteristics of discovery and validation cohorts are summarized in 

Table S4.  Overall, compared to EA, AA had a greater proportion of women, higher prevalence 

of hypertension and type 2 diabetes, higher body mass index (BMI), and higher median CRP 

levels.  

Single Variant Test Results 

Summary information for uniquely annotated variants included in the ESP-CHARGE 

meta-analyses is detailed in Table S5. The meta-analyzed exome-wide single variant association 

results for CRP levels in EA, AA, and combined races are summarized in Figure 1 and Figure 

S1A. Overall results for significant association signals were consistent with no significant 

between-study heterogeneity (Tables 1 and 2). 

Confirmation that common coding variants are associated with CRP levels 

Nine coding variants from four distinct chromosomal regions reached exome-wide 

significance in the combined sample (Table 1). All nine of these significant variants are common 
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(minor allele frequency (MAF)>10% in both EA and AA) and have been previously reported or 

are in linkage disequilibrium (LD) with known CRP-associated single nucleotide polymorphisms 

(SNP)2; 19; 25; 26; 63-65. The genes and their variants are hepatocyte nuclear factor 1 homeobox A 

(HNF1A (MIM 142410); rs2464196 (p.Ser487Asn), rs2259820 (p.Leu459=), rs1169288 

(p.Ile27Leu) and rs1169289 (p.Leu17=), 12q24.2), interleukin 6 receptor (IL6R (MIM 147880); 

rs2228145 (p.Asp358Ala), 1q21.31), leptin receptor (LEPR (MIM 601007); rs1805096 

(p.Pro1019=), 1p31.3), translocase of outer mitochondrial membrane 40 (TOMM40 (MIM 

608061); rs157581 (p.Phe113=), rs11556505 (p.Phe131=), 19q13.32), and apolipoprotein E 

(APOE (MIM 107741); rs429358 (p.Cys130Arg), 19q13.32). Consistent with the results of prior 

GWAS meta-analyses, common intronic variants in CRP, LEPR, HNF1A and TOMM40 were 

also associated with CRP levels at an exome-wide significance level (Table S6). Table S7 

summarizes effect estimates for all variants reaching significance by analytic group (ESP, 

CHARGE-ARIC, CHARGE-CHS or CHARGE-FHS).  

A novel, rare missense variant of CRP is associated with CRP levels 

Two lower frequency synonymous variants (TOMM40 rs112849259 (p.Asp209=), 

MAF=3.1% and CRP rs1800947 (p.Leu184=), MAF=4.4%) reached exome-wide significance in 

the combined sample of EA and AA participants (Table 2). The CRP rs1800947 synonymous 

variant has been previously associated with lower CRP levels in EA, independently of the more 

common CRP-lowering haplotype at the chromosome 1q23 CRP locus12; 20; 66. TOMM40 

rs112849259 has not been previously been reported as associated with CRP levels. Since 

rs112849259 is not present on the Exome Array, we were unable to assess its association with 

CRP in our genotype-based validation sample.  
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In addition to the CRP rs1800947 synonymous variant, we identified a novel association 

of a rare nonsynonymous CRP variant rs77832441 (Thr59Met; MAF =0.16%) with lower CRP 

levels in the combined discovery sample (A-allele, β (SE)=-0.88(0.19); P = 2.90x10-6) that was 

significant at the candidate gene-level (P<1.87x10-4). We subsequently validated this finding 

among 11,414 independent EA Exome Array samples, where the A-allele (MAF=0.31%) was 

strongly associated with CRP levels (60% lower mean CRP, P=3.00 x10-15).  The combined 

discovery and replication p-value was 3.86x10-16.  

Additional characterization of CRP p.Thr59Met rare variant association signal 

To demonstrate that the CRP missense variant rs77832441 p.Thr59Met association signal 

is independent of other common and lower frequency CRP locus SNPs, we performed 

conditional regression analyses using either the ESP discovery exome sequenced samples or the 

genotype-based Exome Array validation samples.  As shown in Table S8, the association of 

rs77832441 p.Thr59Met with CRP levels was independent of CRP variants known to be 

associated with CRP through prior GWAS (rs1417938, rs3093059 & rs1800947). Further, 

assessment of linkage disequilibrium (LD) in the 1000 Genomes European ancestry panel 

structure showed very weak LD between rs77832441 and common CRP variants (CEU; Table 

S9).  

The rs77832441-A allele encoding the Threonine to Methionine amino acid substitution 

could reduce CRP levels by affecting mRNA splicing or stability, reducing CRP synthesis, or 

altering CRP monomer subunit structure or the ability for CRP monomers to associate into native 

circulating pentamers. The p.Thr59Met missense variant is located at residue 41 of the mature 

CRP polypeptide. According to the 3-dimensional x-ray crystallographic structure of CRP67, this 

amino acid lies at the end of a β-sheet (residues 32-41) proximate to a 3/10 alpha helical domain 
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(residues 43-45). The 40-42 region of the CRP protein is involved in interprotomer interactions 

with residues 115-123 on the adjoining monomer (Figure 2). Therefore, the non-conservative 

Threonine to Methionine amino acid change (which is predicted to be functional by in silico 

protein conservation algorithms68; 69) has the potential to reduce CRP pentamerization or reduce 

native pentameric CRP stability. 

Alternatively, since CRP levels were measured by immunoassay, the p.Thr59Met 

missense variant may alter an epitope recognized by the monoclonal antibody used for CRP 

capture or detection, leading to artificially low CRP values. We investigated the possibility that 

the p.Thr59Met amino acid substitution interferes with CRP detection by examining CRP 

measurements among a subset of 3,442 CARDIA participants for whom both polyclonal and 

monoclonal antibody assays were performed at study year 15. We hypothesized that the 

polyclonal assay would be less susceptible to artifactual bias due to the amino acid substitution at 

residue 59. Comparison of the results failed to demonstrate a large difference in CRP effect size 

between monoclonal and polyclonal assays in a subset of the discovery sample (Figure S2). CRP 

levels detected by monoclonal antibody and polyclonal antibody assays were highly correlated in 

this sample for p.Thr59Met carriers (r=0.97) and non-carriers (r=0.94). These results suggest that 

p.Thr59Met may confer a true biological reduction in circulating CRP levels, though further 

studies are warranted to fully characterize the functional significance of this variant.  

To follow up on this association, we sought to test whether other inflammation-related 

phenotypes were associated with the CRP-lowering A-allele of rs77832441 p.Thr59Met.  In data 

from 14,727 Coronary Heart Disease (CHD) cases and 30,232 controls from the Myocardial 

Infarction Genetics Exome Array Consortium, we failed to demonstrate an association between 

rs77832441 and decreased risk of CHD (Odds Ratio (95% Confidence Interval (CI))=0.99(0.65-
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1.51); P=0.96) despite having an estimated 80% power to detect an odds ratio of 0.67 or less.  

Further, using data from the EA replication sample we were unable to demonstrate any 

association between the CRP rs77832441 variant and incident ischemic stroke (Ncases=2,378, 

Ncontrols=16,736; Odds Ratio (95% CI)= 1.28 (0.76-2.14); P=0.35), systolic blood pressure 

(N=19,111; β (SE)=-0.48(1.98) mm Hg; P=0.81), waist-to-hip ratio (N=19,111; β (SE)=-0.0014 

(0.0071); P=0.84) and BMI (N=19,111; β (SE)=0.044(0.54) kg/m2; P=0.93). Lastly, test for 

association of rs77832441 with type 2 diabetes in 6,474 cases and 6,370 controls from EA 

participants included in the Type 2 Diabetes Genetic Exploration by Next-generation sequencing 

in Ethnic Samples Consortium failed to identify an association of the T59M variant on type 2 

diabetes risk (Odds Ratio (95 % CI)=0.72 (0.22-2.37); P=0.59). 

Additional analysis of common coding variants at the chromosome 19q13 

Two common synonymous variants in TOMM40 (rs157581-C allele, MAF=30%; and 

rs11556505-T allele, MAF=13%), were associated with ~12% lower mean CRP level 

(P≤8.62x10-9) in the combined EA and AA single variant meta-analysis. On the basis of previous 

studies63; 70, we hypothesized that these TOMM40 common variants and/or the low frequency 

(rs112849259) variant may be in LD with the functional APOE ε2, ε3, and ε4 alleles. We 

therefore assessed the relationship of the common and low frequency TOMM40 variants to the 

APOE ε4-allele defining variant rs429358 p.Cys130Arg by performing conditional analysis 

using the ESP exome sequencing data. Conditional analysis in EA and AA demonstrated that all 

3 TOMM40 synonymous CRP-lowering variants (rs157581, rs11556505, rs112849259) are 

conditionally dependent on the APOE ε4 allele-defining SNP rs429358 (Table 3). 

The APOE ε2-allele defining variant rs7412 p.Arg176Cys variant failed quality control 

due to poor sequencing coverage in both ESP and CHARGE discovery samples; however rs7412 
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genotype was available in 13,794 individuals from our validation sample genotyped on the 

Exome Array. Association analyses using the Exome Array samples suggested that the rs7412 

minor allele (T) was associated with higher CRP levels in 2,379 AA (β (SE)= 0.17 (0.05), 

P=6.79x10-4) from WHI; however there was no evidence of association of rs7412 with CRP in 

11,404 EA (β (SE)=0. 018 (0.024), P=0.46). We subsequently validated the rs7412 association in 

an independent sample of 2,201 AA from JHS with Exome Array genotype data (β (SE)=0.20 

(0.057); p=4.44x10-4). The combined meta-analysis results for association of rs7412 in Exome 

Array validation sample with CRP (N=4,609) was β (SE)=0.18 (0.037); P=1.09x10-6. Using 

allele dosage for the APOE ε4 variant rs429358 imputed from 1000 Genomes in WHI 

(imputation Rsq=0.64), we demonstrated in the combined AA Exome Array validation sample 

(N= 4,211) that the association of APOE ε2-defining variant rs7412 with higher CRP levels (P= 

3.74x10-5) and the association of APOE ε4-allele defining variant rs429358 with lower CRP 

levels (P= 4.78x10-9) were conditionally independent. 

Gene Burden Test Results 

Results for collapsing approach (T1) and sequence kernel association test (SKAT) gene-

based tests are summarized in Figures S1B & S1C, respectively. None of the genes reached 

exome-wide significance (P<2.5 x10-6) in EA or AA alone or in the race-combined meta-

analysis.  

Among the 25 candidate genes from GWAS (significance threshold P < 2.00 x 10-3), the 

most significant finding was that rare variation in the CRP locus was associated with CRP levels 

in EA with both the T1 test (P=6.80x10-4) and SKAT (P=1.71x10-4) (Tables S10 & S11). Results 

for both tests of EA on the Exome Array robustly replicated the CRP gene-based association 

(PSKAT=3.21x10-15; PT1=2.54x10-14).  Removal of the rare CRP variant rs77832441 (Thr59Met) 
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from the EA T1 and SKAT tests eliminated significant signal for the gene-based test 

(PSKAT=0.96; PT1=0.77), suggesting that the CRP gene-based association signal is driven solely 

by rs77832441. Gene-based results for CRP in AA did not reach statistical significance 

(PSKAT=0.06; PT1=1.05x10-3).  

Gene-based testing with SKAT additionally showed that rare putatively deleterious 

variation in the Retinoic Acid Receptor-related orphan receptor α (RORA (MIM 600825)) locus 

was associated with CRP levels in AA (P =1.73 x10-3), but not in EA (P=0.83). Using 

HumanExome BeadChip genotype data from an independent African-American validation 

sample (p=0.06), the gene-based test did reach statistical significance. However, only one RORA 

rare variant was shared between exome sequencing discovery and HumanExome BeadChip 

validation platform, which may explain our inability to replicate the finding. 

Discussion 

By combining exome sequence data from two large consortia, we have identified and 

validated a novel association between lower CRP levels and the rs7732441 CRP missense 

variant. Though strongly associated with CRP levels, rs7732441 was not associated with other 

inflammation-mediated phenotypes including CHD, stroke, systolic blood pressure, waist-to-hip 

ratio and BMI. In addition to the previously described CRP-lowering association signal 

attributable to the canonical APOE ε4 allele, we demonstrate a second, independent association 

signal from the APOE ε2 allele that is specific to AA. Finally, a targeted gene-based analysis of 

known CRP-associated genes suggested possible associations between rare coding variants in 

RORA (in AA) on CRP levels.  

Despite a comparatively large sample size relative to other exome sequencing studies, no 

novel CRP-associated genes were detected using a burden test of rare variants. One interpretation 



	
  

	
   22	
  

of these results is that rare coding variants have negligible impact on CRP levels. Alternatively, 

much larger sample sizes may be required to detect associations of rare coding variants of large 

to moderate effect sizes with complex traits. For example, based on our discovery sample size of 

~6,000 EAs, we had 80% power to detect a variant with ~2 mg/L effect on CRP at 3% MAF but 

considerably less power to detect the same effect size at MAF ≤1% (Figure S3). Previous studies 

have shown that tens of thousands of samples may be necessary to be sufficiently powered to 

detect associations between rare-variants, aggregated at the gene-level, and complex traits71; 72. 

Additional factors, such as heterogeneity of study sampling design (inclusive of both 

extreme sampling for other phenotypes and randomly selected individuals) or exome sequencing 

platform, and minor differences in variant calling and quality control procedures between ESP 

and CHARGE consortia, may have limited our ability to detect novel rare variants associated 

with CRP levels and/or limit generalizability of our findings. 

CRP  

Previous studies have identified and replicated associations between CRP levels and 

variants in the CRP locus in populations of European17; 18; 20, African26; 27, Asian 17; 23; 24; 63, and 

Hispanic ancestry26. These GWAS have identified three independently associated common 

alleles (rs33116653, rs12093699 & rs1205) and a single low frequency synonymous variant 

(rs1800947) 11 in the CRP gene associated with lower CRP levels in EA (Table S12). GWAS and 

candidate gene studies12; 66 have identified an additional AA-specific allele (rs16827466) 

associated with higher CRP levels.  

Extending these previous findings, we identify a novel rare CRP variant (rs77832441) 

that is both strongly associated with CRP level in single variant tests and drives the gene-based 

results for CRP. On the basis of conditional analyses (Table S8) and LD estimates (Table S9), 
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this variant appears to represent an independent signal from known GWAS CRP loci.  Despite 

the magnitude of its effect, rs77832441 only contributed 0.5% of the overall ln(CRP) phenotypic 

variance. Our results extend the existence of allelic heterogeneity at the CRP locus and suggest 

that rare coding variation in the CRP gene contributes to CRP phenotypic variation.  

Functional prediction algorithms taking into account conservation and protein structure, 

SIFT69 and Polyphen-268, predict the p.Thr59Met variant to be deleterious (SIFT=0.03 

(damaging) and Polyphen-2=1.0 (probably damaging)). Similarly, crystal structures of CRP 

indicate that the variant could disrupt the site involved in monomer subunit interactions67, which 

may reduce CRP pentamer formation or stability. In vitro, the monomeric and native pentameric 

isoforms of CRP exhibit distinct physico-chemical and inflammatory properties73; 74, which have 

potential implications for the role of CRP in athero-thrombotic disorders. 

Despite the large, likely direct effect of rs77832441 on mean CRP levels, investigation of 

the relationship of the identified rare variant to other inflammation-mediated phenotypes failed to 

demonstrate an association. Similar to previous studies11-17; 75-77, these findings provide 

additional evidence that CRP levels may not elicit direct effects on CHD, stroke, systolic blood 

pressure, hip-to-waist ratio, type 2 diabetes and BMI.   

TOMM40-APOE 

19q13 is a gene-dense region including TOMM40, APOE and apolipoprotein C-I 

(APOC1; MIM 107710). Variants in all three of these genes have been previously associated 

with CRP levels through GWAS or candidate gene analyses17; 26; 63-65; 70. In our exome 

sequencing analysis, the APOE ε4-tagging missense variant (rs429358) and three synonymous 

TOMM40 variants were associated with CRP levels (rs157581, rs11556505, and rs112849259). 

Evidence from previous study and 1000 Genomes sequencing suggest that rs157581 and 
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rs11556505 are in moderate to strong LD with rs429358, the variant that defines the APOE ε4 

allele55; 78. Similarly, we show in our dataset that the CRP-associated TOMM40 variants 

(rs157581, rs11556505 and rs112849259) do not represent an independent signal from the APOE 

rs429358 variant. Further, we identify and replicate an additional AA-specific rs429358-

independent novel association between APOE ε2- tagging variant rs7412 and higher CRP.  

APOE is a major constituent of lipoproteins and the APOE ε2 and ε4 alleles are important 

genetic determinants of CVD and Alzheimer's disease79; 80. The p.Arg158Cys missense variant 

encoded by ε2 exhibits reduced affinity for the low density lipoprotein receptor (LDLR) and 

reduced clearance of apoE-containing triglyceride-rich lipoprotein particles (such as very low 

density lipoprotein), and is associated with lower low density lipoprotein (LDL) cholesterol 

levels65 and type III hyperlipoproteinemia80. By contrast, the p.Cys112Arg variant encoded by ε4 

exhibits more rapid clearance of apoE-containing triglyceride-rich lipoproteins due to increased 

LDLR affinity and is associated with increased LDL cholesterol levels and increased 

cardiovascular risk65; 79; 81; 82. In addition to its role in cholesterol transport, APOE has anti-

atherogenic and anti-inflammatory effects in experimental systems80; 83. However, the 

mechanisms for these pleiotropic effects as well as the paradoxical association of ε2 with lower 

LDL-c/higher CRP and ε4 with higher LDL-c/lower CRP are not well understood.  

RORA 

RORA encodes a nuclear receptor with strong homology to the retinoic acid receptor. 

Data from knockout RORA mice models suggest the importance of RORA in regulating immune 

and inflammatory responses, atherosclerosis susceptibility, and ischemia-induced angiogenesis84; 

85. Previous GWAS indicate that common variation in RORA is associated with CRP18 and liver 

enzyme levels86; 87 at a genome-wide significance level in EA. The previous GWAS meta-
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analysis of CRP identified a common variant rs340029-T allele as associated with increased CRP 

levels18, however GWAS in AA and Hispanic Americans found no association between 

rs340029 and CRP levels26. Further characterization of rare variation of this locus through 

sequencing efforts is warranted to follow up on our discovery finding of a burden of rare variants 

at the locus.   

Summary 

Overall, our results suggest that variants distributed across the allele-frequency spectrum 

within biological candidate genes identified by GWAS contribute to CRP levels. As suggested 

by other studies, robustly associating rare coding variants with modest effects on complex traits 

will require extremely large sample sizes26; 71.  Collaborative efforts involving meta-analysis of 

exome sequence or exome BeadChip genotype data will be necessary to amass the large sample 

sizes required to identify additional rare coding variants contributing to the phenotypic variance 

of CRP levels.  
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Figures & Tables 
Figure 1. Manhattan plots of –log10(P-values) from single variant analyses.  a) combined race, 
b)European American, c) African American.  Variants in the 25 candidate loci identified through 
CRP GWAS are highlighted in red, candidate loci with variant reaching exome-wide 
significance are labeled in italics and rare variants rs77832441 and rs112849259 are also labeled.  
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Figure 2. Protein structure model of C-reactive protein generated using Swiss PDB Viewer with 
the location of rs77832441 is indicated in yellow (Thr41, which corresponds the Thr59 in protein 
databank accession 1B09) and blue residues indicate regions involved with inter-monomer 
interactions.  
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Table 1. Exome-wide significant single variant associations with CRP (P<5.00x10-08) for 
common coding variants 

Gene 
(chromosome: 

GRCh37 
coordinate) 

rs# (function; 
coded/non-

coded allele) 

Previous Report 
(GWAS variant if 

different than 
reported, LD 

measures) 

Sample (N) MAF β (SE) P Het. I2 (P) 

LEPR 
(1:66102257) 

rs1805096 
(Syn; G/A) 

 Reiner et al.26 EA (6050) 0.37 -0.11 (0.019) 3.56x10-08 70.4 (0.012) 

   AA (3109) 0.46 -0.11 (0.027) 5.37x10-05 0 (1) 
   Combined (9159) 0.40 -0.11 (0.016) 8.34x10-12 56.7 (0.04) 

IL6R 
(1:154426970) 

rs2228145 
(nSyn; C/A) 

 Curocichin et al.62 EA (6050) 0.40 -0.12 (0.019) 7.81x10-11 0 (0.93) 

   AA (3109) 0.14 -0.089 (0.040) 2.62x10-02 0 (0.38) 
   Combined (9159) 0.31 -0.12 (0.017) 8.81x10-12 0 (0.86) 

HNF1A 
(12:121435342) 

rs2259820 
(Syn; T/C) 

Reiner et al.19 
(rs2464196, 
r2=1, D'=1)* 

EA (6050) 0.31 -0.12 (0.020) 1.83x10-09 0 (0.69) 

   AA (3109) 0.12 -0.067 (0.040) 9.62x10-02 0 (0.96) 
   Combined (9159) 0.25 -0.11 (0.018) 9.06x10-10 0 (0.72) 

HNF1A 
(12:121435427) 

rs2464196 
(nSyn;A/G) 

Reiner et al.19 EA (6050) 0.32 -0.12 (0.020) 9.29x10-09 0 (0.71) 

   AA (3109) 0.12 -0.07 (0.040) 8.07x10-02 0 (0.80) 
   Combined (9159) 0.25 -0.11 (0.018) 3.27x10-09 0 (0.78) 

HNF1A 
(12:121416622) 

rs1169289 
(Syn; G/C) 

Kong et al.25 
(rs2393791, 

r2=0.83, D’=0.93)* 

EA (6050) 0.46 -0.12 (0.019) 8.98x10-11 8.5 (0.34) 

  AA (3109) 0.34 -0.06 (0.028) 2.16x10-02 0 (1) 
  Combined (9159) 0.42 -0.10 (0.016)  2.64x10-11 20.9 (0.28) 

HNF1A 
(12:121416650) 

rs1169288 
(nSyn; C/A) 

Curocichin et al.62 EA (6050) 0.34 -0.11 (0.020) 9.52x10-09 0 (0.73) 

   AA (3109) 0.12 -0.08 (0.041) 4.04x10-02 0 (1) 
   Combined (9159) 0.26 -0.11 (0.018) 1.36x10-09 0 (0.90) 

TOMM40 
(19:45395714) 

rs157581 (Syn; 
C/T) 

Middleburg et al.63 
(rs2075650, 

r2=0.58, D’=1)* 

EA (6050) 0.21 -0.16 (0.023) 2.42x10-12 0 (0.68) 

   AA (3109) 0.47 -0.09 (0.027) 5.07x10-04 0 (0.88) 
   Combined (9159) 0.30 -0.13 (0.018)  3.73x10-14 7.9 (0.37) 

TOMM40 
(19:45396144) 

rs11556505 
(Syn; T/C) 

Middleburg et al.63 
(rs2075650, r2=1, 

D’=1)* 

EA (6050) 0.14 -0.18 (0.027) 2.86x10-11 0 (0.84) 

  AA (3109) 0.12 -0.02 (0.040) 6.33x10-01 0 (0.43) 
  Combined (9159) 0.13 -0.13 (0.023) 8.62x10-09 61 (0.025) 

APOE 
(19:45411941) 

rs429358 
(nSyn; C/T) 

Chasman et al.64 EA (1832)** 0.11 -0.31 (0.058) 7.03x10-08 0 (1) 

   AA (1528)** 0.19 -0.24 (0.049) 1.52x10-06 0 (1) 
   Combined 

(3360)** 
0.14 -0.27 (0.038) 8.05x10-13 0 (0.82) 

Abbreviations: nonsynonymous (nSyn); synonymous (syn); minor allele frequency (MAF); Heterogeneity (Het. I2); European 
American (EA); African American (AA); Standard Error (SE); P-value (P); Beta (β); Single Nucleotide Polymorphism 

(SNP); Genome Reference Consortium Human Build 37 (GRCh37); reference SNP ID number (rs#) 
*D’ and r2 values are based on Broad SNAP proxy search using CEU 1000 Genomes Pilot 1 data. 

**The reduced sample size for rs429358 is explained by the fact the variant passed quality control in ESP, but not in CHARGE. 
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Table 2. Single variant associations of rare and low frequency coding variants with CRP levels 
Gene (GRCh37 
coordinate) 

rs# (function; 
coded/non-
coded allele)  

Previously 
Report  Sample (N) MAF β (SE) P Het. I2 (P) 

CRP 
(1:159683438) 

 

rs1800947 
(Syn; G/C) 
 

Ridker et 
al.2 

EA (6050) 
0.0607 -0.27 (0.039) 4.82x10-12 0 (0.56) 

   AA (3109) 0.0101 -0.58 (0.134) 1.54x10-05 0 (0.77) 
   Combined (9159) 0.0435 -0.30 (0.038) 4.22 x10-15 28.6 (0.22) 

CRP 
(1:159683814) 

rs77832441 
(nSyn; A/G)  
 

Not 
Reported 

EA (6050) 
0.0022 -0.75 (0.197) 1.39x10-04 0 (0.44) 

   AA (3109) 0.0005 -2.06 (0.605) 6.65x10-04 0 (0.82) 
   Combined (9159) 0.0016 -0.88 (0.187) 2.90x10-06 28.4 (0.22) 

   
Replication EA 

(11414) 0.0031 -0.90 (0.11) 3.00x10-15 -- 

   
Discovery + 
Replication 

(14573) 
0.0034 -- 3.86x10-16 -- 

TOMM40 
(19:45397307) 

rs112849259 
(Syn; C/T) 

Not 
Reported 

EA (6050) 0.0266 -0.28 (0.058) 1.28x10-06 14.1 (0.32) 

   AA (3109) 0.0391 -0.37 (0.069) 1.13x10-07 0 (0.39) 
   Combined (9159) 0.0308 -0.32 (0.044) 1.06x10-12 16.2 (0.31) 

Abbreviations: nonsynonymous (nSyn); synonymous (syn); minor allele frequency (MAF); Heterogeneity (Het. I2); European 
American (EA); African American (AA); Standard Error (SE); P-value (P); Beta (β); Single Nucleotide Polymorphism 
(SNP); Genome Reference Consortium Human Build 37 (GRCh37); reference SNP ID number (rs#) 
 
 
 
Table 3. Conditional Analysis of TOMM40 synonymous variants on the APOE ε4-defining 
missense variant rs429358 in the ESP discovery sample 

 Without adjustment 
for rs429358 

With adjustment 
for rs429358 

rs# (function) MAF 
(EA/AA/Combined) 

Sample 
(N) 

1000 Genomes 
Pairwise r2 

(rs112849259, 
rs157581, 

rs11556505  ) 

β (SE) P β (SE) P 

rs112849259 
(Synonymous) 0.026/0.039/0.031 EA 

(1832) 
CEU (1, 0.07, 

0.005) 
-0.40 
(0.11) 1.29x10-06 -017 

(0.12) 0.13 

  
AA 

(1528) 
YRI 

(rs112849259 
NA in YRI) 

-0.30 
(0.10) 2.22x10-03 -0.15 

(0.11) 0.15 

rs157581 
(Synonymous) 0.21/0.47/0.30 EA 

(1832) 
CEU (0.07, 1, 

0.58) 
-0.16 

(0.044) 2.15x10-04 -0.030 
(0.058) 0.60 

  AA 
(1528) 

YRI (NA, 1, 
0.11) 

-0.089 
(0.038) 1.99x10-02 -0.025 

(0.043) 0.56 

rs11556505  (Syn
onymous) 0.14/0.12/0.13 EA 

(1832) 
CEU (0.005, 

0.583, 1) 
-0.18 

(0.052) 6.77x10-04 -0.014 
(0.068) 0.84 

  AA 
(1528) 

YRI (NA, 0.11, 
1) 

-0.051 
(0.056) 0.37 -0.032 

(0.057) 0.57 

Abbreviations: minor allele frequency (MAF); Heterogeneity (Het. I2); European American (EA); African American (AA); 
Standard Error (SE); P-value (P); Beta (β); reference SNP ID number (rs#)
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Part A, Aim II: Identifying Pleiotropy in Blood Cell Traits 
Manuscript 

Title 

Identifying Pleiotropy in Blood Cell Traits in >20,000 Samples from the Women’s Health 

Initiative 

Abstract 

Previous Genome-Wide Association Studies (GWAS) have provided evidence for 

overlapping genetic architecture for various complex traits, including blood cell traits; however 

detailed examination of the phenomenon is lacking. To investigate pleiotropy in blood cell traits, 

we used complementary multivariate and univariate frameworks to identify cross-phenotype 

associations in 21,663 European American women from the Women’s Health Initiative with 

available phenotype and Illumina HumanExome Array genotype information. The primary aim 

of this study was to identify cross-phenotype associations for red cell traits (hematocrit, 

hemoglobin), platelet count and white blood cell count. We identified 65 genome-wide 

significant variants representing 11 loci that were associated with multiple blood cell lineages 

(red cell, white cell, platelet). Of these 11 loci, 4 signals corresponded to known cross-phenotype 

associations from GWAS and 7 signals were novel for one or more of the traits. Confirming 

previous associations and providing novel insights, these findings support the presence of genetic 

variants with pleiotropic effects on blood cell phenotypes. 
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Introduction 

Many commonly studied traits are correlated with other related or seemingly unrelated 

traits. One possible explanation for this observation is pleiotropy. Pleiotropy describes the 

phenomenon by which a single gene influences multiple traits. Assessments of the extent of 

pleiotropy have revealed that this phenomenon is widespread1; 2.  One such study suggests that 

17% of genes and 4.6% of single nucleotide polymorphisms (SNPs) from published Genome 

Wide Association Studies (GWAS) have pleiotropic effects1. These estimates are likely to 

greatly underestimate the true extent of pleiotropy due to limitations of the data source (e.g. 

limited to published GWAS) and the requirement that variants reach a genome-wide significance 

level in two or more traits. 

 The observation of cross-phenotype associations, such as those revealed in GWAS, can 

be related to 1) biologic pleiotropy (single causal variant affects multiple phenotypes, or different 

causal variants in a gene are associated with each trait); 2) mediated pleiotropy (a variant is 

associated with a trait that modifies a second trait); or 3) spurious pleiotropy (causal variants in 

distinct genes in a region with high LD, or study design artifact related to misclassification or 

ascertainment bias)3. Particularly for GWAS, which frequently identify associations with 

intergenic polymorphisms, distinguishing the underlying relationship (biological, mediated or 

spurious) for the observed association is crucial. Of primary interest is to identify biologic 

pleiotropy, which can have implications for the shared etiology of complex diseases. 

The aim of this study is to investigate pleiotropy in blood cell traits. These traits include 

red cell characteristics (hemoglobin levels, hematocrit levels), white blood cell count and platelet 

count. Significant direct and inverse correlation between several of these traits have been noted4; 

5. Additionally, GWAS provide evidence of several cross-phenotype associations, revealing 
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shared genetic architecture of blood cell phenotypes (Figure 1)5-7. For example, chromosomal 

region 12q24.12 harbors the SH2B adaptor protein 3 (SH2B3) gene, which encodes an adaptor 

protein that is an important regulator of T and B cell development and formation of myeloid cells 

(white blood cell precursors)6. Previous GWAS have identified pleiotropic associations of this 

gene, reporting genome-wide significant SH2B3 associations for platelet counts8; 9, red blood cell 

traits10; 11, and white blood cell count6 as well as coronary artery disease12; 13, diastolic blood 

pressure14, and hypothyroidism15. To clarify the observation of correlation of blood cell 

parameters and to investigate the shared loci associated with multiple traits observed in GWAS4, 

we conducted exome-wide analyses to explore the potential contribution of pleiotropy to blood 

cell phenotypes. 

Materials and Methods 

Study Participants 

The study population consisted of European American (EA) participants from the 

Women’s Health Initiative with available Illumina HumanExome BeadChip data and measured 

blood cell phenotypes (N=21,663). Research participants included in this study were eligible and 

consented to participate in genetic research studies.  

Phenotype Data and Quality Control 

 The phenotype variables consisted of hematocrit (HCT), hemoglobin (HGB), platelet 

count (PLT) and white blood cell count (WBC). Blood samples were collected from participants 

at study baseline (1993-1998) and blood cell counts were performed using automated counters. 

Quality control was conducted on the phenotypes to limit phenotypic outliers. Specifically, 

phenotypic values below the 0.05 percentile or above the 99.5 percentile were replaced with the 

0.05 percentile and 99.5 percentile values, respectively. Participants were restricted to those with 
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complete phenotype (HCT, HGB, PLT, WBC) and covariate (age, principle components, study 

selection) data. 

Genotype Quality Control 

We used standard quality control measures to remove poor quality samples from our 

dataset (e.g. samples with call-rates less than 98%, variants with call-rates less than 95% or 

Hardy Weinberg Equilibrium p-values less than 5x10-6, and checks of concordance of genotype 

calls with GWAS data (>99%)). SNPs with missing values were imputed to the mean value to 

facilitate use of the Multivariate Outcome Score Test (MOST)16, which requires that genotype 

data be complete.  

We created two datasets for 1) single variant and 2) gene-based association tests. For the 

single variant test, variants with a minimum of 5 minor alleles in the population were tested for 

association with the phenotypes. For gene-based tests, rare non-synonymous and splice variants 

below 1% or 5% Minor Allele Frequency (MAF) were collapsed across the gene. Similar to the 

Combined Multivariate and Collapsing Method17, individuals harboring one or more qualifying 

variant were assigned a value of 1 for the gene, whereas individuals without a rare non-

synonymous or splice variant in the gene were assigned a value of 0.   

Software 

To identify cross-phenotype associations we used a software program called MOST16. 

This program uses a regression-based framework to relate the marginal distribution of traits to 

the genetic variables. The method is capable of covariate adjustment and has the advantage that it 

outputs both univariate statistics for each individual trait and multivariate statistics for multiple 

traits.  

Identification of cross-phenotype associations can be conducted under univariate or 
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multivariate approaches (summarized here3). Univariate approaches test for association between 

a single phenotype and a genetic variant then combine metrics across traits, whereas multivariate 

approaches seek to simultaneously test two or more phenotypes for association with a genetic 

variant. Multivariate analyses require individual-level data containing multiple phenotypes on a 

single individual, whereas univariate approaches can be applied to existing GWAS data by 

combining reported summary statistics. Multivariate approaches have the advantage that they 

have increased power relative to single trait analyses, and they may clarify the shared 

pathophysiological mechanisms underlying the set of traits.   

Additional analyses including dataset generation, tests of mediation and summary of the 

results from MOST were carried out in the R software package18.   

Statistical Analysis 

 Two classes of statistical tests were used to evaluate multivariate associations: 1) single 

variant analyses considering variants with at least 5 minor alleles (MAF>0.014%) and 2) gene-

based tests of qualifying variants below 1% and 5% MAF.  Both single variant and gene-based 

test models included the following covariates: age at baseline, variables capturing study selection 

and the first principle component. For the purposes of these analyses, assessments of cross-

phenotype associations were based on the Q-statistic. The Q-statistic tests the null hypothesis 

that the effect sizes of the genetic variable for all of the phenotypes are zero. This test makes no 

assumption about the relationship between phenotypes (effect estimates in the same or opposite 

direction).   

  Multivariate single variant tests considered 99,148 loci, therefore statistical significance 

was set at a p-value < 5.04x10-7. The gene-based burden test considered 15,921 genes, thus 

statistical significance at 3.14x10-6.  To be considered a cross-phenotype association, we required 
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the Q-statistic to be less than the significance threshold and more than one phenotype to have a 

univariate p-value less than 0.05.    

 Mediation analyses were conducted to evaluate the relationship of blood cell variables to 

each other or to evaluate mediation by other non-blood cell phenotypes. To evaluate the 

relationship between blood cell phenotypes, analyses were conducting using MOST with 

inclusion of one or more additional blood cell phenotype as a covariate. Attenuation of univariate 

statistics upon adjustment provided evidence for mediation by the phenotype(s) included as 

covariate(s). Tests of mediation by non-study phenotypes were also conducted using MOST. In 

these analyses we included the non-study phenotype(s) as covariate(s) in the model to assess 

mediation of the observed association by an external phenotype.  

 For comparison to results from multivariate analyses from MOST, we calculated 

combined univariate p-values for HCT, PLT and WBC using Fisher’s method. Due to the strong 

correlation of HCT and HGB (see below), we omitted HGB from the meta-analysis of univariate 

p-values.  

Results  

 The study population consisted of 21,663 EA women aged 50-81 years. Demographic 

characteristics and the phenotypes of interest of the study population are summarized in Table 1.  

The four phenotypes showed varying degrees of pairwise correlation (Table 2). HCT and HGB 

are red blood cell traits that are highly correlated but only weakly correlated with WBC 

(Pearson’s r (r) <0.17) and not correlated with PLT (r~0). WBC and PLT are moderately 

correlated (r=0.28). 

Single Variant Findings 
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 In total, we identified 65 cross phenotype associations (Table 3, Figure 2) that 

corresponded to 11 chromosomal regions (2q23.3, 4q12, 6q22.2, 6p21.3, 6q23.3, 9q34.2, 

10q21.3, 12q24.12, 11q12.2 and 17q21.1). Our analysis both confirmed previously reported 

cross-phenotype associations from GWAS and identified novel signals in blood cell candidate 

genes (Table 4).  The strongest signal from the multivariate analysis corresponded to 6q23.3, 

which harbors known pleiotropic loci HBS1-like protein (HBS1L) – V-MYB avian 

myelobastosis viral oncogene homolog (MYB). Confirming previous reports, this locus was 

associated with HCT, HGB, PLT and WBC.  Similarly, we confirmed the associations of 

12q24.12 (SH2B3- ataxin 2 (ATXN2)) with HCT, HGB, PLT and WBC, 6p21.3 (human 

leukocyte antigen (HLA) locus) with PLT and WBC, and 4q12 (platelet-derived growth factor 

receptor (PDGRFA) – v-kit Hardy-Zuckerman 4 feline sarcoma viral oncogene homolog (KIT)) 

with HCT, HGB and WBC.  

 We identified novel associations in 7 chromosomal regions  (2q23.3, 4q12, 6q22.2, 

6p21.3, 9q34.2, 10q21.3, and 11q12.2). In 2q23.3, common variants (rs1260326 

(nonsynonymous/splice) and rs780094 (intronic)) in the glucokinase regulator (GCKR) gene 

(2p23.3) were associated with the traits in the multivariate model (Q.pval<4.9610-11) with strong 

univariate signal for WBC (univariate P-value (Uni.pval)<1.86x10-7) and PLT 

(Uni.pval<5.39x10-7), as well as weaker signal for HCT (Uni.pval<3.41x10-3) and HGB 

(Uni.pval<3x10-3). GCKR is a PLT-associated locus from GWAS8; however GCKR has not 

previously been associated with WBC, HCT, and HGB. Analyses to assess mediation in the 

associated traits failed to demonstrate dependence of the association on other study traits, 

suggesting that the associations of the GCKR SNPs with WBC, RBC traits (HCT and HGB) and 

PLT are not attributable solely to correlation of the phenotypes (Table 5). Tests for possible 
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mediation by other lipid (total cholesterol, low density lipoprotein, high density lipoprotein and 

triglycerides) or metabolic phenotypes (fasting insulin, fasting glucose and body mass index) that 

have been previously associated with GCKR in GWAS did not show large attenuation of 

multivariate or univariate blood cell associations in GCKR (Table 6). In a subset of our sample 

with available complete blood cell counts (N=3,479), we tested for association of these GCKR 

variants with WBC subtypes (neutrophils, basophils, eosinophils, monocytes, and lymphocytes) 

and found that the variants were only associated with basophils and neutrophils (Table 7). 

 GCKR is located in a large linkage disequilibrium block that contains GPN1, a candidate 

gene for PLT. One GPN1 variant (rs3749147) on the exome array was in moderate linkage 

disequilibrium with the two GCKR SNPs (r2>0.44, D’=1), but failed quality control for low call 

rate (78%). To explore the relationship between GPN1 and GCKR, we conducted exploratory 

association and conditional analyses with the three variants. The GPN1 rs3749147 was 

associated with WBC (p=0.0003) and PLT (p=0.006), but conditioning on the GCKR SNPs 

removed the signal, which suggests that it is not an independent signal.   

9q34.2 harbors ABO blood group (ABO), a locus previously associated with red blood 

cell count11 and red cell parameters (HCT and HGB)19. We identified four of the noncoding 

variants (rs507666 (MAF=17.4%), rs651007 (MAF=19.8%), rs579459 (MAF=22.0%) and 

rs635634 (MAF=17.4%)) that were in near complete LD (r2=0.96, D’=1) and one variant 

(rs657152, MAF= 36.6%) that was in moderate LD with the other four variants (r2<0.53, D’=1). 

All five significant variants were in or near to ABO (Q.pval<1.72 x10-7), confirming the 

association with red cell parameters (HCT and HGB) and demonstrating a strong novel 

association with WBC (Uni.pval<3.37 x10-5). In a subsample of our population with complete 

blood cell counts, the association between ABO and WBC appears to be driven by monocytes 
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and lymphocytes (Table 7). Additional analyses demonstrated that the association of 9q34.2 

SNPs with WBC was not mediated by HCT or HGB (Table 5). In univariate models of HCT, 

HGB and WBC conditioning on rs651007, the signal for rs657152 did not remain significant, 

suggesting that the ABO-allele tagging variants do not represent independent signals. Lastly, 

lipid traits have previously been associated with ABO20, however we did not see evidence for 

mediation of the ABO association by lipid traits (low density lipoprotein, high density 

lipoprotein, total cholesterol or triglyceride levels; Table 8). 

We identified 6 noncoding variants at 11q12.2 (Q.pval<2.66 x10-7) associated with HCT 

(Uni.pval<2.45 x10-4), HGB (Uni.pval<1.38 x10-4) and PLT (Uni.pval<5.04 x10-4).  11q12.2 

contains fatty acid desaturase 1 (FADS1) and fatty acid desaturase 2 (FADS2), which have 

previously been associated with PLT but appear to represent novel associations for the red cell 

traits (HCT and HGB). Mediation analyses suggest that the 11q12.2 association with PLT is not 

influenced by HCT and HGB and visa versa (Table 5). 

In 6p22.2 we identified a novel association in and around the hemochromatosis (HFE) 

locus (Q.pval<2.24 x10-13). This locus has been previously associated with red cell traits, but our 

results suggest that coding and non-coding variants in the region are also associated with WBC 

(Uni.pval<0.044). Nearby at 6p21.32 two common intronic variants in notch 4 (NOTCH4) were 

nominally significant in the multivariate analysis (Q.pval<4.90 x10-7), showing association with 

HCT (Uni.pval<5.65 x10-3), HGB (Uni.pval<7.70 x10-3) and WBC (Uni.pval<1.27 x10-3).  

Another significant association (Q.pval<6.72 x10-11) was identified in or near jumonji domain 

containing 1C (JMJD1C) (10q21.3), a locus previously associated with PLT8; 9.  Beyond 

demonstrating strong univariate signal for PLT, multiple variants were weakly associated with 

HCT (Uni.pval<0.04) and WBC (Uni.pval<0.02). Lastly, 17q21.2 near gasdermin B (GSDMB) – 
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gasdermin A (GSDMA) showed signal in the multivariate analysis with strong univariate signal 

for WBC (Uni.pval<2.34x x10-9; previously reported) and weak signal for HCT (Uni.pval< 

0.018) and HGB (Uni.pval<0.04).  

Gene-Based Findings 

Gene-based tests failed to identify any genome-wide significant associations (Table 9 & 

10). Top association signals for 1% MAF threshold test the four blood cell traits were SH2B3 

(Q.pval=4.35x10-5) and tubulin polyglutamylase complex subunit 2 (TPGS2; Q.pval=9.20x10-5). 

For the 5% threshold test, top signals were SH2B3 (Q.pval=4.35x10-5), chemokine receptor 2 

(CXCR2; Q.pval=1.20x10-4) and erythropoietin (EPO; Q.pval=1.58x10-4). 

Discussion 

 We replicated cross-phenotype associations for HBS1L-MYB, SH2B3-ATXN2, HLA and 

PDGRFA-KIT, which were previously identified through GWAS. In addition, we identified 

seven novel associations for one or more traits that reached genome-wide significance in the 

multivariate analysis (Figure 4). No gene-based results reached statistical significance, although 

several candidate loci including SH2B3 and EPO showed association with several traits.  

 Of particular interest are association signals identified in chromosomal regions 2p23.3 

(GCKR), 9q34.2 (ABO), and 11q12.2 (FADS1-FADS2).  Two correlated SNPs (rs1260326 

(nonsynonymous-near splice) and rs780094 (intronic); r2=0.93, D’=1.0) in the GCKR locus 

(2p23.3) were strongly associated with PLT and white cells (total WBC, basophils and 

neutrophils), and to a lesser extent with HCT and HGB. Variant rs1260326 was previously 

reported to be associated with increased PLT (T-allele) in a large sample of EA8 and with several 

other traits including cardiac/lipid19; 21-23 and metabolic24; 25 phenotypes. The relationship 

between GCKR variants and blood cell traits does not appear to be mediated by lipid or 
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metabolic phenotypes available in our sample. GCKR is an important regulator of glucokinase 

(GCK) activity, which plays an important role in controlling carbohydrate metabolism. The 

rs1260326 is thought to be a functional mutation that inhibits GCK activity26.  

GCKR is located in a long linkage disequilibrium block extending more than 450 

kilobases (chr2:27422973-27873713) across more than 20 genes.  Due to the genetic structure, 

the GCKR variants identified in this study may tag causal variants in another gene. A strong 

candidate is GPN-loop GTPase 1 (GPN1), located 100 kilobases away from GCKR but within 

the same linkage disequilibrium block.  Functional evidence from Drosophila demonstrated that 

gene silencing of Xab1 (human GPN1) led to increased plasmatocyte (similar to mammalian 

monocyte) and crystal cell counts8, providing biological evidence for the association with blood 

cell parameters. In our dataset, the GPN1 rs3749147 variant was associated with PLT and WBC, 

but was not an independent signal from GCKR polymorphisms. Evidence from the Encyclopedia 

of DNA Elements suggests that rs3749147 is located within an active promoter and the variant is 

predicted to disrupt transcription factor binding. Though there is compelling functional evidence 

for the association between Xab1 (human GPN1) from Drosophila, further research is warranted 

to tease apart the observed cross-phenotype association at 2q23.3 to determine if one or multiple 

causal genes for blood cell traits are located within the region.  

 The second association signal composed of five correlated noncoding variants was 

observed at the ABO locus (at 9q34.2). Several previous GWAS have identified associations 

between ABO rs495828 and rs579459 polymorphisms and red cell traits (red blood cell count, 

mean corpuscular hemoglobin levels, HCT and HGB)11; 19, which are in strong LD with the 

identified SNPs. ABO is a highly pleiotropic gene, associated with a wide array of phenotypes 

including lipid and inflammatory traits20; 27-32, that determines the antigens present on red blood 
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cells, thereby assigning blood type (A/B/O). The rs657152-G is a marker of the O blood group, 

whereas rs507666-C (and linked rs651007, rs579459 and rs635634) perfectly tag the ABO A1 

blood group33.  Despite tagging separate ABO alleles, variants tagging the O and A1 alleles do 

not represent independent signals in our dataset. Previous reports have identified an association 

between lipid traits and ABO, however lipid traits do not appear to mediate the relationship of 

blood cell traits and ABO variants.  

Beyond associations with lipid traits, GWAS have uncovered associations at the ABO 

locus with inflammatory biomarkers, including interleukin-6 (rs643434)30, intercellular adhesion 

molecule 1 (rs507666 and rs649129)28; 31; 32 and tumor necrosis factor alpha (rs505922)29. 

Similar to our observed association between ABO variants and lower WBC, these GWAS studies 

identified correlated variants to those identified in this study with a consistent effect of lower 

inflammatory biomarker levels28-32. Unfortunately due to limited availability of these 

inflammatory biomarkers in our sample, we were unable to conduct mediation analyses in WHI. 

Beyond the presence of red blood cell-specific expression ABO gene products, the mechanism by 

which this locus influences blood cell parameters is unknown and it remains possible that this 

relationship is mediated by inflammation.    

 Finally, noncoding variants in 11q12.2 (FADS1-FADS2) showed cross-phenotype 

associations for HCT, HGB and PLT. The FADS1 and FADS2 genes code for enzymes that 

mediate the synthesis of omega-3 and omega-6 long chain polyunsaturated fatty acids (PUFA), 

respectively. Dietary omega-3 fatty acids have been shown to decrease platelet aggregation34; 35, 

however the association between FADS1 and FADS2 variants or PUFA levels and the 

phenotypes is less clear. The identified noncoding variants in FADS2-FADS2 are in linkage 

disequilibrium (r2>0.8, D’>0.96) with 3’ untranslated region variant rs4246215 in adjacent gene 
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flap endonuclease 1 (FEN1). This variant was previously identified in GWAS as associated with 

PLT8. The rs4246215 G>T mutation is thought to be functional and is associated with decreased 

FEN1 mRNA expression36. Strong evidence for pleiotropy comes from mouse models of mutant 

FEN1 (knockout of FEN1 interaction site with proliferating cell nuclear antigen (PCNA)) led to 

development of peripheral pancytopenia, characterized by a marked decrease in circulating red 

blood cells and near absence of white blood cells and platelets37.  

 In addition to associations in 2p23.3, 9q34.2 and 11q12.2, we identified suggestive novel 

associations at 6p22.2, 6p21.32, 10q21.3 and 17q21.2. Region 6q22.2 has been previously 

associated with red blood cell parameters7; 38-40 and PLT8; 41 in GWAS. We report an association 

between the noncoding variants near HFE and WBC.  Two candidate genes, HFE and Leucine 

rich repeat containing 16A (LRRC16A), are located in close proximity within the region. HFE is 

a well-known regulator of iron absorption, which is robustly associated with red blood cell 

phenotypes7; 38-40. Two of the SNPs (rs1800652 and rs1799945) we identified as cross-phenotype 

associations for red cell traits and PLT in the region are causally related to hereditary 

hemochromatosis, an iron storage disorder that leads to accumulation of iron in body tissues and 

organs. Owing to the known reciprocal relationship of PLT and iron stores, the observed HFE 

association with red blood cell traits (HCT and HGB) and PLT is biologically plausible. Another 

possibility is that the observed cross-phenotype association may relate to spurious pleiotropy 

whereby variants in separate (HFE and LRRC16A) genes have trait-specific effects. A previous 

GWAS identified an association between LRRC16A (rs12526480) and both PLT and mean 

platelet volume8; 41. However, the variants we identified in the region were not correlated with 

rs12526480 (r2<0.065, D’=1), suggesting that the LRRC16A signal could be distinct from the 

identified variants in HFE.   
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 A second region on chromosome 6 (6q21.3) showed genome-wide signal for two intronic 

variants in NOTCH4, showing association with HCT, HGB and WBC. NOTCH4 is a novel 

association for these traits, but due to extensive linkage disequilibrium in the region it is unclear 

if NOTCH4 is an independent signal from nearby HLA genes.  

 In region 10q21.3 one coding (rs1935) variant and five noncoding (rs10761731, 

rs12355784, rs2393967, rs2893923, rs10761779) variants in or near JMJD1C reached genome-

wide signal and showed association with PLT, HGB and WBC. JMJD1C variants have 

previously been associated with PLT8; 39; 41, but no associations with HGB and WBC have been 

reported. Interestingly, gene silencing of zebrafish jmjd1c resulted in ablation of erythropoiesis 

and thrombocyte formation8. This functional evidence may support the observed association of 

JMJD1C with HGB and PLT, however it does not explain the association with WBC.  

 Lastly, we identified a novel association of correlated coding and noncoding variants 

(r2>0.84, D’>0.93) in 17q21.1 with HCT and HGB, and replicated associations of the variants 

with WBC5; 19; 42-45.  17q21.1 contains linkage disequilibrium block that encompasses several 

genes including GSDMB, GSDMA, ORMDL3, PSMD3, CSF3, and MED24. The colony 

stimulating factor 3 (CSF3) gene is a strong functional candidate for WBC as this protein is 

known to promote granulocyte production46 and is used clinically to treat severe neutropenia. At 

present there is no functional evidence to suggest that CSF3 is causally related to red blood cell 

traits, and it remains possible that the weak association we observed between 17q21.1 and red 

cell traits relates to causal variation in a distinct gene within the linkage disequilibrium block.  

Comparison of Univariate and Multivariate Tests 

 Multivariate and univariate methodologies can be utilized to identify cross-phenotype 

associations. Previous reports indicate multivariate approaches are more powerful than univariate 
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association tests, capable of identifying variants with smaller effects on individual traits. 

Comparison of univariate and multivariate methods in our dataset indicated good concordance 

between methods with an overlapping variant set of 51 variants corresponding to 9 of the 11 loci 

identified in the multivariate analysis. Univariate analyses failed to identify the known 

PDGRFA-KIT and the novel NOTCH4 associations, but identified additional variants in ABO 

and 6q21 (HLA region), and two novel cross-phenotype associations at 11q13.31 (patatin-like 

phospholipase domain containing 3 (PNPLA3) – sorting and assembly machine component 50 

homolog (SAMM50)) and 7q11.23 (bromodomain adjacent to zinc finger domain 1B (BAZ1B)). 

These results suggest that use of multivariate and univariate statistics in tandem may reveal 

additional associations.  

Limitations 

 A limitation of our study was the small number of blood cell phenotypes.  Our study 

phenotypes captured red cell traits (HCT and HGB), PLT and WBC, but it is likely that 

investigation of more blood cell phenotypes including red cell count and white cell subtypes 

could provide a more comprehensive picture of pleiotropy.  Other potential limitations include 

power/sample size, variant selection and inclusion of only European ancestry samples. Our study 

was likely underpowered to detect multivariate associations, particularly for rare variants. 

Though we sought to maximize power through selection of phenotypes available in a relatively 

large population, it remains possible that we failed to identify cross-phenotype associations due 

to limited power. Further, owing to the composition of the exome array with primarily rare 

coding variants and a subset of trait-associated loci from GWAS, we may have had insufficient 

genomic coverage to identify additional pleiotropic loci. Additionally, our sample was comprised 

of individuals of European descent, which limits the generalizability of our findings to other 
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ancestral groups. Confirmation of these findings in diverse populations is warranted, as is 

replication of these results in independent samples of European descent. Lastly, in the interest of 

identifying biologic pleiotropy, functional analyses are warranted to rule out spurious and 

mediated pleiotropy as the cause for the observed cross-phenotype associations.  

Summary 

 In summary, our results confirm known cross-phenotype associations and provide 

evidence for novel cross-phenotype associations for blood cell traits in EA. Our findings indicate 

that use of multivariate methods reveal shared genetic architecture of traits and perhaps identify 

true pleiotropic loci. Replication of these results is warranted to ensure the validity of these 

findings and additional functional analyses are necessary to better understand the cause for the 

cross-phenotype associations.  
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Figures & Tables 
Table 1. Characteristics of the population 

 

Women's Health 
Initiative (WHI) 

Number of Individuals with 
genotype and phenotypes 

available 21,663 

Age Mean (SD) in years 66.16 (6.73) 

Hemoglobin Mean (SD) in 
g/dL 13.63 (1.07) 

Hematocrit Mean (SD) in % 40.45 (3.25) 

White Blood Cell Count 
Mean (SD) in (x10^9/L) 6.34 (11.70) 

Platelet Count Mean (SD) in 
(x10^9/L) 246.43 (58.52) 

 
 
 
Table 2. Pearson’s r correlation between phenotypes 

 
Hematocrit Hemoglobin Platelet 

White 
Blood Cell 

Hematocrit 1.00 0.91 0.004 0.17 
Hemoglobin 0.91 1.00 -0.04 0.16 

Platelet 0.004 -0.04 1.00 0.28 
White Blood 

Cell 0.17 0.16 0.28 1.00 



	
  

	
   60	
  

Table 3. Cross-Phenotype Single Variant Association Results 

 
chr.pos 

 
dbSNPID 

 
 

MAF 
 

Function  
 

Gene(s) 

MV       
P-value UV P-values (Direction of Effect) 

Q HCT HGB PLT WBC 

chr2:27730940 rs1260326 0.35 
splicing; 
nonsynonymous GCKR 4.96E-11 

3.41E-03  
(-) 

3.01E-03   
(-) 

5.39E-07  
(+) 

1.86E-07 
(+) 

chr2:27741237 rs780094 0.35 intronic GCKR 6.06E-12 
2.78E-03  

(-) 
2.37E-03   

(-) 
2.52E-07 

(+) 
4.25E-08  

(+) 

chr4:55394172 rs218237 0.16 intergenic 
PDGFRA-
KIT 2.60E-08 

3.54E-08  
(-) 

5.26E-06   
(-) 

5.78E-01   
(+) 

2.61E-02   
(+) 

chr4:55407762 rs172629 0.15 intergenic 
PDGFRA-
KIT 2.19E-08 

2.86E-08  
(-) 

3.96E-06   
(-) 

5.66E-01   
(+) 

2.53E-02 
(+) 

chr6:25842951 rs1408272 0.05 intergenic 
PDGFRA-
KIT 1.52E-14 

1.26E-07 
(+) 

1.01E-13  
(+) 

2.81E-02 
(-) 

3.61E-01 
(+) 

chr6:25997458 rs12216125 0.28 intergenic 
PDGFRA-
KIT 2.24E-13 

1.31E-07 
(+) 

2.78E-13  
(+) 

9.73E-01 
(-) 

4.39E-02 
(+) 

chr6:26091179 rs1799945 0.12 nonsynonymous HFE 4.03E-19 
1.37E-07 

(+) 
2.10E-15  

(+) 
2.08E-02 

(-) 
7.47E-03 

(+) 

chr6:26093141 rs1800562 0.05 nonsynonymous HFE 5.27E-17 
7.26E-09 

(+) 
6.68E-16  

(+) 
2.54E-02 

(-) 
4.00E-01 

(+) 

chr6:26107463 rs198846 0.15 downstream HIST1H1T 2.11E-18 
8.83E-07 

(+) 
3.00E-14  

(+) 
2.07E-02 

(-) 
5.74E-03 

(+) 

chr6:31134888 rs3130931 0.27 intronic POU5F1 2.90E-07 
1.14E-01 

(+) 
2.43E-02 

(+) 
8.44E-04 

(+) 
1.21E-02  

(-) 

chr6:31139452 rs879882 0.38 intergenic HLA-B 2.05E-07 
8.08E-01 

(+) 
2.42E-01 

(+) 
6.73E-05 

(+) 
3.42E-02  

(-) 

chr6:31255541 rs2524050 0.11 intergenic HLA-B 5.27E-10 
2.13E-01  

(- ) 
1.02E-01   

(-) 
1.42E-02    

(-) 
8.44E-07 

(+) 

chr6:31256753 rs2524044 0.15 intergenic HLA-B 1.22E-09 
1.22E-01  

(-) 
6.09E-02   

(-) 
2.13E-02    

(-) 
1.63E-06 

(+) 

chr6:31264922 rs2853925 0.11 intergenic HLA-B 5.65E-10 
2.12E-01  

(-) 
1.07E-01   

(-) 
1.59E-02    

(-) 
7.22E-07 

(+) 

chr6:31273224 rs364415 0.11 intergenic HLA-B 4.76E-10 
1.87E-01  

(-) 
8.71E-02   

(-) 
1.25E-02   

(-) 
1.09E-06 

(+) 

chr6:31440082 rs1055569 0.39 ncRNA_exonic HCG26 1.33E-08 
1.95E-01  

(-) 
8.22E-02    

(-) 
4.44E-04   

(-) 
5.79E-04 

(+) 

chr6:31440497 rs2516440 0.39 downstream HCG26 1.41E-08 
2.25E-01  

(-) 
1.04E-01   

(-) 
4.67E-04  

(-) 
4.41E-04 

(+) 

chr6:31441349 rs4413654 0.31 intergenic HCG26 1.14E-07 
3.32E-01  

(-) 
1.24E-01   

(-) 
3.97E-02   

(-) 
2.09E-05 

(+) 

chr6:31773821 rs2242668 0.11 intronic LSM2 2.57E-07 
1.73E-01  

(-) 
1.31E-01    

(-) 
4.86E-05  

(-) 
1.85E-02 

(+) 

chr6:31778529 rs2075799 0.12 synonymous HSPA1L 1.27E-07 
1.56E-01  

(-) 
1.56E-01   

(-) 
3.56E-05   

(-) 
1.35E-02 

(+) 

chr6:32166384 rs8192575 0.06 intronic NOTCH4 3.51E-07 
5.05E-03  

(-) 
6.12E-04    

(-) 
1.21E-01  

(-) 
1.11E-03 

(+) 

chr6:32185605 rs2854050 0.06 intronic NOTCH4 4.90E-07 
5.65E-03  

(-) 
7.70E-04   

(-) 
1.19E-01  

(-) 
1.27E-03 

(+) 

chr6:32219725 rs4959089 0.20 intergenic NOTCH4 6.86E-08 
4.06E-01  

(-) 
4.84E-01    

(-) 
1.43E-04   

(-) 
1.01E-03 

(+) 

chr6:33525680 rs210170 0.34 intergenic BAK1 1.64E-07 
9.35E-04  

(-) 
8.29E-03   

(-) 
4.98E-07   

(-) 
3.03E-01  

(-) 

chr6:135411228 rs9376090 0.20 intergenic 
HBS1L-
MYB 3.65E-41 

2.72E-14    
(-) 

6.50E-09    
(-) 

1.73E-20 
(+) 

2.41E-05    
(-) 
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chr6:135418635 rs7775698 0.24 intergenic 
HBS1L-
MYB 3.96E-40 

1.76E-14    
(-) 

2.05E-09   
(-) 

1.25E-20 
(+) 

6.66E-05   
(-) 

chr6:135418916 rs7776054 0.24 intergenic 
HBS1L-
MYB 4.89E-40 

1.21E-14    
(-) 

1.95E-09   
(-) 

3.40E-20 
(+) 

5.17E-05   
(-) 

chr6:135426573 rs4895441 0.22 intergenic 
HBS1L-
MYB 5.30E-41 

1.28E-13    
(-) 

8.76E-09   
(-) 

1.66E-21 
(+) 

5.01E-05  
(-) 

chr6:135432552 rs9494145 0.19 intergenic 
HBS1L-
MYB 9.00E-37 

8.66E-10    
(-) 

2.11E-06   
(-) 

2.91E-21 
(+) 

3.52E-05   
(-) 

chr6:135435501 rs9483788 0.21 intergenic 
HBS1L-
MYB 4.71E-31 

4.26E-08   
(-) 

3.16E-05    
(-) 

7.19E-18 
(+) 

5.66E-05   
(-) 

chr6:135452152 rs6569992 0.18 intergenic 
HBS1L-
MYB 1.38E-26 

1.17E-07    
(-) 

6.21E-05   
(-) 

3.34E-17 
(+) 

9.90E-03  
(-) 

chr6:135525396 rs3819409 0.44 intronic MYB 1.17E-07 
8.11E-03 

(+) 
1.06E-01 

(+) 
2.22E-06   

(-) 
6.50E-01 

(+) 

chr9:136139265 rs657152 0.38 intronic ABO 1.03E-07 
1.72E-07   

(-) 
2.40E-06   

(-) 
3.73E-01   

(-) 
3.37E-05  

(-) 

chr9:136149399 rs507666 0.17 intronic ABO 5.35E-11 
3.18E-09   

(-) 
3.25E-11   

(-) 
7.58E-01  

(-) 
3.01E-05  

(-) 

chr9:136153875 rs651007 0.20 intergenic 
ABO 

3.51E-10 
2.65E-08  

(-) 
5.32E-10   

(-) 
4.65E-01  

(-) 
1.17E-05  

(-) 

chr9:136154168 rs579459 0.20 intergenic 
ABO 

4.14E-10 
3.85E-08  

(-) 
7.79E-10   

(-) 
5.09E-01   

(-) 
9.69E-06  

(-) 

chr9:136155000 rs635634 0.17 intergenic 
ABO 

1.05E-10 
5.40E-09  

(-) 
9.01E-11   

(-) 
6.17E-01  

(-) 
2.06E-05   

(-) 

chr10:64927823 rs1935 0.44 nonsynonymous JMJD1C 2.07E-13 
1.56E-01  

(-) 
4.00E-02   

(-) 
3.88E-10 

(+) 
2.17E-03  

(-) 

chr10:65027610 rs10761731 0.39 intronic JMJD1C 9.79E-18 
6.24E-01  

(-) 
1.83E-01   

(-) 
3.27E-15 

(+) 
2.00E-02  

(-) 

chr10:65121565 rs12355784 0.44 intronic JMJD1C 1.17E-13 
1.39E-01  

(-) 
3.32E-02   

(-) 
1.81E-10 

(+) 
2.79E-03  

(-) 

chr10:65133156 rs2393967 0.25 intronic JMJD1C 2.90E-11 
3.30E-01  

(-) 
3.50E-02   

(-) 
1.68E-09 

(+) 
5.79E-02  

(-) 

chr10:65261184 rs2893923 0.29 intergenic JMJD1C 6.72E-11 
2.70E-01  

(-) 
2.31E-02   

(-) 
4.63E-09 

(+) 
6.02E-02  

(-) 

chr10:65274927 rs10761779 0.43 intergenic JMJD1C 3.90E-13 
1.12E-01  

(-) 
2.77E-02   

(-) 
2.36E-10 

(+) 
5.06E-03  

(-) 

chr11:61557803 rs102275 0.43 intronic C11orf10 2.66E-07 
2.45E-04 

(+) 
1.38E-04 

(+) 
5.03E-04 

(+) 
2.98E-01  

(-) 

chr11:61569830 rs174546 0.28 UTR3 FADS1 7.48E-09 
7.46E-05 

(+) 
6.84E-05 

(+) 
5.92E-05 

(+) 
2.69E-01  

(-) 

chr11:61570783 rs174547 0.28 intronic FADS1 5.57E-09 
6.05E-05 

(+) 
5.25E-05 

(+) 
6.86E-05 

(+) 
2.44E-01  

(-) 

chr11:61571478 rs174550 0.28 intronic FADS1 6.66E-09 
7.07E-05 

(+) 
6.53E-05 

(+) 
6.27E-05 

(+) 
2.53E-01  

(-) 

chr11:61597972 rs1535 0.30 intronic FADS2 1.83E-08 
8.07E-05 

(+) 
7.64E-05 

(+) 
9.52E-05 

(+) 
2.93E-01  

(-) 

chr11:61609750 rs174583 0.34 intronic FADS2 1.66E-08 
1.39E-04 

(+) 
9.68E-05 

(+) 
1.87E-04 

(+) 
1.61E-01  

(-) 

chr12:111884608 rs3184504 0.38 nonsynonymous SH2B3 1.76E-30 
7.37E-13 

(+) 
8.82E-17 

(+) 
5.32E-16 

(+) 
2.37E-08 

(+) 

chr12:111910219 rs10774625 0.39 intronic ATXN2 4.37E-29 
1.46E-11 

(+) 
2.27E-15 

(+) 
4.69E-16 

(+) 
5.37E-08 

(+) 

chr12:112007756 rs653178 0.38 intronic ATXN2 3.22E-30 
1.36E-12 

(+) 
1.81E-16 

(+) 
4.48E-16 

(+) 
2.17E-08 

(+) 
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chr12:112072424 rs11065987 0.34 intergenic ATXN2 4.96E-25 
9.73E-10 

(+) 
3.17E-14 

(+) 
4.18E-13 

(+) 
2.26E-05 

(+) 

chr12:112211833 rs2238151 0.47 intronic ALDH2 3.99E-07 
2.87E-06  

(-) 
1.29E-07   

(-) 
3.99E-02 

(-) 
4.84E-03  

(-) 

chr12:112486818 rs17696736 0.35 intronic NAA25 2.29E-25 
1.23E-09 

(+) 
3.81E-14 

(+) 
1.01E-13 

(+) 
2.51E-04 

(+) 

chr12:113039943 rs233716 0.44 intergenic NAA25 1.94E-07 
7.76E-03 

(+) 
6.59E-04 

(+) 
5.33E-06 

(+) 
3.75E-03 

(+) 

chr17:37976469 rs9303277 0.48 intronic IKZF3 8.16E-12 
9.56E-02    

(-) 
4.01E-02   

(-) 
1.42E-01  

(-) 
2.34E-09 

(+) 

chr17:38028634 rs11557467 0.46 nonsynonymous ZPBP2 2.28E-14 
5.82E-02 

(+) 
1.47E-02  

(+) 
1.85E-01  

(+) 
4.05E-11   

(-) 

chr17:38040763 rs2872507 0.40 intergenic  GSDMB 2.90E-14 
1.82E-02 

(+) 
6.26E-03  

(+) 
2.57E-01  

(+) 
4.97E-11   

(-) 

chr17:38051348 rs8067378 0.50 intergenic GSDMB 8.36E-15 
7.71E-02 

(+) 
1.69E-02  

(+) 
1.51E-01  

(+) 
2.50E-11   

(-) 

chr17:38062217 rs2305479 0.41 nonsynonymous GSDMB 1.15E-15 
5.18E-02 

(+) 
1.06E-02  

(+) 
1.69E-01  

(+) 
6.34E-12  

(-) 

chr17:38064469 rs11078928 0.37 splicing GSDMB 1.22E-15 
1.67E-02 

(+) 
4.48E-03  

(+) 
2.97E-01  

(+) 
4.16E-12  

(-) 

chr17:38066240 rs2290400 NA intronic GSDMB 1.42E-15 
7.78E-02 

(+) 
1.53E-02  

(+) 
1.84E-01  

(+) 
4.86E-12   

(-) 

chr17:38069949 rs7216389 0.42 intronic GSDMB 1.30E-14 
5.31E-02 

(+) 
1.41E-02 

(+) 
1.39E-01  

(+) 
4.05E-11  

(-) 

chr17:38131187 rs56030650 0.43 nonsynonymous GSDMA 1.46E-22 
7.02E-01   

(-) 
4.80E-02   

(-) 
6.83E-01   

(-) 
1.23E-18 

(+) 

chr17:38156712 rs4794822 0.37 intergenic GSDMA 9.52E-24 
3.05E-01   

(-) 
3.19E-02   

(-) 
7.79E-01  

(-) 
1.21E-20 

(+) 
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Table 4. Reported and Novel Regions 
 Region (gene) Trait (minimum P-value) Reported (citation) or Novel 

2p23.3 (GCKR) 

HCT (2.78E-03) Novel 
HGB (2.37E-03) Novel 
PLT (2.52E-07) Reported (Gieger et al.) 
WBC (4.25E-08) Novel 

4q12 (PDGFRA-KIT) 
HCT (2.86E-08) Reported (Kamatami et al.) 

HGB (3.96E-06) Reported  
WBC (0.025) Reported (Kamatami et al.) 

6p22.2 (HFE) 

HCT (7.26E-09) Reported (Ganesh et al.) 
HGB (6.68E-16) Reported (Ganesh et al.) 
PLT (0.021) Novel 
WBC (5.74E-03) Novel 

6p21.32 (NOTCH4) 
HCT (5.05E-03) Novel 
HGB (6.12E-04) Novel 
WBC (1.11E-03) Reported (Soranzo et al.) 

6p21.3 (HLA) 
PLT (4.86E-05) Reported (Gieger et al.) 
WBC (7.22E-07) Reported (Nalls et al.) 

6q23.3 (HBS1L-MYB) 

HCT (1.21E-14) Reported (Kamatami et al.) 
HGB (1.95E-09) Reported (Kamatami et al.) 
PLT (1.66E-21) Reported (Kamatami et al.) 
WBC (2.41E-05) Reported (Kamatami et al.) 

9q34.2 (ABO) 
HCT (5.40E-09) Reported (Kamatami et al.) 
HGB (9.01E-11) Reported (Kamatami et al.) 
WBC (9.69E-06) Novel 

10q21.3 (JMJD1C) 
HGB (0.023) Novel 
PLT (3.27E-15) Reported (Gieger et al.) 
WBC (2.17E-03) Novel 

11q12.2 (FADS1-
FADS2) 

HCT (6.05E-05) Novel - reported by Nathan/Santhi 

HGB (5.25E-05) Novel - reported by Nathan/Santhi 

PLT (5.92E-05) Reported (Gieger et al.) 

12q24.12 (SH2B3-
ATXN2) 

HCT (7.37E-13) Reported (Ganesh et al.) 

HGB (8.82E-17) Reported (van der Harst et al.) 
PLT (4.48E-16) Reported (Shameer et al.) 
WBC (2.17E-08) Reported (Auer et al.) 

17q21.1 (GSDMB-
GSDMA) 

HCT (0.017) Novel 
HGB (4.48E-03) Novel 
WBC (1.21E-20) Reported (Kamatami et al.) 
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Table 5. Mediation Analyses of Study Phenotypes  

Region SNP Trait Adjustments  
P.value 
Initial 

P.value 
Adjusted Evidence for Mediation? 

2p23.3 rs780094 WBC HCT, HGB 4.25E-08 1.13E-09 No mediation by HCT/HGB 
2p23.3 rs1260326 WBC HCT, HGB 1.86E-07 6.44E-09 No mediation by HCT/HGB 
2p23.3 rs780094 WBC PLT, HCT, HGB 4.25E-08 1.77E-06 Slight attenuation in signal with adjustment for PLT 
2p23.3 rs1260326 WBC PLT, HCT, HGB 1.86E-07 5.68E-06 Slight attenuation in signal with adjustment for PLT 
2p23.3 rs780094 HCT PLT, WBC 2.78E-03 1.38E-04 No evidence of mediation by PLT/WBC 
2p23.3 rs1260326 HCT PLT, WBC 3.41E-03 2.14E-04 No evidence of mediation by PLT/WBC 
2p23.3 rs780094 HGB PLT, WBC 2.37E-03 2.83E-04 No evidence of mediation by PLT/WBC 
2p23.3 rs1260326 HGB PLT, WBC 3.01E-03 4.35E-04 No evidence of mediation by PLT/WBC 
9q34.2 rs657152 WBC HCT, HGB 3.37E-05 9.75E-04 Slight attenuation with adjustment for HCT/HGB 
9q34.2 rs507666 WBC HCT, HGB 3.01E-05 1.48E-03 Slight attenuation with adjustment for HCT/HGB 
9q34.2 rs651007 WBC HCT, HGB 1.17E-05 5.43E-04 Slight attenuation with adjustment for HCT/HGB 
9q34.2 rs579459 WBC HCT, HGB 9.69E-06 4.46E-04 Slight attenuation with adjustment for HCT/HGB 
9q34.2 rs635634 WBC HCT, HGB 2.06E-05 1.03E-03 Slight attenuation with adjustment for HCT/HGB 
9q34.2 rs657152 HCT WBC 1.72E-07 4.53E-06 Slight attenuation with adjustment for WBC 
9q34.2 rs507666 HCT WBC 3.18E-09 1.19E-07 Slight attenuation with adjustment for WBC 
9q34.2 rs651007 HCT WBC 2.65E-08 9.98E-07 Slight attenuation with adjustment for WBC 
9q34.2 rs579459 HCT WBC 3.85E-08 1.45E-06 Slight attenuation with adjustment for WBC 
9q34.2 rs635634 HCT WBC 5.40E-09 2.14E-07 Slight attenuation with adjustment for WBC 
9q34.2 rs657152 HGB WBC 2.40E-06 3.99E-05 Slight attenuation with adjustment for WBC 
9q34.2 rs507666 HGB WBC 3.25E-11 1.39E-09 Slight attenuation with adjustment for WBC 
9q34.2 rs651007 HGB WBC 5.32E-10 2.25E-08 Slight attenuation with adjustment for WBC 
9q34.2 rs579459 HGB WBC 7.79E-10 3.33E-08 Slight attenuation with adjustment for WBC 
9q34.2 rs635634 HGB WBC 9.01E-11 3.98E-09 Slight attenuation with adjustment for WBC 
11q12.2 rs102275 PLT HCT, HGB 5.03E-04 2.99E-04 No evidence of mediation by HCT/HGB 
11q12.2 rs174546 PLT HCT, HGB 5.92E-05 3.61E-05 No evidence of mediation by HCT/HGB 
11q12.2 rs174547 PLT HCT, HGB 6.86E-05 4.12E-05 No evidence of mediation by HCT/HGB 
11q12.2 rs174550 PLT HCT, HGB 6.27E-05 3.83E-05 No evidence of mediation by HCT/HGB 
11q12.2 rs1535 PLT HCT, HGB 9.52E-05 5.97E-05 No evidence of mediation by HCT/HGB 
11q12.2 rs174583 PLT HCT, HGB 1.87E-04 1.13E-04 No evidence of mediation by HCT/HGB 
11q12.2 rs102275 HCT PLT 2.45E-04 2.53E-04 No evidence of mediation by PLT 
11q12.2 rs174546 HCT PLT 7.46E-05 7.77E-05 No evidence of mediation by PLT 
11q12.2 rs174547 HCT PLT 6.05E-05 6.30E-05 No evidence of mediation by PLT 
11q12.2 rs174550 HCT PLT 7.07E-05 7.36E-05 No evidence of mediation by PLT 
11q12.2 rs1535 HCT PLT 8.07E-05 8.40E-05 No evidence of mediation by PLT 
11q12.2 rs174583 HCT PLT 1.39E-04 1.44E-04 No evidence of mediation by PLT 
11q12.2 rs102275 HGB PLT 1.38E-04 7.29E-05 No evidence of mediation by PLT 
11q12.2 rs174546 HGB PLT 6.84E-05 3.18E-05 No evidence of mediation by PLT 
11q12.2 rs174547 HGB PLT 5.25E-05 2.43E-05 No evidence of mediation by PLT 
11q12.2 rs174550 HGB PLT 6.53E-05 3.03E-05 No evidence of mediation by PLT 
11q12.2 rs1535 HGB PLT 7.64E-05 3.65E-05 No evidence of mediation by PLT 
11q12.2 rs174583 HGB PLT 9.68E-05 4.81E-05 No evidence of mediation by PLT 
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Table 6. Mediation analysis of GCKR association by lipid (high density lipoprotein, low density 
lipoprotein, Triglycerides, total cholesterol) and metabolic traits (fasting insulin, fasting glucose, 
body mass index) in subsample of 9,918 

Trait SNP 
Initial 
Model 

Initial 
+lipid and 
metabolic 
traits 

Multivariate exm181733 1.92E-06 3.63E-05 
exm.rs780094 4.13E-07 4.78E-06 

Univariate 
Hematocrit 

exm181733 5.51E-02 2.08E-02 
exm.rs780094 3.72E-02 1.76E-02 

Univariate 
Hemoglobin 

exm181733 4.47E-02 8.30E-03 

exm.rs780094 3.05E-02 7.66E-03 
Univariate 
Platelet  

exm181733 2.07E-05 3.28E-03 

exm.rs780094 2.26E-05 2.18E-03 
Univariate 
White blood 
cell 

exm181733 1.29E-04 3.11E-04 

exm.rs780094 3.65E-05 4.84E-05 
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Table 7. Association of GCKR and ABO variants with WBC subtypes in subset of sample with 
available complete blood cell counts (N=3,479) 

 SNP 
(gene, 
region) 

Total White 
Cell 
beta(se);p 

Neutrophil 
beta(se);p 

Monocyte  
beta(se);p 

Eosinophil  
beta(se);p 

Basophil  
beta(se);p 

Lymphocyte 
beta(se);p 

rs1260326 
(GCKR 
2p23.3) 

0.12 (0.05); 
0.014 

-0.09 
(0.03); 
0.007 

0.03 (0.04); 
0.39 

0.09 (0.09); 
0.29 

0.60 (0.20); 
0.0032 

0.04 (0.04); 
0.40 

rs780094  
(GCKR, 
2p23.3) 

0.12 (0.05); 
0.014 

-0.08 
(0.03); 0.02 

0.03 (0.04); 
0.30 

0.11 (0.08); 
0.16 

0.62 (0.20); 
0.0021 

0.04 (0.04); 
0.33 

rs657152 
(ABO, 
9q34.2) 

-0.08 (0.05); 
0.08 

-0.05 
(0.03); 0.11 

-0.05 (0.04); 
0.17 

-0.04 (0.08); 
0.60 

0.05 (0.20); 
0.80 

-0.04 (0.04); 
0.30 

rs507666 
(ABO, 
9q34.2) 

-0.10 (0.04); 
0.02 

-0.04 
(0.03); 0.13 

-0.07 (0.03); 
0.014 

-0.11 (0.07); 
0.10 

-0.08 (0.16); 
0.64 

-0.08 (0.04); 
0.032 

rs651007 
(ABO, 
9q34.2) 

-0.11 (0.04); 
0.007 

-0.05 
(0.03); 0.11 

-0.07 (0.03); 
0.022 

-0.09 (0.07); 
0.21 

0.02 (0.17); 
0.92 

-0.07 (0.04); 
0.047 

rs579459 
(ABO, 
9q34.2) 

-0.11 (0.04); 
0.008 

-0.04 
(0.03); 0.11 

-0.07 (0.03); 
0.026 

-0.09 (0.07); 
0.22 

0.02 (0.17); 
0.92 

-0.07 (0.04); 
0.057 

rs635634 
(ABO, 
9q34.2) 

-0.10 (0.04); 
0.01 

-0.04 
(0.03); 0.13 

-0.07 (0.0.3); 
0.022 

-0.10 (0.07); 
0.14 

-0.06 (0.16); 
0.72 

-0.08 (0.04); 
0.028 
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Table 8. Mediation analysis of ABO association by lipid traits (N=10965) 

Trait SNP Initial 
Model 

Initial + 
LDL 

Initial + 
HDL 

Initial + 
Trig 

Initial + 
Tchol 

Initial + 
LDL + HDL 
+ Trig + 
Tchol 

Multivariate 

rs657152 1.86E-04 8.50E-05 1.40E-03 7.99E-04 4.90E-05 1.53E-04 
rs507666 5.54E-04 1.79E-04 2.85E-03 2.58E-03 1.44E-04 4.59E-04 
rs651007 3.81E-04 8.50E-05 1.32E-03 1.25E-03 7.22E-05 3.08E-04 
rs579459 4.85E-04 1.09E-04 1.64E-03 1.52E-03 9.15E-05 4.16E-04 
rs635634 7.33E-04 2.39E-04 3.53E-03 3.06E-03 1.91E-04 6.01E-04 

Univariate 
Hematocrit 

rs657152 6.82E-06 2.99E-06 3.99E-05 2.49E-05 1.96E-06 5.99E-06 
rs507666 8.47E-05 3.74E-05 4.67E-04 4.81E-04 3.55E-05 7.71E-05 
rs651007 1.38E-04 5.69E-05 5.83E-04 6.49E-04 5.73E-05 1.30E-04 
rs579459 2.07E-04 8.96E-05 8.83E-04 9.78E-04 8.97E-05 2.05E-04 
rs635634 1.51E-04 7.11E-05 7.87E-04 7.98E-04 6.73E-05 1.39E-04 

Univariate. 
Hemoglobin 

rs657152 2.15E-05 9.23E-06 1.24E-04 7.34E-05 5.62E-06 1.93E-05 
rs507666 1.76E-05 6.52E-06 1.11E-04 1.13E-04 5.54E-06 1.60E-05 
rs651007 3.05E-05 1.02E-05 1.41E-04 1.59E-04 9.44E-06 2.86E-05 
rs579459 4.56E-05 1.60E-05 2.14E-04 2.41E-04 1.47E-05 4.50E-05 
rs635634 3.64E-05 1.46E-05 2.14E-04 2.15E-04 1.24E-05 3.35E-05 

Univariate 
Platelet 

rs657152 1.90E-01 1.83E-01 3.36E-01 3.53E-01 1.55E-01 1.70E-01 
rs507666 3.68E-01 3.02E-01 6.20E-01 6.53E-01 2.92E-01 3.24E-01 
rs651007 2.29E-01 1.76E-01 3.86E-01 4.20E-01 1.73E-01 1.96E-01 
rs579459 2.33E-01 1.81E-01 3.96E-01 4.32E-01 1.78E-01 2.02E-01 
rs635634 2.77E-01 2.25E-01 4.95E-01 5.22E-01 2.16E-01 2.41E-01 

Univariate 
White Blood 

Cell 

rs657152 2.99E-01 1.04E-01 2.81E-01 1.44E-01 9.46E-02 2.72E-01 
rs507666 1.33E-01 4.88E-02 8.48E-02 7.29E-02 4.29E-02 1.16E-01 
rs651007 2.92E-02 7.17E-03 1.60E-02 1.37E-02 6.22E-03 2.48E-02 
rs579459 2.37E-02 5.62E-03 1.33E-02 1.11E-02 4.85E-03 2.07E-02 
rs635634 7.80E-02 2.76E-02 4.91E-02 4.09E-02 2.41E-02 6.76E-02 
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Table 9. Top 10 Gene-Based Results (MAF threshold 1%) 

 
Multivariate Univariate 

Gene Q.pval HCT.pval HGB.pval PLT.pval WBC.pval 
SH2B3 4.35E-05 1.64E-01 4.40E-02 1.91E-06 3.22E-02 
TPGS2 9.20E-05 5.52E-02 6.71E-02 5.46E-01 1.37E-04 
CXCR2 1.20E-04 5.53E-01 9.15E-01 1.45E-01 6.08E-06 
CCBL1 2.76E-04 8.31E-01 3.05E-01 3.62E-04 5.49E-01 
CR2 2.99E-04 6.62E-02 2.46E-01 2.63E-04 4.89E-01 
VPS8 3.81E-04 1.31E-01 1.44E-01 5.89E-04 2.93E-01 
ADIPOQ 5.85E-04 5.53E-02 1.29E-01 7.12E-01 1.28E-04 
LMOD1 7.16E-04 3.47E-02 9.79E-02 7.80E-01 7.12E-03 
MSL1 8.20E-04 6.72E-01 2.94E-01 7.09E-01 2.17E-03 
AMFR 9.24E-04 2.46E-01 7.62E-01 9.36E-01 5.71E-02 
 
Table 10. Top 10 Gene-Based Results (MAF threshold 5%) 

 Multivariate
e 

Univariate 

Gene Q.pval HCT.pval HGB.pval PLT.pval WBC.pval 
SH2B3 4.35E-05 1.64E-01 4.40E-02 1.91E-06 3.22E-02 
CXCR2 1.20E-04 5.53E-01 9.15E-01 1.45E-01 6.08E-06 
EPO 1.58E-04 2.57E-05 6.98E-05 2.50E-02 4.65E-01 
MLKL 2.67E-04 8.81E-01 1.90E-01 1.39E-01 5.36E-01 
CGN 3.75E-04 9.20E-04 3.38E-03 6.69E-01 2.57E-04 
FERMT1 4.79E-04 9.59E-01 1.07E-01 1.23E-01 8.06E-02 
ELL 5.45E-04 2.41E-01 1.43E-01 9.73E-03 5.67E-05 
ADIPOQ 5.85E-04 5.53E-02 1.29E-01 7.12E-01 1.28E-04 
KIAA1797 6.84E-04 2.12E-01 4.51E-03 3.16E-01 8.96E-01 
LMOD1 7.16E-04 3.47E-02 9.79E-02 7.80E-01 7.12E-03 
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Figure 1. Pleiotropy in Blood Cell Traits  

 
Figure 2. Manhattan Plot of Results from the Single Variant Analysis
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Figure 4. Pleiotropy in Blood Cell Traits with novel cross-phenotype associations 
 



	
  

	
   71	
  

Part B: Somatic Variants of Clinical Relevance 
Manuscript 

Title: Somatic Variants of Clinical Relevance: expanding the incidentalome 

Background 

 The completion of the Human Genome Project in 2001 heralded the beginning of the 

genomics era1-2. Along with creating a physical map of the human genome, this collaborative 

effort facilitated many large-scale projects, such as the International HapMap Project3 and 1000 

Genomes Project4, which sought to characterize genetic variation within and between 

populations. Coupled with rapid technological advancement, these ambitious projects laid the 

foundation for widespread use of genome-wide sequencing and genotyping study designs.  

 More than a decade after the completion of the human genome, researchers are now able 

to generate vast quantities of genomic data on participants with relative ease. Interrogation at the 

genome-wide scale permits hypothesis-free or agnostic approaches to genetic research, which 

represent a significant opportunity to overcome challenges imposed by an incomplete 

understanding of the pathophysiology of the phenotype.  Previous approaches relied on prior 

knowledge of genetic contribution to the phenotype (e.g. candidate genes), whereas genome-

wide approaches permit investigators to interrogate a large number of loci of a given class (e.g. 

common variants, exonic variants) for association with the phenotype of interest. Capturing 

hundreds of thousands of genetic variants per genome, these agnostic approaches have been 

powerful methodologies to identify robust statistical associations with one or multiple 

phenotypes.  
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Owing to the large-scale of these genome-wide genotyping and, more recently, 

sequencing studies, these approaches also have the potential to uncover findings of potential 

health or reproductive salience to an individual research participant in the course of the study, 

but beyond the aims of the research study 5.  Termed ancillary, secondary, or most commonly, 

incidental findings, these results are distinguished from individual research results, which are 

uncovered in the course of research5. Along with the growing trend toward agnostic genome-

wide scale projects, it can be argued that the distinction between incidental findings and 

individual research results ceases to be germane and henceforth, “incidental findings” will 

encompass both categories of findings. Further, in the context of this chapter, incidental findings 

will refer to genetic findings unless otherwise specified.  

Existing Recommendations  

The topic of return of results has been a contentious issue for genetics research. With 

opinions ranging from no result return to open source models (e.g. full disclosure of all genetic 

results), guidelines from experts in the field have sought to parameterize result return by striking 

a balance between providing salient (and presumed beneficial) clinical information and 

minimizing the burden of result return. Principally, these recommendations seek to give guidance 

on what should, may, and should not be returned to participants of genetic research.  

Existing research ethics guidelines suggest researchers have a limited obligation to return 

genetic results of likely clinical significance5-10. Conditions surrounding the return of incidental 

findings to individual participants are largely uncontroversial. As summarized by Fabsitz et al.7, 

these consensus recommendations generally support that individual incidental findings should be 

offered to study participant if all the following criteria are met: 
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1) The genetic finding has important health implications for the participant and the 

associated risks are established and substantial. 

2) The genetic finding is actionable, that is, there are established therapeutic or 

preventive interventions or other available actions that have the potential to change the 

clinical course of the disease. 

3) The test is analytically valid and the disclosure plan complies with all applicable laws. 

4) During the informed consent process or subsequently, the study participant has opted 

to receive his/her individual genetic results. 

These recommendations further suggest that results may be returned even if they don’t meet 

criteria 1) and 2), if it is agreed that risks are outweighed by benefits associated with disclosure, 

the Institutional Review Board approves disclosure, and that conditions 3) and 4) are met. 

Findings that fail to meet the criteria for return (should or may) should not be returned to 

research participants.  

The ethical justifications for existing consensus recommendations are derived from the 

principles of beneficence, non-maleficence and respect for autonomy11. As a compromise 

between these principles and practical considerations, these guidelines seek to maximize benefit 

and minimize risk to the participant while preventing undue burden on the research enterprise by 

limiting the number of results to consider for return. At the same time, these guidelines place a 

high value on personal autonomy to ensure that research participants’ decisions and choices are 

respected.  

Taken together, considerations 1) and 2) seek to ensure that the incidental finding is 

clinically useful and medically actionable, conferring a large and mitigable risk to the 

participant. Termed the “incidentalome”12 by one set of authors, the researcher may have an 
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ethical obligation to warn the participant about such variants in an effort to avert risk of disease. 

As suggested previously, the result must have high clinical salience in order to ensure that the 

benefits of disclosure greatly outweigh the associated risks.  Benefit is largely assessed on the 

clinical validity and clinical utility of the genetic finding. Clinical validity refers to the strength 

of the evidence linking the genetic variant to a phenotypic outcome, and clinical utility refers to 

the capacity of a genetic variant to confer information that can be useful in clinical interventions 

to mitigate a known phenotypic outcome13. Taken together, recommendations for high clinical 

utility and clinical validity serve to restrict the pool of potentially returnable variants to a small 

group of deleterious and actionable findings of immediate clinical salience.  

In contrast to some clinical sequencing guidelines14, most guidelines and legal analyses 

suggest that there is no duty for the researcher to actively look for actionable genomic findings 

beyond those uncovered in the normal process of their investigations9; 15; 16. The primary purpose 

of genetic research is to create generalizable knowledge, and consistent with this overarching 

purpose, attempts have been made to minimize the burden of result return for individual 

investigators and the research enterprise17. Arguments against individual incidental genetic result 

return focus on implications for resource allocation, and the potential for conflation of research 

and clinical practice. Considering this core mission of research to produce generalizable 

knowledge, return of individual genetic findings represents a significant departure. Some argue 

that this departure from the objective could promote the therapeutic misconception17. The 

therapeutic misconception describes the mistaken belief by a participant that the aim of research 

is partially or wholly therapeutic. Conflation of science and clinical medicine by participants 

may be mistakenly interpreted as an inducement to participate in scientific research. Further, use 

of resources allocated to scientific research to confer individual benefit through return of 
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incidental findings reduces funds available to create generalizable knowledge. Without specified 

budget for returning incidental genetic findings, costs to disclose results could significantly 

detract from available resources for advancement of scientific research, which taken together 

present compelling arguments in favor of no, or at least very limited, disclosure as suggested by 

existing guidelines.  

The third criterion proposed by Fabsitz et al. maintains that research results considered 

for return must be analytically valid. Analytic validity in this context refers to the capacity of the 

test to correctly assign a genetic characteristic (e.g. nucleotide, copy number variant)13. Ensuring 

that results are analytically valid is a measure to reduce false negative or false positive findings, 

which have the potential to result in unnecessary medical interventions, psychosocial harm or a 

false sense of security13. Though an important consideration, it remains difficult to robustly 

demonstrate analytic validity of a genetic test result.  The Clinical Laboratory Improvement 

Amendments (CLIA) of 1988 provides regulatory standards in the United States for laboratory 

tests of human samples for patient care. Administered by the Centers for Medicare & Medicaid 

Services (CMS), there is uncertainty as to whether research laboratories are exempted from 

CLIA standards, particularly when reporting clinically relevant incidental findings to 

participants7. Despite a lack consensus on the requirement for CLIA compliance, there is 

awareness that a plan for disclosure in prospective studies should include information on whether 

the variant will be genotyped or confirmed in a CLIA-certified laboratory9. Beyond Federal law, 

other applicable laws may provide additional governance surrounding the eligibility of incidental 

findings for return to participants. As recognized by Fabsitz et al., the third criterion is not 

straightforward and further research is likely required to provide more specific guidance on the 

parameters necessary to ensure analytic validity of research results.  
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The last criterion posits that research participants must opt to receive individual genetic 

results during the informed consent process. The informed consent process is intended to provide 

participants with a clear and accurate assessment of the risks and benefits associated with 

participation in research. Though some hold the opinion that the harm associated with 

withholding individual results may outweigh participant autonomy, most guidelines suggest that 

patient preference takes precedent7; 9; 14. Consistent with the ethical principle of respect for 

autonomy, investigators should respect participants’ preferences as to whether to receive genetic 

results.       

In addition to these four criteria, other factors are important in decisions surrounding 

result return. As suggested by Beskow and Burke, the research context, including factors such as 

“the scope of entrustment involved in the research, the intensity and duration of interactions with 

participants, and the vulnerability and dependence of the study population”, is an important facet 

to consider in assessing researchers’ potential obligations to participant18. Acknowledging that 

return of results does not fit nicely into a “one size fits all” approach, evaluation of the research 

context and the likelihood of discovery of incidental findings are important considerations for 

study design.     

Due to the complexity of returning incidental findings, it is common for genetic research 

studies to consent participants under the condition that there will be no individual result return19. 

Though Institutional Review Boards can reconsider this position in the future, this feature of 

study design largely shuts the door on result return due to difficulties associated with re-

contacting participants (e.g. de-identified data, losses to follow-up). Despite the many challenges 

associated with result return, a minor but growing proportion of research studies has elected to 

return incidental findings 20-22.  



	
  

	
   77	
  

Selected examples of studies returning research results are as follows: 

 Colon Cancer Family Registry 21: return of deleterious germline mutations in mismatch 

repair genes to colorectal cancer patients and family members 

 Costain et al.20: return of clinically significant copy number variants to schizophrenia 

patients and their families 

 Harvard Personal Genomes Project 22: return of “research-grade” whole genome or 

exome data  

Classification Schemes for Genetic Variants 

Though recommendations are fairly consistent in the criteria required for return of 

incidental findings5-10, less clear guidance is available about what specific genetic findings meet 

the criteria for result return (e.g. Fabsitz criteria 1) and 2)).  Recognizing this gap, Berg et al. 

devised a scheme to classify genes and variants to assess if a variant should be reported in a 

clinical context23 (Figure 1). This scheme parses genes into 3 major bins designated as follows: 

1) clinical utility (medically actionable incidental information), 2) clinical validity (A) low risk 

incidental information, B) medium risk incidental information, C) high risk incidental 

information) and 3) unknown clinical implications. Within each bin, this scheme defines whether 

known deleterious, presumed deleterious, unknown significance, presumed benign, and known 

benign variants should be reported.  

Though providing a useful framework for classifying results for return, this publication 

did not explicitly enumerate all genes and variants fitting each bin. Two years following this 

publication, the American College of Medical Genetics and Genomics proposed 

recommendations for reporting incidental findings, which included a list of 56 genes that should 
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be evaluated and reported to patients who undergo clinical sequencing14. In a separate 

publication, Dorschner et al. recommended that the minimal set of actionable genes in the 

research setting be composed of 114 genes24. Some of the discrepancies relate to the onset of the 

associated condition (e.g. pediatric vs. adult), but largely the extension of the panel by Dorschner 

et al. is reflective of differing expert opinion. Though both geared toward clinical sequencing, 

these efforts to classify actionable genes will also have important implications for result return in 

the research setting.  

Beyond a clear minimum set of actionable genes, there is currently no consensus as to the 

methodology to identify pathogenic variants within the candidate genes24. Attempts to 

characterize the burden of incidental findings (the “incidentalome”) have suggested that ~1% of 

individuals will harbor an incidental finding in exome or whole genome sequencing14; 24, while 

other research posits that a couple to several thousand incidental findings will be discovered per 

genome25-27. Much of the discrepancy in these figures relates to differences in the classification 

scheme for genes and variants considered to be incidental findings. Various resources, such as 

the Online Mendelian Inheritance of Man (OMIM28), University of California Santa Cruz 

Genome Browser29, RegulomeDB30, and database of Single Nucleotide Polymorphisms 

(dbSNP31) among many others are helpful resources to characterize loci, however these 

resources are not definitive tests of whether a variant is deleterious. In an attempt to standardize 

definitions of pathogenic mutations, efforts are currently underway to create databases of 

pathogenic mutations (e.g. Clinical Genomics Database32, Human Gene Mutation Database33, 

MutaDATABASE34).  

Present guidelines appear to limit forms of variation considered for individual result 

return to germline mutations14. Germline mutations are heritable forms of variation present in 
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every cell of the body as a consequence of arising in a germ cell. These mutations are heritable, 

thus identification of a germline mutation has implications for the individual as well as their 

relatives. Germline mutations can be uncovered during traditional or tumor-normal subtractive 

(also referred to as paired tumor-normal) sequencing25; 35; 36. As recently pointed out, germline 

mutations frequently have pleiotropic effects, whereby a single variant or several variants within 

a single gene influence multiple phenotypes37.  Existing guidelines largely ignore this well-

recognized biological phenomenon, favoring mutually exclusive categories for genes based on 

clinical relevance for a single condition. Features of pleiotropic variants place them somewhat 

beyond the bounds of existing guidelines, and therefore Kocarnik and Fullerton suggest that 

guidelines need to be adapted to incorporate this class of genetic variants37. 

Somatic Mutations as a New Class of Incidental Finding 

Discussion of the implications of the discovery of incidental findings of somatic 

mutations is largely absent from the literature. Current consensus recommendations regarding 

result return in research5; 10; 38-40 are implicitly geared toward the discussion of germline 

mutations. Though germline mutations represent a much larger class of genetic mutations, 

somatic mutations can confer clinically useful and potentially actionable findings, which may 

warrant result return. Without clear guidance, it is uncertain how these research results should be 

handled. 

 Somatic mutations are acquired, arising after conception and present only in the cell 

lineage in which they initially arose. These non-heritable genetic changes accumulate throughout 

the lifespan of an individual, influencing wild-type functioning of individual cells and organ 

systems41. Though somatic mutations underlie many important processes including aging and 
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neurodegeneration, the clearest and most widely implemented clinical application of this class of 

mutations is to the field of cancer genomics. Touted as “personalized”, “targeted” or “precision” 

medicine, there has been great enthusiasm to integrate genomic information into clinical settings, 

particularly oncology. Cancer genomes harbor hundreds to thousands of somatic mutations, 

frequently occurring in known tumor genes42. Though the majority of these mutations have 

unknown significance, a growing body of research has identified clinically relevant somatic 

mutations that can be useful in therapeutic selection and diagnosis, as well as in the 

subclassification of cancers 43-45.    

The broadest application of somatic mutations to oncology is therapeutic selection. In 

addition to known germline mutations that influence drug metabolism, somatic mutations are 

important molecular markers for therapeutic decisions44; 46 (Table 1). Based on our growing 

understanding of the underlying biology of many cancers, many chemotherapeutics have been 

developed to target proteins that are frequently activated by somatic mutations. Increasingly, 

identification of somatic mutations through prospective tumor sequencing has been utilized to 

assign the optimal chemotherapeutic agent to improve efficacy46. For example, somatic 

mutations in exons 12 and 13 of Kirsten rat sarcoma viral oncogene homolog (KRAS) of 

colorectal cancer tumors confer a lack of clinical benefit of Epidermal growth factor receptor 

(EGFR) inhibitors44; 47. Beyond drivers related to improving clinical outcomes, pressure to 

conduct molecular characterization of tumors is heightened by insurance companies that 

frequently require genetic tests prior to coverage for costly, targeted therapeutics48.  Beyond 

assessment of drug effectiveness, somatic mutations can confer information relevant to potential 

adverse reactions or dosing of chemotherapeutics. 
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Traditionally relying on histology for diagnosis and subclassification of cancers, 

particular cancers have molecular signatures that provide additional information for biologic 

classification. An active and fruitful area of research, somatic mutations in Janus Kinase 2 

(JAK2), Calrectulin (CALR) and Myeloproliferative Leukemia Virus Oncogene (MPL) can be 

useful molecular markers to subclassify Philadelphia chromosome negative myeloproliferative 

neoplasms (henceforth referred to as myeloproliferative neoplasms).  Recently incorporated into 

the diagnostic criteria for myeloproliferative neoplasms, these somatic mutations serve as a 

useful case study for somatic mutations as a new class of incidental finding. Here somatic 

mutations relevant for Philadelphia chromosome negative myeloproliferative neoplasms will be 

explored as a motivating example for somatic mutations as a class of incidental finding. 

Motivating Example: Somatic mutations in Myeloproliferative Neoplasms  

In the research context, biospecimens that are easy to acquire are routinely used in genetic 

studies. Whole blood or fractions of blood (e.g. buffy coat) are the most frequently used 

biospecimens in population-based genetic research. Cellular constituents of blood include red 

blood cells, white blood cells, and platelets. Red blood cells as well as platelets are enucleated, 

whereas white blood cells are nucleated. Based on the absence of nuclei in platelets and red 

blood cells, white blood cells are the major contributors of genomic DNA. Owing to the 

widespread use of DNA from blood, genetic studies are capable of uncovering somatic mutations 

relevant to a range of blood disorders.  

Somatic mutations are typically identified through comparison of DNA across multiple 

tissue types. In clinical sequencing applications, tumor-normal subtractive analyses seek to 

identify acquired (somatic) mutations specific to the tumor (e.g. not present in the reference 
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germline tissue). Though genetic studies do not typically have paired tissue DNA samples 

available for comparison, method development to call somatic mutations (point and larger 

chromosomal aberrations) is ongoing for both sequence and genotype data. Further, particularly 

for blood disorders such as myeloproliferative neoplasms (polycythemia vera, essential 

thrombocythemia and primary myelofibrosis) there are several well-characterized mutations that 

occur primarily or solely as somatic mutations. Identification of these mutations in routine 

analysis of stored blood-derived genomic DNA can be presumed to be somatic mutations. The 

ability to detect blood cell somatic mutations in sequence and genotyping has important 

implications for the identification of individuals with either increased susceptibility to develop a 

blood disorder or to identify individuals with an overt blood disorder.   

Myeloproliferative Neoplasms 

Myeloproliferative neoplasms are a class of chronic myeloproliferative disease that 

display aberrant hematopoietic proliferation as a result of acquired (somatic) genetic changes in 

hematopoietic stem cells. This class of neoplasms is typically composed of three major 

subclassifications: polycythemia vera (PV), essential thrombocythemia (ET) and primary 

myelofibrosis (PMF). PV is a disorder of the bone marrow that is characterized by high red 

blood cell counts, which may be accompanied by overproduction of white blood cells and 

platelets. ET is characterized by overproduction of platelets. Lastly, PMF is characterized by an 

accumulation of scar tissue in the bone marrow, which reduces the overall production of blood 

cells. 

Landscape of Somatic Mutations Specific to Myeloproliferative Neoplasms 
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The role of somatic mutations in myeloproliferative neoplasm etiology is an active area 

of research. First recognized in 2005 with the parallel publication of findings on the gain of 

function JAK2 p. Valine 617 Phenylalanine (V617F) somatic mutation, studies suggest that 

~95% of PV, and 50% of ET and PMF cases have a detectable V617F acquired mutation49-53. 

JAK2 is a regulator of blood cell development from hematopoietic stem cells, which when 

mutated at p.617 contributes to abnormal myeloproliferation with observed differences in 

phenotype depending on allelic burden (the ratio of mutant allele to total alleles)54. Germline 

variation in JAK2 at the same amino acid (V617I) is associated with hereditary thrombocytosis, 

suggesting a causal role for the variant55. Additional studies have demonstrated the relevance of 

variants in exon 12 of JAK2 among V617F negative patients56-58. Though V617F mutation is the 

predominant mutation in JAK2, other somatic mutations in exon 12 of the gene have been 

identified in about 2-5% of PV cases59.  

MPL mutations are present in a small number of myeloproliferative neoplasms (3% ET 

and 10% PMF). MPL mutations frequently occur in exon 10 of the gene (e.g. W515L, W515K, 

S505N) and typically carriers have clinical presentation of megakaryocytic myeloproliferation60. 

On the basis of some of the early findings related to the JAK2 and MPL somatic mutations, the 

World Health Organization (WHO) updated their criteria for differential myeloproliferative 

neoplasm diagnosis (Table 2)61; 62.  

In addition, genetic studies have uncovered additional recurrent somatic mutations that 

can occur alone or co-occur with known JAK2 or MPL mutations in two main classes of genes: 

signaling mutations influencing the JAK-STAT activation (lymphocyte-specific adapter protein 

(LNK)63; 64) and mutations affecting DNA structure through methylation (TET oncogene family 

member 2 (TET2)60, DNA methyltransferase 3a (DNMT3A)65; 66) or other modifications to 
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chromatin structure (enhancer of zeste homolog 2 (EZH2) 67, additional sex combs-like 1 

(ASXL1) 68; Table 3). Taken together, these somatic mutations affect only a minority of patients 

and are not recognized as components of clinical diagnostic algorithms for myeloproliferative 

neoplasms. 

Though genetic studies have uncovered the molecular basis of the majority of 

myeloproliferative neoplasms, until recently 30-45% of patients with myeloproliferative 

neoplasms (primarily ET and PMF) did not appear to harbor a known molecular marker69. 

However in late 2013 investigators identified somatic insertion/deletions (indels) in calreticulin 

(CALR) specific to ET and PMF that are mutually exclusive of JAK2 and MPL mutations. The 

discovery of the CALR indels filled a major gap in existing knowledge of ET and PMF etiology. 

With the addition of the CALR indel, fewer than 10% of ET and PMF are triple-negative (JAK2-, 

MPL- & CALR-) for a molecular marker69. On the basis of these seminal findings, leading 

experts suggest that the WHO diagnostic criteria for myleoproliferative neoplasms be expanded 

to incorporative CALR mutational testing70. 

Application of Existing Recommendations 

Somatic mutations in JAK2, MPL and CALR may be uncovered in the course of genetic 

research. For example, JAK2 V617F is assayed on the widely available Illumina Human Exome 

and targeted cancer arrays.  Application of these arrays has the potential to uncover carriers of 

the somatic mutation, particularly in the course of association analysis with blood cell traits.  

Recently, Auer et al. identified an association between rs77375493 (JAK2 V617F) and platelet 

count, total white blood cell count and red blood cell parameters (hemoglobin and hematocrit)71 

in apparently hematologically normal individuals. This study identified 19 carriers of the somatic 
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mutation in the sample size of 24,868 participants, and noted that many carriers appeared to have 

clinical characteristics consistent with early-stage myeloproliferative neoplasms (Table 4). In 

addition to the JAK2 V617F and other known somatic point mutations (e.g. MPL mutations), 

methods development in somatic indel calling may soon facilitate the detection of CALR indels 

in sequencing and genotyping data.  

As noted above, CALR, JAK2 and MPL mutations are clinically useful and recognized 

components of the diagnostic criteria for myeloproliferative neoplasms. Though these mutations 

clearly have relevance within the clinical setting, it is unclear if these mutations meet the criteria 

for return as an incidental finding in research. In an attempt to explore this topic in greater detail, 

this analysis will seek to apply criteria enumerated by Fabsitz et al. to assess whether a JAK2 

V617F somatic mutation could be considered for individual result return.   

Fabsitz et al. first criterion states that results should be returned if “[t]he genetic finding 

has important health implications for the participant and the associated risks are established and 

substantial” and results could be considered for return if “[t]he investigator has concluded that 

the potential benefits of disclosure outweigh the risks from the participant’s perspective”7.  Of 

somatic mutations in the three genes, JAK2 has been the most thoroughly characterized.  

Population-based studies suggest that carriers of the JAK2 V617F somatic change (N=68) had 

clinical characteristics suggestive of myeloproliferative neoplasms (higher erythrocyte, 

thrombocyte and white blood cell counts) and had an excess risk of incident cancer (Hematologic 

Cancer Hazard Ratio (HR): 27.6 (95% CI: 12.0-63.4), Myeloproliferative Cancer HR: 97.1 (95% 

CI: 27.6-341.3)) and prevalent thrombotic events (deep venous thrombosis HR=4.6 (95% CI: 

1.7-10.9))72.  
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In addition to showing disease risk associated with presence of JAK2 V617F somatic 

change, Nielson et al. demonstrated the diagnostic value of screening when applied to the general 

population72. The diagnostic value of JAK2 V617F + test for prevalent myeloproliferative cancer 

does not reach clinically useful levels for screening of the general population (sensitivity=23%, 

specificity=100%, positive predictive value= 18%, negative predictive value = 100%), however, 

when combined with high blood cell counts, the test characteristics dramatically improved 

(Table 5).   For example, use of hematocrit >50% in tandem with JAK2 V617F status was able 

to correctly distinguish prevalent myeloproliferative cases from controls. This is relevant in the 

research context.  As suggested previously, genome-wide association studies will frequently 

have access to complete blood cell parameters including hematocrit, particularly if blood cell 

measures are the main phenotypes of interest.  

Taken together, JAK2 V617F status, in tandem with other blood cell metrics (e.g. 

hematocrit), may have high diagnostic value. Further, the JAK2 V617F somatic mutation confers 

substantial risk of incident hematologic and myeloproliferative cancer as well as thrombotic 

events. In particular settings, including association studies of blood cell counts, the identification 

of V617F could reach the threshold for “should” return and is likely to minimally reach the 

threshold for “may” return enumerated by Fabsitz et al.  

Fabsitz et al. second criterion states that results should be returned if “[t] he genetic 

finding is actionable, that is, there are established therapeutic or preventive interventions or other 

available actions that have the potential to change the clinical course of the disease”7.   For PV 

and ET patients, the largest cause of morbidity and mortality is from thrombotic events. Previous 

reports suggest that more than a third of PV cases73 and an excess of ET74-76 patients experience 
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thrombosis prior to diagnosis. Further, thrombotic risk in PV and ET patients appears to be 

higher among V617F-positive individuals77-80. A recent study demonstrated in mouse knock-in 

models that the V617F mutation has a causal role in thrombosis14. Specifically, the Hobbs et al. 

study demonstrated that the V617F mutation 1) causes intrinsic changes in megakaryocyte 

platelet formation; and 2) V617F platelets exhibit prothrombotic properties and have increased 

reactivity14.  

PV and ET are managed clinically as chronic conditions through treatments aimed at 

avoiding the first occurrence and/or reoccurrence of thrombotic and bleeding complications; 

reducing risk of transformation to acute leukemia or myelofibrosis; and managing related risk 

factors (e.g. classic cardiovascular risk factors, pregnancy, surgery)81.  PV and ET are both 

characterized by proliferation of blood cells, thus treatment typically focuses on reducing blood 

viscosity. PV treatment strategies include phlebotomy82, low-dose aspirin83, and cytoreduction 

through hydroxyurea or interferon84; 85 and these have been shown to be effective in reducing 

risk of complications.  Reduction of thrombotic risk in ET is typically achieved through 

cytoreduction with hydroxyurea74; 76; 86. Timely treatment is essential for PV and ET to mitigate 

life-threatening complications including blood clots (stroke, myocardial infarction, deep vein 

thrombosis and pulmonary embolisms), enlarged spleen, skin problems and transformation to 

blood disorders (myelofibrosis, myelodysplastic syndrome or acute myelogenous leukemia)87; 88. 

Owing to the availability of treatments that reduce risk of thrombotic and myeloproliferative 

complications in PV and ET, the JAK2 V617F somatic marker in tandem with blood count data 

is likely to meet the Fabsitz et al. criterion 2 for a marker that should be returned to participants.   

 The third criterion seeks to ensure that the test is analytically valid and that disclosure is 

in compliance with applicable laws. As discussed previously, analytic validity is difficult to 
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demonstrate in the research context. Somatic mutations, such as JAK2 V617F, present additional 

challenges beyond those involved in the identification of germline mutations. Germline 

mutations are present as either as 100% allele burden (homozygotes) or 50% allele burden 

heterozygous (heterozygous) mutations, whereas somatic mutations are present on a continuum 

between the smallest detectable level to nearly 100% allele burden. Due to this feature of somatic 

mutations, available assays (e.g. genotyping or TaqMan) may fail to detect somatic mutations 

present at low allelic burden, which would result in reduced sensitivity and positive predictive 

value of the test72. Furthermore, genotype-calling software tends to be optimized for germline 

variants, frequently relying on clustering of homozygous wild type, heterozygous and 

homozygous alternative intensities to assign genotype. Because software is optimized for 

germline variation calls, genotypes falling outside of reference clusters may be discarded or 

misassigned to the nearest cluster. Due to these issues, there remains a strong potential for 

inaccuracies in detection of somatic mutations.  

Despite difficulties relating to the assignment of somatic genotypes, once detected 

somatic mutations provide information that is just as relevant as other information that is 

routinely returned.  Furthermore, when ancillary data (e.g. complete blood cell counts) are 

available, additional genotypic validation may be an unnecessarily high bar for result return. 

Abnormalities in blood cell counts are frequently reported as incidental findings in the research 

context due to their known clinical utility. For example, some studies within the Women’s 

Health Initiative have returned test findings suggesting anemia (a measure of low red blood cell 

count) and complete blood cell counts as individual research results (disclosures summarized in 

Table 6). Though conferring clinically useful information that could supplement blood cell 
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counts, genetic individual results are not currently returned to participants of the Women’s 

Health Initiative due to constrains in the initial consent language.  

 Genetic exceptionalism is a term that refers to idea that genetic information differs from 

other personal data including other forms of health information. Justifications for genetic 

exceptionalism typically center on the capacity of genetic information to: 1) predict medical 

future of an individual, 2) have implications for relatives, 3) lead to discrimination or 

stigmatization, and 4) cause psychosocial harm89. Though there are some features unique to 

genetic information (e.g implications for relatives), there are also many commonalities with non-

genetic health-related data. In broad terms, genetic and non-genetic information both have the 

potential to harm or benefit participants. Consistently, evidence is sparse to suggest that genetic 

information is truly exceptional, requiring differential treatment in individual result return.   

 It is well recognized that blood cell parameters have a genetic basis90. Further, as 

demonstrated by the example of myeloproliferative neoplasms, acquired (somatic) genetic 

changes in hematopoietic stem cells can be causally related to aberrant blood cell phenotypes14. 

Both aberrant blood cell counts as well as molecular markers such as JAK2 V617F are predictive 

of blood disorders as well as other complications; thus the justification for treating genetic versus 

non-genetic information differently ceases to be a relevant argument. Further, somatic mutations 

are acquired, which implies that this class of mutation has no relevance for related individuals. 

Hence, concerns about implications for relatives do not figure in the calculus of relative risks and 

benefits of disclosure.  

 Justifications related to the potential for discrimination/stigmatization or psychosocial 

harm similarly fail to support differential treatment of genetic information.  Though use of 
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genetic information to discriminate against particular groups is well documented, non-genetic 

information such as human immunodeficiency status has a similarly unsavory history. Legal 

protections have largely been successful at protecting individuals from discrimination for genetic 

and non-genetic conditions.  Federal protections against health-related and/or genetic 

discrimination come from the Affordable Care Act (ACA), the Health Insurance Portability and 

Accountability Act (HIPAA), the Americans with Disabilities Act (ADA) and Genetic 

Information Nondiscrimination Act (GINA).  

  Further, studies demonstrate that knowledge of disease status can lead to emotional 

distress89; 91; 92, suggesting that psychosocial risks are not specific to genetics.  Interestingly, 

despite little evidence of a need for special considerations, many studies categorically preclude 

genetic results from return as individual research results in consent documents (e.g. Women’s 

Health Initiative Long Life Study).   

Consent in Genetic Research 

 In general, application of the Fabsitz et al. criteria 1-3 appears to favor of return of JAK2 

V617F. However, there has thus far been no attempt (to my knowledge) to return this genetic 

finding in the WHI study or elsewhere. Beyond a lack of recognition of somatic mutations as a 

relevant class of incidental finding, this likely relates to a larger issue for individual result return: 

participants were not informed that they might be offered individual genetic findings during 

consent. Many studies, particularly those initiated well in the past, are ‘silent’ on return of 

genetic and non-genetic research results. In addition, studies such as the Women’s Health 

Initiative Long Life Study consent form expressly forbid individual result return (Table 6). 

Under either consent protocol, re-consent would usually be required by the Institutional Review 
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Board in order to return genetic results. Though re-consent is necessary to respect the individual 

research participant, it presents challenges.  

 Re-consent involves re-contacting individuals enrolled in the study. Particularly in 

population-based genetic research, data are routinely de-identified to minimize risk of re-

identification of participants, and to be classified as non-human subjects research (45 CFR 

46.102 (f)). In the absence of participant identifiers, many genetic research studies are unable to 

re-contact study participants. In addition to limitations relating to re-contact, increasing losses to 

follow-up are expected as the duration from last contact increases.    

  Given the limitations with re-consent, it would be preferable if future studies would 

anticipate the generation of incidental findings (including incidental somatic findings) and allow 

for expression of preferences regarding individual result return in limited (highly actionable) 

circumstances. Recent attempts to consent participants prospectively for return of individual 

genetic findings20-22 serve as leading examples for newer models of consent, indicating that these 

protocols are feasible to implement in the research setting.  

Discussion 

As demonstrated by the JAK2 V617F mutation, somatic mutations can have clear clinical 

relevance and may merit return as incidental findings. Existing guidelines fail to recognize 

somatic mutations as a class of incidental finding, which may be attributable to relatively small 

number of somatic mutations that could be considered for return under existing criteria. An 

active area of research, it is likely that similarly deleterious somatic mutations could be identified 

with similar attributes to the JAK2 V617F. For example, results from three population-based 

studies suggest that large-scale chromosomal mosaicism detected in blood or saliva is associated 
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with a large excess risk of hematologic cancer (e.g. leukemias and lymphomas)93-95. However, 

more research is necessary to confirm these findings and to identify specific somatic events 

underlying the association with hematologic cancer.  Further, recent evidence of low-level 

somatic mutations present in an individual can be transmitted to their offspring96. This finding 

has huge implications for result return related to reproductive decision-making.  

Limitations in detection, both with regard to the availability of multiple tissue types and 

the allelic burden of the somatic mutation, restrict the routine return of this class of mutations. 

However, methods development for somatic mutation detection may alleviate some of these 

issues in the future. For example, several groups are currently working on technology to capture 

circulating tumor cells in the bloodstream97. Coupled with development of single cell sequencing 

and genotyping assays, these technologies may promote the discovery of actionable somatic 

mutations.   

Particularly in light of progress relating to the detection of somatic mutations, guidelines 

need to be adapted to recognize this class of incidental finding. As shown in the case study of 

myeloproliferative neoplasms, JAK2 V617F arguably has characteristics consistent with return as 

an incidental finding. It is debatable if the level of evidence is consistent with should or may 

return, however it seems clear that reporting V617F confers a benefit that is larger than risks 

associated with disclosure.  
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Figures & Tables 
Figure 1. Berg et al.23 Classification Scheme for Genes and Variants 
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Table 1. Pharmacogenomic DNA markers for chemotherapy (adapted from44) 

Germline Somatic Drug Effect 
Thiopurine 
methyltransferase 

_ Mercaptopurine, 
thioguanine 

Neutropenia risk 

UDP-
glucuronosyltransferase 
1A1 

_ Irinotecan, nilotinib Neutropenia risk, 
underdosing risk 

Glucose-6-phosphate 
dehydrogenase 

_ Rasburicase Anemia 

Cytochrome P450 2D6 _ Codeine, 
oxycodone; 
tamoxifen 

Altered pain 
control; altered 
drug dose 

_ Janus kinase 2 
(JAK2) 

Ruxolitinib Altered drug 
activity 

_ Human epidermal 
growth factor 
receptor 1  
(EGFR) 

Cetuximab 
Erlotinib, Gefitinib, 
Panitumumab 

Altered drug 
activity 

_ Kirsten rat 
sarcoma viral 
oncogene 
homolog (KRAS) 

Cetuximab, 
Pantumumab 

Lack of drug 
activity 

_ Abelson murine 
leukemia viral 
oncogene 
homolog (ABL) 

Imatinib, dastinib, 
nilotinib 

Altered drug 
activity 

_ v-kit Hardy-
Zuckerman 4 
feline sarcoma 
viral oncogene 
homolog (KIT) 

Imatinib Altered drug 
activity 

_ Human epidermal 
growth factor 
receptor 2 (HER2) 

Lapatinib 
Trastuzumab 

Enhanced drug 
activity 

_ v-Raf murine 
sarcoma viral 
oncogene 
homolog B1 
(BRAF) 

Vemurafenib Enhanced drug 
activity 

_ Anaplastic 
lymphoma 
receptor tyrosine 
kinase (ALK) 

Crizontinib Altered drug 
activity 

 

 



	
  

	
   102	
  

 

Table 2. World Health Organization Diagnostic Criteria for Myeloproliferative Disorders 
from 200861 
Criteria  PV* ET** PMF*** 
Major 1 Hgb >18.5 g/dL (men) 

>16.5 g/dL (women) or 
Hgb >17 g/dL 
(men), or >15 g/dL 
(women) if associated 
with a sustained increase 
of ≥ 2 g/dL from 
baseline that can not be 
attributed to correction 
of iron deficiency or§  

Platelet count ≥ 450 
x109/L 

Megakaryocyte 
proliferation and atypia|| 

accompanied by either 
reticulin and/or collagen 
fibrosis, or in the absence 
of reticulin fibroisis, the 
megakaryocyte changes 
must be accompanied by 
increased bonemarrow 
cellularity, granulocytic 
proliferation and often 
decreased erythropoiesis 
(ie, prefibrotic PMF) 

Major 2 Presence of JAK2V617F 
or similar mutation  

Megakaryocyte 
proliferation with large 
and mature 
morphology.  
No or little granulocyte 
or erythroid 
proliferation  

Not meeting WHO 
criteria for CML, PV, 
MDS, or other myeloid 
neoplasm 

Major 3 NA Not meeting WHO 
criteria for 3 CML, PV, 
PMF, MDS or other 
myeloid neoplasm  

Demonstration of 
JAK2V617F or other 
clonal marker or no 
evidence of reactive bone 
marrow fibrosis 

Major 4 NA Demonstration of 
JAK2V617F or other 
clonal marker or no 
evidence of reactive 
thrombocytosis  

 

Minor 1 BM trilineage 
myeloproliferation 

NA Leukoerythroblastosis 

Minor 2 Subnormal serum Epo 
level 

NA Increased serum LDH 

Minor 3 ECC growth NA Anemia 
Minor 4 NA NA Palpable splenomegaly 
WHO indicates World Health Organization; PV, polycythemia vera; ET, essential thrombocythemia; PMF, 
primary myelofibrosis; Hgb, hemoglobin; CML, chronic myelogenous leukemia; MDS, myelodysplastic 
syndrome; BM, bone marrow; Epo, erythropoietin; LDH, lactate dehydrogenase; EEC, endogenous 
erythroid colony. * The diagnosis of PV requires meeting both major criteria and 1 minor criterion or the 
first major criterion and 2 minor criteria. ** The diagnosis of ET requires meeting all 4 major criteria. *** 
The diagnosis of PMF requires meeting all 3 major criteria and 2 minor criteria. § Or Hgb or hematocrit 
greater than the 99th percentile of reference range for age, sex, or altitude of residence or red cell mass 
>25% above the mean normal predicted. || Small to large megakaryocytes with an aberrant 
nuclear/cytoplasmic ratio and hyperchromatic and irregularly folded nuclei and dense clustering. 
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Table 3. Known Recurrent Mutations in BCR-ABL1-Negative Myeloproliferative 
Neoplasms (adapted from54) 

Mutations Chromosome location Mutational frequency, % 
JAK2 V617F 9p24  

 PV  ~9660 
 ET  ~5560 

 PMF  ~6560 
 BP-MPN  ~5060 

JAK2 exon 12 
mutation 

9p24  

 PV  ~360 
CALR indel 19p13  

 PV  Rare69 
 ET  ~6769 

 PMF  ~8869 
MPL 1p34  

 ET  ~360 
 PMF  ~1060 

 BP-MPN  ~560 
LNK 12q24.12  

 PV  Rare63; 64 
 ET  Rare67; 68 

 PMF  Rare67; 68 
 BP-MPN  ~1063 

TET2 4q24  
 PV  ~1660 
 ET  ~560 

 PMF  ~1760 
 BP-MPN  ~1760 

ASXL1 20q11.1  
 ET  ~368 

 PMF  ~1368 
 BP-MPN  ~1868 

IDH1/IDH2 2q33.3/15q26.1  
 PV  ~298 
 ET  ~198 

 PMF  ~498 
 BP-MPN  ~2098 

EZH2 7q36.1  
 PV  ~367 

 PMF  ~7 
DNMT3A 2p23  

 PV  ~766 
 PMF  ~765; 66 

 BP-MPN  ~1465; 66 
CBL 11q23.3  

 PV  Rare99 
 ET  Rare99 
 MF  ~699 

IKZF1 7p12  
 CP-MPN  Rare100 
 BP-MPN  ~19100 

BP-MPN, blast-phase MPN; CP-MPN, chronic phase MPN; MF, both PMF and post-ET/PV myelofibrosis 
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Table 4. Characteristics of WHI JAK2 somatic 617F>V variant carriers (Adapted from 
Auer et al.71)  

ID 

Baseline Year 3 (follow-up) 

CHD Stroke Leukemia Cause of death 

Number of 
JAK2 

p.Val617Phe 
alleles 

HCT% HGB 
g/dl 

PLT 
109/l 

WBC 
109/l 

HCT 
% 

HGB 
g/dl 

PLT 
109/l 

WBC 
109/l 

1 46 15.9 658 9 50.6 16.8 662 12.7 No No No NA 1 
2 40 12.5 502 5.9  NA   NA   NA   NA No Yes No Other Cancer 1 
3 46 13 796 23.4 54 15.4 647 67.5 No Yes No Cerebrovascular 2 
4 40.7 12.9 482 10.7  NA   NA   NA   NA No Yes Yes NA 1 
5 41.1 14 437 3.9  NA   NA   NA   NA Yes Yes No NA 1 
6 46.6 16.1 310 8.3 47.2 15.4 259 11.5 No Yes No NA 1 
7 48 15.9 357 6.9  NA   NA   NA   NA No No No NA 1 

8 45.4 14.8 411 8.6  NA   NA   NA   NA Yes No No 
Other Known 
Cause 1 

9 39.9 13.5 227 5.4  NA   NA   NA   NA No Yes No NA 1 
10 43.8 14.8 365 5.8  NA   NA   NA   NA Yes No No NA 1 
11 42.5 14.7 279 5.8  NA   NA   NA   NA Yes No No NA 1 
12 49.5 16.5 529 7.3  NA   NA   NA   NA No No No NA 1 
13 42.5 14.2 411 7  NA   NA   NA   NA No No No NA 1 
14 49.3 16.7 266 9.1  NA   NA   NA   NA No No No NA 1 
15 49.4 16.4 697 8  NA   NA   NA   NA Yes No No NA 1 
16 45.1 14.2 412 9.5  NA   NA   NA   NA No Yes No NA 1 
17 37.5 13.1 239 11.4  NA   NA   NA   NA Yes No No NA 1 
18 42.9 14.4 201 11.7  NA   NA   NA   NA Yes Yes No NA 1 
19 42.3 14.6 291 14.5  NA   NA   NA   NA Yes No No NA 1 
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Table 5. Diagnostic value of V617F somatic mutation test for myeloproliferative cancer 
from Neilson et al72 

 N Sensitivity 
(%) 

Specificity 
(%) 

Positive 
Predictive 
Value (%) 

Negative 
Predictive 
Value (%) 

All participants 49,488 23 100 18 100 

Age >70 years 7,958 5 100 6 100 

Erythrocyte Count 
>5.5 x1012/l 

665 67 99 43 100 

Platelet Count 
>450x109/l 

856 47 98 22 99 

Leukocyte Count >15 
x109/l 

144 60 98 50 99 

Hematocrit >50% 141 100 100 100 100 

Included are prevalent myeloproliferative cancers and such cancer diagnosed within 2 years after 
blood sampling 
The diagnostic value for the JAK2 V617F somatic mutation test was examined individually for each 
substratum, while ignoring the other parameters.  
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Table 6. Summary of WHI consent documents pertaining to phenotypic and genetic 
individual result return 

 

Document Phenotype Genetic 
Initial Consent 
(4/01/98) 

“Abnormal findings of the following clinic tests will be reported to 
you, your doctor or your clinic: e.g. high blood pressure or blood test 
for anemia done at your Clinical Center.” 

Consent form does not 
address return of genetic 
findings 

HT Trial Consent 
(4/01/98) 

“Abnormal findings of the clinic tests will be reported to you or your 
doctor or clinic: blood pressure, blood test for anemia done at your 
Clinical Center; mammogram, pelvic exam, Pap smear, and 
electrocardiogram (ECG).” and “You will be informed if definite 
benefits or harmful results are found during the study” 

“You will be informed if 
definite benefits or harmful 
results are found during the 
study.” 

WHI CaD Consent 
(4/01/98) 

“You will be informed if definite benefits or harmful results are 
found during the study” 

“You will be informed if 
definite benefits or harmful 
results are found during the 
study.” 

WHI OS Consent 
(4/01/98) 

“ Abnormal findings of the clinic tests will be reported to you or your 
doctor or clinic: blood pressure, blood test for anemia done at your 
Clinical Center” and “ These blood tests will not replace your usual 
medical care, and results will not be available for your medical care 
(for example, your cholesterol level will not be reported to you or 
your doctor). Research studies require only looking at all lab results 
together, and individual results will not be available.” 

“ …individual results will not 
be available.” 

WHI DM Consent 
(4/01/98)  

“Some of the blood drawn will be stored for tests at a later date, 
including possible genetic studies. This stored blood will be used 
whether you are in the Clinical Trial or Observational Study. These 
blood tests will not replace your usual medical care, and results will 
not be available for your medical care (for example, your cholesterol 
level will not be reported to you or your doctor). Research studies 
require only looking at all lab results together, and individual results 
will not be available.”  

“…individual results will not 
be available.” 

Supplemental 
Consent (8/1/04) 

“All results in the WHI will be kept confidential and no results of 
genetic or blood studies done on your samples will be provided to 
you, your family or your doctor.” 

“All results in the WHI will 
be kept confidential and no 
results of genetic or blood 
studies done on your samples 
will be provided to you, your 
family or your doctor.” 

Long Life Consent 
(5/17/12) 
 

“4. What will you do with my blood? 
Soon after it is collected, we will send one tube of your blood to a 
hospital lab for a complete blood count (CBC). We will store the rest 
of your blood sample, and the genetic material in your blood (DNA 
and RNA), for future research testing. We will give you the results of 
your CBC, but we will not give you the results of the further research 
testing of your blood.” 

“…we will not give you the 
results of the further research 
testing of your blood.” 
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Supplemental material Part A, Aim I 
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authors thank the WHI investigators and staff for their dedication, and the study 
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Supplemental Tables 
Table S1. Reported CRP-associated candidate genes from published Genome Wide 
Association Studies 

Gene/Region Study Reporting Association 
Population(s) Included in 
Studies 

APOC1/APOE Dehghan et al.1, Elliott et al.2, Ridker et al.3  
European American & Asian 
Indian 

ASCL1 Dehghan et al.1, Ridker et al.3  European American 
BCL7B Dehghan et al.1 European American 

CRP 

Dehghan et al.1, Reiner et al.4, Reiner et al.5, 
Doumatey et al.6, Wu et al.7, Okada et al.8, Elliott et 
al.2, Ridker et al.3, Curocichin et al.9  

European American, African 
American, Hispanic American, 
South Asian, Japanese, Asian 
Indian, Filipino  

DOCK4 Kong et al.10 Korean 
FAM13C Reiner et al.4 European American 
GCKR Ridker et al.3 European American 

HNF1A 

Dehghan et al.,1 Reiner et al.4, Reiner et al.5, Wu et 
al.7, Okada et al.8, Elliott et al.2, Ridker et al.3, Kong et 
al.10  

European American, African 
American, Hispanic American, 
South Asian, Japanese, Asian 
Indian, Korean 

HNF4A Dehghan et al.1 European American 

IL1F10/ IL1RN Dehghan et al.1, Reiner et al.5 
European American, African 
American 

IL6 Okada et al.8 Japanese 

IL6R 
Dehghan et al.1, Elliott et al.2, Ridker et al.3, 
Curocichin et al.9 

European American, Asian Indian, 
Filipino 

LEPR 
Dehghan et al.1, Reiner et al.5, Elliott et al.2, Ridker et 
al.3  

European American, Hispanic 
American, Asian Indian 

NLPR3 Dehghan et al.1 European American 
PABPC4 Dehghan et al.1 European American 
PPP1R3B Dehghan et al.1 European American 
PSMG1 Dehghan et al.1 European American 
RGS6 Dehghan et al.1, Kong et al.10 European American, Korean 
RORA Dehghan et al.1 European American 
SALL1 Dehghan et al.1 European American 
SLC1A3 Reiner et al.4 European American 
TOMM40 Reiner et al.5 African American 
TREM2 Reiner et al. 5 African American 
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Table S2. Description of the 7 contributing cohort studies  
Study Race N Age Range at 

Baseline 
CRP Assay 

ARIC EA, 
AA 

4,827 45- 64 years immunoturbidimetric CRP-Latex (II) high-sensitivity assay 
from Denka Seiken (Tokyo, Japan) on a Hitachi 911 
analyzer (Roche Diagnostics, Indianapolis, Indiana) 

CARDIA EA 190 18-30 years high-sensitivity nephelometry-based methods (BNII 
Nephelometer 100 Analyzer, Dade Behring) 

CHS EA 946 ≥65 years high-sensitivity enzyme-linked immunosorbent assay 

FHS EA 1,144 12-75 years high-sensitivity assay (Dade Behring BN100) 
JHS AA 346 21-84 years immunoturbidimetric CRP-Latex assay (Kamiya Biomedical 

Company, Seattle, Washington) on a Hitachi 911 analyzer 
(Roche Diagnostics, Indianapolis, Indiana) 

MESA EA, 
AA 

399 45-84 years BNII nephelometer (N High Sensitivity CRP, Dade Behring 
Inc, Deerfield, IL) 

WHI EA, 
AA 

1,307 50-79 years latex-particle enhanced immunoturbidimetric assay kit 
(Roche Diagnostics, Indianapolis, IN) 

Abbreviations: European American (EA); African American (AA); Atherosclerosis risk in Communities (ARIC); 
Framingham Heart Study (FHS), Coronary Heart Study (CHS); Women’s Health Initiative (WHI); Jackson Heart 
Study (JHS) 
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Table S3. Summary of reported tests and significance levels. 

Test (variants included) Analysis  

Variant 
allele 
frequency 

Number of 
Tests 
Performed Correction 

Threshold 
for 
Significance 

Single-variant (target sequence 
variants) 

Exome-
wide 

≥5 minor 
alleles  639,770* GWAS 

threshold 5.00x10-8 

 Candidate 
Gene 

MAF 
<0.05 267* Bonferroni 1.87x10-4 

SKAT (stop-gain, stop-loss, 
splicing, nonsynonymous, 
noncoding RNA splicing) 

Exome-
wide 

MAF 
<0.05 19,230 Bonferroni 2.50x10-6 

 Candidate 
Gene 

MAF 
<0.05 25 Bonferroni 2.00x10-3 

T1 (stop-gain, stop-loss, splicing, 
nonsynonymous, noncoding RNA 
splicing) 

Exome-
wide 

MAF 
<0.01 19,230 Bonferroni 2.50x10-6 

 Candidate 
Gene MAF<0.01 25 Bonferroni 2.00x10-3 

*Number of tests from the combined sample; race-specific estimates are a subset of the tests performed in the 
combined sample. 
Abbreviations: Sequence Kernel Association Test (SKAT); burden (T1); minor allele frequency (MAF); Genome 
Wide Association Study (GWAS) 
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Table S4. Characteristics of Discovery and Replication Samples 
 Exome Sequencing Discovery  Exome Chip Replication 

 ESP** CHARGE ARIC CHAR
GE 

FHS 

CHAR
GE 

CHS 

WHI JHS 

 EA AA EA AA EA AA EA AA AA 
N 1,832 1,528 2,718 1,581 757 743 11,414 2,380 2,201 
Mean Age, 
years (SD) 

61.8 
(11.1) 

58.9 
(10.2) 

63.0 (5.6) 61.6 
(5.6) 

60.2 
(12.0) 

72.9 
(5.7) 

67.5 
(6.3) 

66.7 
(5.7) 

52.8 
(12.7) 

Female % 57.4% 76.2% 54.3% 66.0% 51.1% 53% 100% 100% 62.8% 
Mean BMI 
kg/m2 (SD) 

27.5 (5.3) 34.1 
(10.5) 

28.4 (5.2) 30.7 
(6.5) 

28.7 
(5.6) 

26.8 
(4.5) 

28.5 
(5.7) 

30.1 
(5.4) 

31.4 
(6.4) 

Smoker N 
(%) 

412 
(22.5%) 

276 
(18.2%) 

389 
(14.3%) 

262 
(16.9%) 

109 
(14.4%) 

85 
(11.0%) 

888 
(7.9%) 

222 
(9.6%) 

706 
(32.2%) 

Diabetes N 
(%) 

170 
(8.4%) 

349 
(22.9%) 

341 
(12.6%) 

385 
(24.7%) 

115 
(15.2%) 

100 
(13.0%) 

559 
(4.9%) 

262 
(11.0%) 

354 
(16.3%) 

Hypertension 
N % 

752 
(41.1%) 

843 
(55.3%) 

1,143 
(42.3%) 

1,033 
(65.6%) 

359 
(47.4%) 

416 
(56.0%) 

3829 
(33.5%) 

1041 
(43.7%) 

1302 
(59.5%) 

Median CRP 
mg/L (SD) 

2.4 (6.4) 4.0 (8.5) 2.2 (5.8) 3.8 (7.4) 2.6 (7.5) 2.5 (8.7) 2.4 (6.0) 3.2 (6.8) 2.6 
(8.0) 

*Missing values may lead to percents that do not sum to expected values. 
**Composed of samples from ARIC, CHS, FHS, JHS, MESA, and WHI. 
Abbreviations: number (N); standard deviation(SD); body mass index (BMI); C-reactive Protein (CRP); European 
American (EA); African American (AA); Exome Sequencing Project (ESP); Cohorts for Hearth and Aging Research 
in Genomic Epidemiology (CHARGE); Framingham Heart Study (FHS), Coronary Heart Study (CHS); Women’s 
Health Initiative (WHI); Jackson Heart Study (JHS)
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Table S5. Characteristics of uniquely annotated variants (>=5 minor alleles represented 
in EA and/or AA) included in CHARGE-ESP single variant discovery analyses 
  
  AA EA AA+EA 
Variants  N  489,466 330,620  639,770 
Minor Allele 
Frequency <1% N   269,989  209,511  468,421 
 1-5% N  112,498  45,433  86,976 
 >5% N  106,979  75,676  84,373 
Annotation downstream N  2,950 1,983  3,726 
 exonic N 2,134 1,715   2,995 
 intergenic N  747  1,229  1,678 
 intronic N  239,117 152,721  304,241 
 nonsynonymous N  106,698  81,325  150,761 
 splicing N  649  572  1,010 
 stopgain N  1,182 1,122  1,959 
 stoploss N 97 60 129 
 synonymous N 98,528 65,133 125,741 
 upstream N 3,610 2,341 4,486 
 UTR 3’ N  18,264 12,141  23,841 
 UTR 5’ N 8,746  5,551  11,350 
 ncRNA_intronic N  4,306 3,021 4,969 
 ncRNA_exonic N  2,427 1,696  2,870 
 ncRNA_splicing N  11 10  14 

Abbreviations: Number (N); African American (AA); European American; untranslated region (UTR); 
noncoding RNA (ncRNA) 
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Table S6. Intronic Variants reaching exome wide significance (P<5x10-8) in the discovery 
sample 

Gene (hg19 
location); rsID 

Study 
Reported 
(GWAS 
variant) 

N (all,  
EA,  
AA) 

MAF 
(all,  
EA,  
AA) 

β (SE) P Het. 
I2 (P) β (SE) P Het. I2 

(P) β (SE) P Het. I2 
(P) 

CRP 
(chr1:159684186); 

rs1417938 

Ridker et al.3 
(same SNP) 

9159, 
6050, 
3109 

0.250, 
0.310, 
0.134 

0.11 
(0.018) 8.15x10-10 0 

(0.50) 
0.12 

(0.020) 7.27x10-09 0 (0.56) 0.086 
(0.039) 2.92x10-02 45.3 

(0.18) 

LEPR 
(chr1:66085574); 

rs3790439 

Elliott et al.2 
(rs6700896, 

r2=0.97, 
D’=1)  

3159, 
6050, 
3109 

0.431, 
0.371, 
0.451 

-0.095 
(0.016) 1.22x10-09 62.8 

(0.020) 
-0.10 

(0.019) 5.91x10-08 74.4 
(0.0084) 

-0.077 
(0.027) 4.04x10-03 0 (1) 

LEPR 
(chr1:66088701); 

rs12067936 

Elliott et al.2 
(proxy 

rs6700896, 
r2=0.97, D’=1 

3159, 
6050, 
3109 

0.432, 
0.367, 
0.450 

-0.092 
(0.016) 4.75x10-09 63.7 

(0.017) 
-0.10 

(0.019) 1.20x10-07 74.4 
(0.0084) 

-0.071 
(0.027) 7.54x10-03 0 (1) 

HNF1A 
(chr12:121426594); 

rs1169294 

Dehghan et 
al.1 

(rs1183910, 
r2=0.923, 
D’=0.961) 

9159, 
6050, 
3109 

0.266, 
0.321, 
0.157 

-0.111 
(0.018) 2.15x10-10 0 

(0.79) 
-0.121 
(0.020) 2.46x10-09 0 (0.84) -0.078 

(0.036) 3.16x10-02 0 
(0.53) 

HNF1A 
(chr12:121431300); 

rs1169301 

Ridker et al.3 
(rs1169300 , 
r2=1, D’=1) 

9159, 
6050, 
3109 

0.246, 
0.307, 
0.126 

-0.111 
(0.018) 9.2x10-10 0 

(0.79) 
-0.118 
(0.020) 5.10x10-09 0 (0.62) -0.086 

(0.04) 4.21x10-02 0 
(0.79) 

HNF1A 
(chr12:121434833); 

rs2259852 

Reiner et al.5 
(rs2259816 , 
r2=1, D’=1) 

5799, 
4218, 
1581 

0.307, 
0.369, 
0.143 

-0.123 
(0.021) 6.64x10-09 0 

(0.46) 
-0.129 
(0.023) 2.07x10-08 2.6 

(0.36) 
-0.088 
(0.053) 9.87x10-02 0 (1) 

HNF1A 
(chr12:121435475); 

rs2464195 

Reiner et al.5 
(rs2259816 , 
r2=1, D’=1) 

5799, 
4218, 
1581 

0.300, 
0.371, 
0.141 

-0.118 
(0.017) 4.54x10-09 0 

(0.76) 
-0.121 
(0.019) 3.48x10-10 0 (0.37) -0.094 

(0.053) 7.70x10-02 0 (1) 

HNF1A 
(chr12:121435587); 

rs2259816 

Reiner et al.5 
(same SNP) 

5799, 
4218, 
1581 

0.310, 
0.373, 
0.143 

-0.126 
(0.021) 2.56x10-09 0 

(0.51) 
-0.132 
(0.023) 9.99x10-09 0 (0.39) -0.094 

(0.053) 7.94x10-02 0 (1) 

HNF1A 
(chr12:121438844); 

rs735396 

Reiner et al.5 
(rs2259816 
proxy, r2=1, 

D’=1) 

9159, 
6050, 
3109 

0.282, 
0.354, 
0.141 

-0.124 
(0.018) 2.00x10-12 0 

(0.53) 
-0.131 
(0.020) 3.45x10-11 7.3 

(0.36) 
-0.095 
(0.038) 1.28x10-02 0 

(0.71) 

TOMM40 
(chr19:45396219); 

rs157582 
Not Reported 

9159, 
6050, 
3109 

0.299, 
0.209, 
0.474 

-0.136 
(0.018) 8.76x10-14 9 

(0.36) 
-0.167 
(0.023) 8.04x10-13 0 (0.73) -0.089 

(0.027) 4.84x10-04 0 
(0.99) 

TOMM40 
(chr19:45404431); 

rs741780 

Reiner et al5 
(rs1160985, 
r2=1, D’=1) 

9159, 
6050, 
3109 

0.493, 
0.441, 
0.367 

0.083 
(0.016) 1.31x10-07 65.5 

(0.013) 
0.046 

(0.019) 1.43x10-02 0 (0.70) 0.166 
(0.028) 3.48x10-09 0 

(0.50) 

Abbreviations: nonsynonymous (nSyn); synonymous (syn);minor allele frequency (MAF); Heterogeneity (Het. I2); European 
American (EA); African American (AA); Standard Error (SE); P-value (P); Beta (β); European American (EA); African 
American (AA);Standard Error(SE);P-value (P); Beta (β);reference SNP ID number (rsID)  
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Table S7. Cohort-specific estimates of effect variants reported in Tables 1, 2 and S4 
  ARIC (NAA=1581;NEA=2718) ESP (NAA=1528;NEA=1832) FHS (NEA=757) CHS (NEA=743) 

Name Gene 
(function) 

AA β 
(SE) AA P EA β 

(SE) EA P AA β 
(SE) AA P EA β 

(SE) EA P EA β 
(SE) EA P EA β 

(SE) EA P 

chr1:154426970 IL6R (nSyn) -0.052 
(0.058) 3.70E-01 -0.131 

(0.028) 
2.49E-

06 
-0.122 
(0.055) 

2.65E-
02 

-0.129 
(0.037) 4.43E-04 -0.117 

(0.056) 
3.68E-

02 
-0.094 
(0.052) 

7.21E-
02 

chr1:159683438 CRP (Syn) -0.617 
(0.19) 1.15E-03 -0.286 

(0.058) 
7.12E-

07 
-0.539 
(0.188) 

4.18E-
03 

-0.219 
(0.073) 2.86E-03 -0.202 

(0.116) 
8.19E-

02 
-0.385 
(0.105) 

2.62E-
04 

chr1:159683814 CRP (nSyn) -2.247 
(1.036) 3.02E-02 -0.577 

(0.243) 
1.78E-

02 
-1.96 

(0.744) 
8.45E-

03 
-1.459 
(0.478) 2.26E-03 -0.715 

(0.473) 
1.30E-

01 <NA> <NA> 

chr1:159684186 CRP 
(noncoding) 

0.138 
(0.055) 1.23E-02 0.133 

(0.029) 
4.48E-

06 
0.032 

(0.056) 
5.69E-

01 
0.121 

(0.038) 1.57E-03 0.114 
(0.06) 

5.57E-
02 

0.039 
(0.059) 

5.16E-
01 

chr1:66085574 LEPR 
(noncoding) 

-0.05 
(0.038) 1.80E-01 -0.073 

(0.028) 
9.07E-

03 <NA> <NA> -0.194 
(0.037) 1.71E-07 -0.139 

(0.056) 
1.28E-

02 
0.007 

(0.054) 

  

  
9.00E-

01 

chr1:66088701 LEPR 
(noncoding) 

-0.038 
(0.038) 3.09E-01 -0.07 

(0.028) 
1.39E-

02 <NA> <NA> -0.193 
(0.037) 2.25E-07 -0.139 

(0.056) 
1.27E-

02 
0.005 

(0.054) 
9.24E-

01 

chr1:66102257 LEPR (Syn) -0.084 
(0.037) 2.46E-02 -0.073 

(0.028) 
9.79E-

03 <NA> <NA> -0.183 
(0.037) 5.58E-07 -0.152 

(0.056) 
6.42E-

03 
-0.003 
(0.054) 

9.49E-
01 

chr12:121416622 HNF1A 
(Syn) 

-0.033 
(0.04) 4.04E-01 -0.102 

(0.027) 
1.81E-

04 <NA> <NA> <NA> <NA> -0.183 
(0.055) 

7.92E-
04 

-0.156 
(0.053) 

3.15E-
03 

chr12:121416650 HNF1A 
(nSyn) 

-0.052 
(0.058) 3.67E-01 -0.107 

(0.029) 
2.19E-

04 <NA> <NA> <NA> <NA> -0.155 
(0.057) 

6.45E-
03 

-0.101 
(0.055) 

6.85E-
02 

chr12:121426594 HNF1A 
(noncoding) 

-0.055 
(0.052) 2.87E-01 -0.108 

(0.03) 
3.30E-

04 
-0.101 
(0.051) 

4.71E-
02 

-0.123 
(0.038) 1.11E-03 -0.16 

(0.058) 
6.14E-

03 
-0.149 
(0.058) 

9.78E-
03 

chr12:121431300  HNF1A 
(noncoding) 

-0.075( 
0.056) 1.77E-01 -0.101 

(0.03) 
8.10E-

04 
-0.097 
(0.057) 

8.93E-
02 

-0.102 
(0.038) 6.79E-03 -0.16 

(0.058) 
5.91E-

03 
-0.166 
(0.055) 

2.73E-
03 

chr12:121434833 HNF1A 
(noncoding) 

-0.088 
(0.053) 9.87E-02 -0.105 

(0.028) 
2.17E-

04 <NA> <NA> <NA> <NA> -0.177 
(0.058) 

2.21E-
03 

-0.173 
(0.054) 

1.24E-
03 

chr12:121435342 HNF1A 
(Syn) 

-0.065( 
0.056) 2.44E-01 -0.101 

(0.03) 
6.26E-

04 
-0.069 
(0.059) 

2.41E-
01 

-0.121 
(0.038) 1.56E-03 -0.168 

(0.058) 
3.77E-

03 
-0.153 
(0.055) 

5.09E-
03 

chr12:121435427 HNF1A 
(nSyn) 

-0.061 
(0.056) 2.76E-01 -0.098 

(0.03) 
9.46E-

04 
-0.081 
(0.058) 

1.64E-
01 

-0.108 
(0.039) 4.93E-03 -0.158 

(0.058) 
6.46E-

03 
-0.152 
(0.055) 

5.30E-
03 

chr12:121435475 HNF1A 
(noncoding) 

-0.094 
(0.053) 7.94E-02 -0.106 

(0.028) 
2.00E-

04 <NA> <NA> <NA> <NA> -0.176 
(0.057) 

2.01E-
03 

-0.171 
(0.053) 

1.33E-
03 

chr12:121435587 HNF1A 
(noncoding) 

-0.094 
(0.053) 7.94E-02 -0.109 

(0.028) 
1.28E-

04 <NA> <NA> <NA> <NA> -0.176 
(0.057) 

2.01E-
03 

-0.173 
(0.053) 

1.20E-
03 

chr12:121438844 HNF1A 
(noncoding) 

-0.081 
(0.053) 1.30E-01  -0.115 

(0.029) 
7.18E-

05 
-0.109 
(0.054) 

4.46E-
02 

-0.107 
(0.036) 3.26E-03 -0.188 

(0.057) 
1.04E-

03 
-0.203 
(0.058) 

5.10E-
04 

chr19:45395714 TOMM40 
(Syn) 

-0.097 
(0.038) 9.68E-03 -0.186 

(0.033) 
1.57E-

08 
-0.089 
(0.038) 

1.99E-
02 

-0.162 
(0.044) 2.20E-04 -0.115 

(0.07) 
9.81E-

02 
-0.11 

(0.073) 
1.32E-

01 

chr19:45396144 TOMM40 
(Syn) 

0.013 
(0.056) 8.21E-01 -0.202 

(0.038) 
9.47E-

08 
-0.051 
(0.056) 

3.68E-
01 

-0.176 
(0.052) 6.77E-04 -0.13 

(0.086) 
1.31E-

01 
-0.145 
(0.087) 

9.36E-
02 

chr19:45396219 TOMM40 
(noncoding) 

-0.089 
(0.038) 1.80E-02 -0.189 

(0.033) 
1.15E-

08 
-0.09 

(0.039) 
2.14E-

02 
-0.15 

(0.045) 8.59E-04 -0.111 
(0.07) 

1.14E-
01 

-0.145 
(0.07) 

3.80E-
02 

chr19:45397307 TOMM40 
(Syn) 

-0.424 
(0.096) 9.69E-06 -0.159 

(0.085) 
6.03E-

02 
-0.304 
(0.102) 

2.84E-
03 

-0.365 
(0.11) 9.36E-04 -0.445 

(0.175) 
1.10E-

02 
-0.303 
(0.17) 

7.44E-
02 

chr19:45404431 TOMM40 
(noncoding) 

0.185 
(0.04) 3.90E-06 0.025 

(0.028) 
3.63E-

01 
0.147 
(0.04) 

2.48E-
04 

0.064 
(0.035) 6.96E-02 0.087 

(0.055) 
1.09E-

01 
0.044 

(0.052) 
4.01E-

01 

chr19:45411941 APOE 
(nSyn) <NA> <NA> <NA> <NA> -0.24 

(0.049) 
7.03E-

08 
-0.31 

(0.058) 1.52E-06 <NA> <NA> <NA> <NA> 

Abbreviations: nonsynonymous (nSyn); synonymous (syn);minor allele frequency (MAF); Heterogeneity (Het. I2); European American (EA); African American (AA); Standard Error (SE); P-value 
(P); Beta (β); reference SNP ID number (rsID)  
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Table S8. Conditional Analysis of rs77832441 with reported GWAS variants in ESP and Exome 
Array EA samples 
 rs77832441 without 

adjustment for 
reported CRP 

variants 

rs77832441 with 
adjustment for 
reported CRP 

variants  

Sample 

CRP-
associated 
variants in 

dataset 

N β (SE) P β (SE) P 

ESP EA rs1417938, 
rs180947 

1,832 -1.46 
(0.48) 

2.24x10-03 -1.57 
(0.47) 

9.11x10-04 

Exome 
Array 
EA 

rs3093059  11,414 -0.90 
(0.11) 

3.00x10-15 -0.88 
(0.11) 

5.97x10-15 

Abbreviations: European American (EA); African American (AA); Standard Error (SE); P-value (P); Beta (β) 
 
Table S9.  CEU 1000 genomes panel estimates of linkage disequilibrium between reported 
Genome Wide Association Study common polymorphisms and rs77832441 from SNAP pairwise 
LD query 

Novel 
variant 

Reported 
common 
variant 

Distance r2 D' 

rs77832441 rs3116636 2669 0.02 1 
rs77832441  rs3122012 5509 0.019 1 
rs77832441  rs1417938 372 0.018 1 
rs77832441  rs3091244 851 0.017 1 
rs77832441  rs3116656 8558 0.017 1 
rs77832441  rs3116653 13096 0.017 1 
rs77832441  rs3116651 14671 0.017 1 
rs77832441  rs12093699 35826 0.017 1 
rs77832441  rs2592887 30875 0.006 1 
rs77832441  rs2027471 5574 0.004 1 
rs77832441  rs1205 1581 0.003 1 
rs77832441  rs2794520 4998 0.003 1 
rs77832441  rs7553007 14735 0.003 1 
rs77832441  rs12744244 36158 0.002 1 
rs77832441  rs3093059 1322 0.001 1 
rs77832441  rs3093068 2450 0.001 1 
rs77832441  rs3093075 3901 0.001 1 
rs77832441  rs12068753 8723 0.001 1 
rs77832441  rs11265260 16225 0.001 1 
rs77832441  rs1800947 376 0 1 
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Table S10. Gene-based test results reaching candidate gene level significance (P< 2.0x10-3) 

 Discovery Replication 
Test 

(MAF) Analysis Gene P (EA) P (AA) P (EA+AA) P (EA) P (AA) 
T1 

(≤1%) 
Candidate 

Gene CRP 6.80x10-04 1.05x10-03 2.36x10-06 2.54x10-14 5.07x10-01 
SKAT 
(≤5%) 

Candidate 
Gene CRP 1.71x10-04 5.97x10-02 3.37x10-06 3.21x10-15 6.46x10-01 

SKAT 
(≤5%) 

Candidate 
Gene RORA 8.34x10-01 1.73x10-03 7.76x10-02 2.79x10-01 6.22x10-02 

Abbreviations: European American (EA); African American (AA); Standard Error (SE); P-value (P); Beta (β); 
Sequence Kernel Association Test (SKAT); burden (T1) 
 
Table S11. Gene-based test results for the CRP Genome Wide Association Study loci 

  SKAT (MAF<5%) T1 (MAF<1%) 
Gene P (EA) P (AA) P (EA+AA) P (EA) P (AA) P (EA+AA) 

APOC1 0.768 0.242 0.648 0.667 0.463 0.645 
APOE 0.088 0.236 0.109 0.018 0.074 0.004 
ASCL1 0.725 0.1 0.318 0.545 0.875 0.572 
BCL7B 0.977 0.412 0.871 0.509 0.321 0.925 

CRP 1.71 x10-4 0.06 3.37 x10-6 6.80 x10-4 1.05 x10-5 2.36 x10-6 
DOCK4 0.369 0.554 0.322 0.823 0.346 0.492 
FAM13C 0.795 0.895 0.96 0.327 0.748 0.805 

GCKR 0.169 0.37 0.114 0.563 0.371 0.948 
HNF1A 0.04 0.013 0.015 0.661 0.035 0.316 
HNF4A 0.008 0.144 0.003 0.886 0.344 0.932 
IL1F10 0.579 0.214 0.61 0.344 0.028 0.065 
IL1RN 0.71 0.132 0.201 0.854 0.302 0.394 

IL6 0.706 0.59 0.371 0.653 0.506 0.241 
IL6R 0.283 0.45 0.739 0.929 0.709 0.501 
LEPR 0.647 0.614 0.69 0.509 0.466 0.284 

NLRP3 0.682 0.274 0.597 0.489 0.112 0.147 
PABPC4 0.887 0.324 0.547 0.913 0.098 0.171 
PPP1R3B 0.854 0.925 0.854 0.923 0.141 0.411 
PSMG1 0.864 0.085 0.239 0.524 0.019 0.181 
RGS6 0.439 0.299 0.465 0.314 0.23 0.936 
RORA 0.834 1.73 x10-3 0.078 0.688 0.15 0.618 
SALL1 0.427 0.006 0.043 0.308 0.749 0.042 

SLC1A3 0.733 0.056 0.135 0.216 0.419 0.178 
TOMM40 0.28 0.566 0.535 0.678 0.261 0.264 
TREM2 0.284 0.566 0.448 0.456 0.868 0.406 

Abbreviations: European American (EA); African American (AA); Standard Error (SE); P-value (P); Beta (β); 
Sequence Kernel Association Test (SKAT); burden (T1)
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Table S12. Summary of previously reported CRP alleles  

SNP 
Genomic 
Context 

A1/ 
A2  

Location 
(hg19) 

CEU tagSNP 
(r2) YRI tagSNP (r2) 

1000 Genomes 
MAF CEU/YRI 
(Allele) 

Effect 
EA 

Effect 
AA 

rs3116653 intergenic G*/C 1: 159698485 
rs3116653 
(Same SNP) 

rs3116653 (Same 
SNP) 

33%(G) / 
1.7%(G) ↑ NR 

rs3116656 intergenic C*/T 1: 159692372 
rs3116653 
(0.96) rs3116653 (1) 

33%(C) / 
1.7%(C) ↑ NR 

rs3116651 intergenic A*/G 1: 159698485  
rs3116653 
(0.96) NA 33%(A) / NA ↑ NR 

rs1417938 intronic A*/T 1: 159684186 
rs3116653 
(0.93) 

rs1417938 (Same 
SNP) 

32%(A) 
/6.8%(A) ↑ NR 

rs3122012 intergenic C*/T 1: 159689323 
rs3116653 
(0.89) rs1417938 (0.71) 

31%(C)/ 
9.3%(C) ↑ NR 

rs3116636 intergenic T*/C 1: 159686483 
rs3116653 
(0.86) rs1417938 (1) 

30%(T) / 
6.8%(T) ↑ NR 

rs12744244 Intergenic A*/C 1: 159647656 
rs3116653 
(0.47) NA 19.2%(A) / NA ↑ NR 

rs12093699 Intergenic A*/G 1: 159647988  
rs12093699 
(Same SNP) rs12068753 (0.37) 

33%(A) / 
34%(A) ↑ NR 

rs12068753 Intergenic A*/T 1: 159692537 
rs12068753 
(Same SNP) 

rs12068753 (Same 
SNP) 

6.7%(A) / 
42%(A) ↑ NR 

rs3093075 intergenic A*/C 1: 159679913 rs12068753 (1) rs12068753 (0.66) 
6.7%(A) / 
34%(A) ↑ NR 

rs3093068 downstream G*/C 1: 159681364 rs12068753 (1) rs16827466 (1) 
6.7%(G) / 
28%(G) ↑ NR 

rs3093059 upstream C*/T 1: 159685136 rs12068753 (1) rs12068753 (0.70) 
6.7%(C) / 
33%(C) ↑ NR 

rs11265260  Intergenic G*/A 1: 159700039 rs12068753 (1) NA 
6.7%(G) / 
7.6%(G) ↑ NR 

rs1205 Intergenic T*/C 1: 159682233 
rs1205 (Same 
SNP) 

rs1205 (Same 
SNP) 

29%(T) / 
15%(T) ↓ NR 

rs2794520 intergenic T*/C 1: 159678816 rs1205 (1) rs1205 (0.74) 
29%(T) / 
20%(T) 

↓ 
↓ 

rs7553007 intergenic A*/G 1: 159698549 rs1205 (1) rs1205 (0.67) 
29%(A) / 
21%(A) 

↓ 
NR 

rs2027471 Intergenic A*/T 1: 159689388 rs1205 (0.96) rs1205 (0.71) 
30%(A) / 
20%(A) 

↓ 
NR 

rs2592887 Intergenic A*/G 1: 159652939 rs1205 (0.62) rs12093699 (0.41) 
40%(A) / 
53%(A) 

↓ 
NR 

rs16827466 
(merged with 
rs10494326 ) intergenic T*/C 1: 159649700 NA 

rs16827466 (Same 
SNP) NA / 18.6% (T) NR ↑ 

rs1800947 synonymous C*/G 1: 159683438 NA NA 
4.2%(C) / 
0%(C) ↓ NR 

rs3091244 upstream 
A*/G/
T* 1: 159684665 NA rs12068753 (0.74) 

33%(T) / 
33%(A) ↑ NR 

*=minor allele, NA= not in 1000 Genomes for proxy or not in HapMap 
Abbreviations: Minor Allele Frequency (MAF); European American (EA); African American (AA); Single 
Nucleotide Polymorphism (SNP)
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Supplementary Figures 
Figure S1. Quantile-quantile Plots of observed and expected –log10(P) for all variants included 
in: A) single variant, B) T1, and C) SKAT tests. 

 
 
 
 

 

 

 

 



	
  

	
   127	
  

Figure S2. Comparison of Coronary Artery Risk Development in Young Adults CRP levels 
(mg/L) among Thr59Met carriers of the reference (blue) and carriers of the alternative allele 
(red) with polyclonal and monoclonal detection assays.  

 

Figure S3. Graphical display of discovery sample power calculations based on N= 6050, the 
sample size of EA included in our study. 
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