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Abstract
Implementing precision medicine for complex diseases such as chronic obstructive lung
disease (COPD) will require extensive use of biomarkers and an in-depth understanding of
how genetic, epigenetic, and environmental variations contribute to phenotypic diversity
and disease progression. A meta-analysis from two large cohorts of current and former
smokers with and without COPD [SPIROMICS (N = 750); COPDGene (N = 590)] was used
to identify single nucleotide polymorphisms (SNPs) associated with measurement of 88
blood proteins (protein quantitative trait loci; pQTLs). PQTLs consistently replicated
between the two cohorts. Features of pQTLs were compared to previously reported expression QTLs (eQTLs). Inference of causal relations of pQTL genotypes, biomarker measurements, and four clinical COPD phenotypes (airflow obstruction, emphysema, exacerbation
history, and chronic bronchitis) were explored using conditional independence tests. We
identified 527 highly significant (p < 8 X 10−10) pQTLs in 38 (43%) of blood proteins tested.
Most pQTL SNPs were novel with low overlap to eQTL SNPs. The pQTL SNPs explained
>10% of measured variation in 13 protein biomarkers, with a single SNP (rs7041; p =
10−392) explaining 71%-75% of the measured variation in vitamin D binding protein (gene =
GC). Some of these pQTLs [e.g., pQTLs for VDBP, sRAGE (gene = AGER), surfactant protein D (gene = SFTPD), and TNFRSF10C] have been previously associated with COPD
phenotypes. Most pQTLs were local (cis), but distant (trans) pQTL SNPs in the ABO blood
group locus were the top pQTL SNPs for five proteins. The inclusion of pQTL SNPs
improved the clinical predictive value for the established association of sRAGE and emphysema, and the explanation of variance (R2) for emphysema improved from 0.3 to 0.4 when
the pQTL SNP was included in the model along with clinical covariates. Causal modeling
provided insight into specific pQTL-disease relationships for airflow obstruction and emphysema. In conclusion, given the frequency of highly significant local pQTLs, the large amount
of variance potentially explained by pQTL, and the differences observed between pQTLs
and eQTLs SNPs, we recommend that protein biomarker-disease association studies take
into account the potential effect of common local SNPs and that pQTLs be integrated along
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with eQTLs to uncover disease mechanisms. Large-scale blood biomarker studies would
also benefit from close attention to the ABO blood group.

Author Summary
Precision medicine is an emerging approach that takes into account variability in genes,
gene and protein expression, environment and lifestyle. Recent advances in high-throughput genome-wide genotyping, genomics, and proteomics coupled with the creation of
large, highly-phenotyped clinical cohorts now allows for integration of these molecular
data sets at the individual level. Here we use genome-wide genotyping and blood measurements of 88 biomarkers in 1,340 subjects from two large NIH-supported clinical cohorts
of smokers (SPIROMICS and COPDGene) to identify more than 300 novel DNA variants
that influence measurement of blood protein levels (pQTLs). We find that many DNA variants explain a large portion of the variability of measured protein expression in blood.
Furthermore, we show that integration of DNA variants with blood biomarker levels can
improve the ability of predictive models to reflect the relationship between biomarker and
disease features (e.g., emphysema) within chronic obstructive pulmonary disease (COPD).

Introduction
Implementing precision medicine will require extensive use of biomarkers and in-depth understanding of the contributions of genetic, epigenetic, and environmental variation to phenotypic
diversity and disease progression. Genome-wide association studies (GWAS) linking disease
phenotypes to single nucleotide polymorphic (SNP) markers have successfully identified genes
and pathways involved in complex phenotypes [1, 2]. GWAS are complemented by efforts of
functional studies, such as the Genotype-Tissue Expression (GTEx) program [3], which seek to
identify expression quantitative trait loci (eQTLs) linking SNP markers with mRNA expression
[4]. Such eQTLs can illuminate relationships between genetic variation and disease phenotypes. However, genetic variants can also affect protein levels by mechanisms not detectable by
eQTL analyses by altering post-transcriptional processes involving stability, translation, secretion and/or detection of the gene product. Few studies have been focused on the impact of
genetic variation on large numbers of protein biomarkers in chronic diseases. However, the
recent work in Battle et al., [5] suggests that variants affecting gene expression and protein level
may be distinct, so identifying the genetic features that affect protein variation [protein quantitative trait loci (pQTLs)] and gene expression for disease-relevant biomarkers will be
important.
To investigate the role of genetic variation on blood biomarkers and their relationship to a
chronic disease, we examined genotyping-biomarker-clinical phenotype relationships in two
independent, large, well-characterized cohorts of subjects at risk for chronic obstructive lung
disease (COPD): Sub-Populations and InteRmediate Outcome Measures in COPD Study
(SPIROMICS) [6] and COPDGene [7]. COPD is the third most common cause of death in
developed countries [8] and has strong demographic (age, gender) and behavioral (e.g.,
smoking) risk factors, yet most smokers do not develop clinically important lung disease.
Furthermore, COPD has several clinically important, but highly variable, phenotypes including extent and progression of airflow obstruction, loss of lung tissue (emphysema), frequent
cough and sputum production (chronic bronchitis) and exacerbations. There have been many
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publications that have examined the relationship between blood biomarkers and these COPD
phenotypes [9]. These biomarkers include both non-specific markers of inflammation (e.g., fibrinogen, C reactive protein, interleukin 6) as well as lung specific proteins (e.g., surfactant protein D,
club cell 16) and other proteins [e.g., soluble receptor for advanced glycosylation endproducts
(sRAGE), chemokine (C-C motif) ligand 18 (CCL18), and adiponectin]. Many of these biomarker
studies have been replicated in independent cohorts and nearly all studies used antibody-based
assays. The SPIROMICS and COPDGene biomarker efforts included many of these biomarkers
as well as additional novel understudied biomarkers (S1 Table). Although some recent publications suggest that there may be important genetic associations for some blood protein measurements [10], there have been no studies that use multiple independent populations for large scale
blood biomarkers, nor are there extensive evaluations on how the SNP-biomarker relationship
influences prediction of disease phenotype. Because both SPIROMICS and COPDGene have
complete genotyping data, some transcriptomic data, an identical panel of a large number of
blood biomarkers, and extensive well-phenotyped clinical data, there is a unique opportunity to
identify novel pQTLs and explore their influence on biomarker-disease relationships for COPD
and its disease phenotypes.

Materials and Methods
Ethics statement
Written informed consent was received from all subjects. Collection and use of subject information and samples was approved at each clinical center (see S1 File) with the main approval
from the IRB at National Jewish Health (HS-1883a) and the IRB at the University of North
Carolina at Chapel Hill (10–0048)

Study design, COPD phenotypes, and cohorts
Study design. This study reports a meta-analysis from two large cohorts of current and
former smokers with and without COPD: SPIROMICS (ClinicalTrials.gov Identifier: NCT0
1969344) [6] and COPDGene (ClinicalTrials.gov Identifier: NCT00608764) [7]. For the present study, we analyzed non-Hispanic white (NHW) subjects who had both genotype and biomarker data. Although both of these large studies contain subjects of multiple ethnicities,
because COPDGene only has the biomarkers used in this work measured on a NHW subset,
the study population for SPIROMICS was also limited to NHW subjects. The selection of subjects accommodated the meta-analysis design chosen for the present work.
COPD phenotypes. For both studies, COPD was defined by spirometric evidence of airflow obstruction [post-bronchodilator forced expiratory volume at one second (FEV1)/forced
vital capacity (FVC) <0.70], with severity defined as: mild or moderate (FEV1 >50% predicted) or severe (FEV1 50% predicted). Chronic bronchitis was defined as self-reported
chronic cough and sputum for at least three months in each of the two years prior to baseline.
Emphysema was quantified by percent of lung voxels -950 Hounsfield Units (% low attenuation areas: %LAA) on the full inspiratory CT scans. Exacerbations were defined as acute worsening of respiratory symptoms requiring treatment with oral corticosteroids and/or antibiotics,
emergency room visit, or hospital admission [11].
Cohort description, SPIROMICS. Written informed consent was received from all subjects. Collection and use of subject information and samples was approved at each clinical center (see http://www2.cscc.unc.edu/spiromics/site-listing and S1 File) with the main approval
from the IRB at the University of North Carolina at Chapel Hill (10–0048). Subjects were
recruited into SPIROMICS in four strata [never smokers (stratum 1), smokers (20 packs/
year) without COPD (stratum 2), smokers with mild/moderate COPD (stratum 3), smokers
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with severe COPD (stratum 4)] ([6] and http://www.spiromics.net). The data presented represents a 2012 interim analysis of baseline blood biomarkers and SNP genotyping. For the current study, only samples available at the time that the biomarker assays were conducted were
used and these represent the first recruited subset of NHW SPIROMICS subjects. DNA from
an overlapping, but not identical, subset of Stratum 2, 3, and 4 subjects was genotyped, and the
overlapping subject data with both biomarker and genotype data were utilized. Investigator
Dataset Release 3 (INV3), representing the first 1801 enrolled subjects, was utilized for capture
of the clinical and demographic variables. Blood collection procedures (EDTA plasma and
serum) at the baseline visit have been described [12].
Cohort description, COPDGene. Written informed consent was received from all subjects. Collection and use of subject information and samples was approved at each clinical center (see http://www.copdgene.org/locations and S1 File) with the main approval from the IRB
at National Jewish Health (HS-1883a). This multi-center study of the genetic epidemiology of
COPD enrolled 10,192 NHW and African-American individuals, aged 45–80 years with 10
pack-year smoking history and no exacerbation for >30 days [7]. The clinical dataset
Final10000_Dataset_12MAR13 was used for the analysis, which represents the complete baseline dataset. Fresh frozen plasma was collected from 1839 non-fasting subjects (1599 NHW
and 240 non-Hispanic Black) using a P100 tube (BD) at five COPDGene sites [National Jewish
Health (N = 916), University of Iowa (N = 670), Los Angeles Biomedical Research Institute
(N = 202), Temple University (N = 36), and Baylor Medical Center (N = 15)]. A subset of 602
NHW subjects was selected for comprehensive biomarker study as described [13]. The subset
was selected to include a range of COPD severities from none to severe COPD. Of the 602 subjects, 590 had genome-wide genotyping, and the overlapping subjects were utilized for this
study. The COPDGene data described in this manuscript is available through dbGaP
phs000179.v4.p1 as well as GEO (accession GSE42057).

Biomarker levels
114 candidate blood biomarkers (S1 Table) were initially evaluated using custom 13-panel
multiplex assays (Myriad-RBM, Austin, TX). The 13-panel multiplexes were primarily selected
because they contained at least one biomarker with known or putative links to COPD pathophysiology [12, 13]. Any analytes measured in addition to the pre-selected biomarkers were
intended to be utilized for discovery purposes. Although reports of general assay performance
are beyond the scope of the present work, details of a pilot study using the SPIROMICS samples on these assays is available that describes the coefficient of variation and reliability estimates for a majority of the analytes measured [12]. Details of the ability of the panels to detect
the analyte above background [the lower limit of quantification (LLOQ)] are provided for both
studies (S1 Table). Assay performance across the two cohorts was highly similar. Reproducibility of the platform was assessed for selected biomarkers (S1 Fig) using a subset of COPDGene
subjects: for sRAGE using Quantikine human RAGE ELISA kit (R&D Systems, Minneapolis,
MN) as previously described [14]; CRP (Roche Diagnostics, Mannheim, Germany) and fibrinogen (K-ASSAY fibrinogen test, Kamiya Biomedical Co., Seattle, WA, USA) levels were measured using immunoturbidometric assays as previously described [15]; surfactant protein D
using colorimetric sandwich immunoassay method (BioVendor, Heidelberg, Germany) as previously described [16]. Additionally, serum from 63 SPIROMICS subjects who were either GG
(N = 27) or TT (N = 36) at rs7041 were analyzed using a monoclonal antibody assay from
R&D (Quanitkine ELISA kit) at the Clinical Research Unit Core Laboratory at Johns Hopkins.
Polyclonal vitamin D binding protein measurements (ALPCO, Salem, NH) were performed in
the same SPIROMICS subjects.
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Genotyping
SPIROMICS. This is the first reported use of SPIROMICS genotype data derived from
OmniExpress plus Exome GeneChip (Illumina; San Diego, CA). The data presented utilizes a
subset of SPIROMICS samples (in database release 1; n = 1143) in which we obtained Illumina
OmniExpress plus Exome GeneChip genotypes. The cell lysate for DNA extraction was prepared at the clinical sites as per the SPIROMICS protocol, shipped to the UNC Biospecimen
Processing Center for DNA extraction, and then provided to the Wake Forest Genotyping
Core, where the DNA was hybridized to the chips.
For the present analysis, DNA hybridization was followed by several quality control steps,
which were carried out in PLINK (http://pngu.mgh.harvard.edu/purcell/plink/) [17]. First,
samples were evaluated for genetic versus reported/recorded sex, leading to removal of 5 samples due to discrepancy. Second, duplicated and/or related individuals were identified (7 pairs
of related individuals were discovered with PI_HAT values > 0.1949). For these related individuals, the sample from the pair with the higher missing rate of genotype data was removed.
After these clean up steps, principal component analysis (PCA) was conducted using common
SNPs (N = 108,318) to identify individuals of divergent ancestry. HapMap3 populations (CEU
—Utah residents with Northern and Western European ancestry from the CEPH collection;
CHB—Han Chinese in Beijing, China; JPT—Japanese in Tokyo, YRI—Yoruba in Ibadan, Nigeria) were utilized in the ancestry analysis. For the cohort in the current analysis, we confirmed
subject self-report as NHW by PCA. Of the genotyped samples, 856 were identified as NHW.
From this subset, 761 were also evaluated in the biomarker dataset, and 11 of these subjects
were dropped from the final dataset due to missing covariate values for these subjects. The
final number utilized in these analyses was 750 NHW SPIROMICS subjects.
For SPIROMICS, missing genotype data rates were calculated, and SNPs with missing rate
greater than 0.05 or minor allele frequency (MAF) < 0.01 were removed (2724 SNPs removed
due to missing rate >0.05 and 225917 SNPs with MAF < 0.01 were removed). A Hardy Weinberg test statistic was calculated for each SNP and a test significance threshold of 0.001 was
used to filter SNPs. Genotype principal components (PC’s) were then calculated after regressing out covariates site, age, gender, body mass index, smoking pack years, and current smoking
status. Eigenvalues were calculated on the PCs to provide guidance for determining the number
of genotype PCs to include in the final model (S2 Fig).
COPDGene. COPDGene subjects were of self-reported NHW or African-American
ancestry, and genotyped using the HumanOmniExpress array (Illumina) [18]. Details on the
processing of the COPDGene genotype data have been reported [18]. Briefly, genotyping was
performed using the HumanOmniExpress array, and BeadStudio quality control, including
reclustering on project samples was performed following Illumina guidelines. Subjects and
markers with a call rate of < 95% were excluded. Population stratification exclusion and
adjustment on self-reported white subjects was performed using EIGENSTRAT (EIGENSOFT
Version 2.0).

Statistical analysis
General features/overview. To accommodate the meta-analysis structure, statistical analysis was conducted separately within each study cohort followed by combined p-values metaanalysis. Regression analyses with covariates and genotype principal components were used to
determine association of SNPs with analyte levels (pQTLs) [17]. Linear regression was used to
identify pQTLs when percent of measurable values for the analyte was above 90%; otherwise
the tobit model (also called the censored regression model) [19] was used. The set of independent pQTLs per analyte were identified using forward regression. Causal relations of SNP
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genotype, analyte levels, and disease phenotypes (e.g., chronic bronchitis, emphysema, exacerbation history, or airflow obstruction) were inferred by a conditional dependence testing
approach that has been used in previous eQTL studies. Specific details of these analyses are
provided below.
Handling of samples below LLOQ. Within each study (SPIROMICS and COPDGene),
for each analyte, any measured values < LLOQ were imputed as half of LLOQ. LLOQ values
specific to these assay runs were provided by Myriad-RBM. Then all measured values of each
analyte were normalized by normal quantile transformation, as this type of rank-based transformation can effectively remove possible bias due to outliers or skewed distributions [20].
Regression analyses were conducted to determine the association of SNPs with analyte levels
using the following criteria:
1. No analysis was conducted on analytes that had >90% of measurements <LLOQ. This criteria removed 28 analytes from the analysis.
2. Linear regression was conducted on analytes in which <10% of measurements < LLOQ.
3. For analytes with 10–90% of measured values <LLOQ, a censored regression (tobit) model
was used (implemented using the censReg package in R). Because the data had first been
normal quantile transformed, the normal distribution assumption of tobit model was automatically satisfied. The truncation value of tobit model was set as the minimum value above
LLOQ (normal quantile transformation) minus a small constant (10−10). When such a biomarker is used as covariate for the Conditional Dependence analysis described below, values
below the LLOQ for that biomarker were set to the conditional expectation [21].
Calculating pQTLs. In SPIROMICS, the following covariates were used for pQTL mapping (either linear or tobit model): genotype PC1, biomarker PC1, sites, sex, age, BMI, smoking
pack years, current smoker status (0/1). In COPDGene, the following covariates were used for
pQTL mapping (either linear or tobit model): genotype PC1—PC5, sites, sex, age, BMI, smoking pack years and current smoker status (0/1). We took this approach based on an initial PC
analysis of the biomarker data across subjects from both cohorts. The model for SPIROMICS,
but not COPDGene, included a biomarker principal component (PC1). (S2 Fig). For COPDGene, the first biomarker principal component was highly correlated with the other covariates
(sex, age, BMI, etc.). By contrast, in SPIROMICS, the first biomarker PC was not associated
with any of the covariates, indicating that there was additional structure in the data that needed
to be adjusted for by including biomarker PC1; subsequent PCs were not included because
they were either associated with other covariates or explained only a relatively small percentage
of the variability. All pQTL analysis was performed by either PLINK (v 1.9; http://pngu.mgh.
harvard.edu/~purcell/plink/, for linear regression) or censReg function of R package censReg
(for tobit model).
We conducted meta-analysis combining the results of SPIROMICS and COPDGene studies
using Stouffer's Z-score method adjusting for direction of effect. Specifically, let F and F-1 be
cumulative distribution function (CDF) and inverse CDF of standard normal distribution. Let
β1 and β2 be the regression coefficients from COPDGene and SPIROMICS studies, respectively,
and let p1 and p2 be the corresponding p-values from COPDGene and SPIROMICS studies,
respectively. Then the combined Z-statistic and meta p-value weighted by the sample sizes of
pﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃ pﬃﬃﬃﬃﬃ
the respective study is Z ¼ ð n1 z1 þ n2 z2 Þ=ð n1 þ n2 Þ.
where z1 = sign(β1)|Φ−1(p1/2)| and z2 = sign(β2)|Φ−1(p2/2)|. Then, the meta-analysis p-value
is 2Φ(−|Z|).
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Recursive conditioning. The set of independent pQTLs per analyte were identified using
a forward regression approach. If K SNPs were associated with an analyte with p-values smaller
than 10−8, meta-p-values were calculated for each of the K-1 SNPs conditioning on the top
SNP identified from meta-analysis. The SNP with the smallest meta-p-value was considered as
an independent pQTL if the p-value < 0.05/(K-1), where 0.05/(K-1) was the p-value threshold
by Bonferroni correction. We applied this procedure iteratively until the smallest meta-p-value
was larger than 0.05/T, where T is the number of remaining SNPs.
Effect of blood cell counts on pQTLs. We also evaluated whether the pQTLs would be
significantly affected by the cellular composition of the blood. Complete cell counts were only
available for the SPIROMICS cohort, so we repeated the pQTL analysis adding cell counts of
neutrophil, lymphocyte, monocyte, eosinophil, basophil, red blood cells, and platelet as covariates in the models. For either all possible (SNP, analyte) pairs or only those pairs corresponding
to significant pQTLs, the concordance between the pQTL p-values with and without blood cell
counts as covariates were tested in SPIROMICS cohort, but not COPDGene, in which cell
counts were not available.
Studying causal relations by assessing (conditional) dependence. We adopted an
approach used in previous eQTL studies to infer causal relations of a trio of SNP, biomarker,
and disease phenotype. We assume any associations between SNP genotype and protein levels
or disease phenotypes implies a causal relation that SNP genotype alterations causes changes in
protein levels or disease phenotype. This is assumption can be justified by Mendelian Randomization, which argues that the passing of DNA alleles to offspring can be considered as a randomized experiment and causal relations can be inferred from the randomized experiment.
Such inference of causal relation by Mendelian Randomization is also consistent with our intuition that genetic variation causes molecular or phenotypic changes rather than vice versa.
Given this assumption on the causal relation between SNP and biomarker/disease phenotypes,
different models involving a SNP, a biomarker, and a disease phenotype can be distinguished
because these models encode different types of conditional independence information, and
thus have different likelihoods. This approach has been used in previous studies, implemented
by comparing different models based on their likelihoods [22, 23]. Later more rigorous statistical arguments have been established to compare different types of causal relations by testing
(conditional) dependence [24–27] or likelihood ratio test [28]. We adopted the approach of
testing (conditional) dependence in our study.
We seek to classify the relations of a trio of SNP, biomarker, and disease phenotype into five
categories: causal, reactive, independent, collide, and complete. Some trios may not fall into
any of these categories and they are classified as other. A causal model (SNP ! biomarker !
disease) would suggest a SNP’s effect on disease is mediated by a biomarker, and thus conditioning on that biomarker, SNP genotype is independent with disease. A reactive model (SNP
! disease ! biomarker) would suggest that a SNP’s effect on a biomarker is mediated by disease, and thus conditioning on disease, SNP genotype is independent with biomarker. In an
independent model (biomarker SNP ! disease), a pQTL SNP affects biomarker and disease
separately and given SNP genotype, disease is independent with biomarker. In a collide model
(SNP ! biomarker disease), the abundance of a biomarker is affected by a SNP as well as
disease, and there is no direct relation between the SNP and disease; however, SNP genotype
and disease are dependent with each other conditioning on the biomarker. The complete
model allows all possible relations of the three variable and each of the aforementioned models
can be derived from the complete model after adding certain constraints on dependence or
conditional dependence relation. The “collide” relationship is well known in graphical model
studies [29], however, previous eQTL studies did not explore this model because they focused
only on SNPs associated with disease phenotypes.
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To examine conditional dependence between a trio of SNP, biomarker, and disease phenotype, we performed a series of linear or logistic regressions with a continuous disease phenotype (emphysema or FEV1% predicted) or a binary disease phenotype (chronic bronchitis or
exacerbations) as response variable, as well as additional linear regression or tobit regression
with biomarker as response variable. We assessed the conditional dependence of two variables
by testing the hypothesis whether a slope parameter was 0. More specifically, we obtained pvalues for a particular test from both SPIROMICS and COPDGene studies and combined
them using the same meta-analysis approach used to calculate pQTLs (see above). Finally, we
say a slope parameter is different from 0 [i.e., (conditional) dependence] if the meta-p-value is
smaller than 0.01. A specific causal relation can be inferred based on a set of conditional dependence testing results.
For our eQTL analysis, this series of regressions were also fit using the trio for SNP, haptoglobin biomarker and haptoglobin gene expression to determine the conditional relationships.
In this case, the models were only fit on the 102 subjects from COPDGene having both biomarker and gene expression data.

Exploring pQTL features
pQTL features were characterized by: (1) Ensembl Variant Effect Predictor (VEP) [30]; (2)
GWAS catalog [31]; and (3) comparison with gene expression QTLs (eQTLs) using subset of
COPDGene blood microarrays [20, 32]. Details are provided below:
Variant effect predictor. We employed the Ensembl Variant Effect Predictor (VEP) tool
to examine the consequences and locations of SNPs, using the “most severe consequence per
variant” filter and genome version GRCh38.
GWAS catalog. The catalog of GWAS was obtained from NHGRI [31] containing 19,469
records (Feb 2015). For GWAS-pQTL SNP overlap, only unique entries by disease and publication were counted. Linkage disequilibrium (LD) information for the pQTL SNPs were obtained
from LocusZoom [33] or HaploReg [34].
Defining relationship between pQTLs and eQTLs. Biomarkers were first mapped to
gene identifiers and then to Affymetrix HGU133 plus 2 probe set symbols using Ensembl BioMart (www.ensembl.org/biomart). To examine biomarker-gene expression correlation, only
the 80 biomarkers with <10% of measurements below the LLOQ were used. On average, these
80 biomarkers were encoded by genes with 2–3 Affymetrix probesets each. Overall, 199 probe
sets were evaluated on n = 103 subjects with both gene expression and biomarker levels available for COPDGene. For the eQTL analysis, gene expression from all 131 NHW subjects from
[32] were used with the same model as the pQTL analysis. For the 38 biomarkers with significant pQTL, 75 probesets corresponding to the genes encoding the biomarkers were used for a
genome-wide eQTL analysis. The resulting eQTL were compared with the pQTL to identify if
the same pQTL SNP is associated with both gene expression and protein levels for the biomarker. However, due to the loss of power with the smaller sample size for gene expression
and to examine overall trends of variant effects for eQTL SNPs, we used a threshold of pvalue < 10−7. This is larger than the pQTL threshold but would still correspond to the genomewide significance threshold for local eQTL.

Results
Study subjects
Demographic and clinical characteristics of subjects from the SPIROMICS (n = 750) and
COPDGene (n = 590) cohorts, including disease phenotypes, are shown (Table 1; S3 Fig).
These NHW subjects were representative of NHWs in the parent cohorts (S2 Table).
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August 17, 2016

9 / 33

Blood Biomarker pQTLs in COPD

Table 1. Demographics of participants by cohort at study entry*.
SPIROMICS
Characteristic

Overall

Current or former
smokers without
COPD

COPDGene

Mild or
Moderate
COPD

Severe
COPD

Overall

Current or former
smokers without
COPD

Mild or
Moderate
COPD

Severe
COPD

No. of participants

750

206

367

177

590

242

150

198

Age

66.5 ± 7.9

65.1 ± 9.0

67.5 ± 7.4

66.1 ± 7.1

63.7 ±8.6

61.2 ± 8.4

65.1 ± 8.9

65.6 ± 7.8

Male gender (%)

408 (54)

89 (43)

222 (60)

97 (55)

304 (52)

120 (50)

75 (50)

109 (55)

Current Smoker
(%)

230 (31)

68 (33)

123 (34)

39 (22)

142 (24)

63 (26)

46 (31)

33 (17)

BMI

27.7 ± 5.0

28.3 ± 5.1

27.7 ± 5.0

26.8 ± 4.8

28.3 ± 5.6

29.0 ± 5.3

28.8 ±5.6

27.1 ± 5.6

Smoking pack-year 52.6 ± 24.4

45.2 ± 23.1

55.6 ± 25.5

54.9 ± 21.7

47.5 ± 26.6

38.2 ± 22.6

51.3 ± 27.7

55.7 ± 27.2

Emphysema (%)

8.7 ± 10.3)

1.9 ± 2.1

7.3 ± 7.4

19.6 ± 12.6

9.6 ± 11.8

2.3 ± 2.6

7.5 ±7.7

20.6 ±13.2

FEV1% predicted

71.0 ± 25.4

94.4 ± 13.7

75.0 ±15.8

35.7 ± 9.3

68.2 ± 29.8

98.1 ± 12.9

65.0 ±9.1

33.9 ± 10.3

FEV1/FVC

0.6 ±0.2

0.8 ±0.1

0.6 ±0.1

0.4 ±0.1

0.6 ± 0.2

0.8 ± 0.0

0.6 ± 0.1

0.4 ± 0.1

Exacerbations in
prior 12 mo.

0.3 ± 0.8

0.2 ± 0.6

0.2 ± 0.7

0.6 ± 1.1

0.6 ± 1.2

0.2 ± 0.6

0.7 ± 1.2

1.1 ± 1.4

Chronic Bronchitis
(%)

219 (29)

46 (22)

108 (29)

65 (37)

113 (19)

26 (11)

34 (23)

53 (27)

* means ± standard deviations.; BMI–body mass index; FEV1—forced expiratory volume at 1 second; FVC–forced vital capacity; Based on data retrieved
August 19, 2013 (SPIROMICS Investigator Dataset Release INV3) and March 12, 2014 (COPDGene); see methods for deﬁnition of COPD severity.
doi:10.1371/journal.pgen.1006011.t001

Identification of SNPs associated with blood biomarkers
At a significance level of 8 X 10−10 we identified 290 pQTLs in the SPIROMICS cohort and 182
pQTLs in the COPDGene cohort (S3 Table). Many of the pQTLs SNPs were replicated between
cohorts (Fig 1; S3 Table). Because of the similarity of the two studies in terms of sample size
and subject characteristics as well as good replication of pQTLs between these two studies, we
used a meta-analysis to increase power for finding pQTLs. Weighted meta-analysis identified
527 pQTL SNPs in 38 (44%) of the biomarkers (S4 Table) meeting genome-wide significance
with Bonferroni correction for multiple testing of SNPs and biomarkers (P <8 X 10−10; Fig 2).
The most significant independent pQTL SNP was rs7041 (P = 10−392) in GC (vitamin D binding protein—VDBP) on chromosome 4. Thirty-seven other biomarkers had significant pQTL
SNPs (Table 2); corresponding Manhattan plots, Q-Q plots, and LocusZoom plots are shown
for each individual analyte that had an associated pQTL (S4 Fig). Two or more independent
pQTL SNPs were identified in 26 of 38 biomarkers using recursive conditioning (S5 Table).
To determine whether pQTLs SNPs were local (cis) or distant (trans), we examined proximity of each SNP to its assigned biomarker gene. The majority (76%) of pQTL SNPs were local
(S5 Fig; S4 Table). However, distant pQTLs were observed for eleven biomarkers, and nine biomarkers had a distant pQTL SNP as their most significant pQTL (S2 Table). Five biomarkers
had their most significant pQTL SNPs (either rs687289 or rs507666) in the ABO blood group
locus on chromosome 9, which encodes alpha 1-3-N-acetylgalactosaminyltransferase, a major
determinant of ABO blood type. This SNP is in the same genetic region as other QTLs and disease associations reported from a wide variety of a sources, including metabolites from the
urine (Fig 3). An additional region on chromosome 19 contained distant pQTLs for more than
one biomarker (S4 Table). The pQTLs represented SNPs with a broad range of minor allele frequencies (MAF) with distributions of MAFs of pQTL SNPs similar to all SNPs studied (S6
Fig).
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Fig 1. Comparison of–log10 p values for pQTL SNPs in SPIROMICS and COPDGene cohorts. The–log10(P value) of each pQTL SNP
is plotted on the x-axis for COPDGene and the y-axis for SPIROMICS. 164 of 182 significant pQTLs in COPDGene were replicated in
SPIROMICS at a P < (0.05/182 to correct for multiple tests). 209 of 290 significant pQTLs in SPIROMICS were replicated in COPDGene at
a P < (0.05/290 to correct for multiple tests). See also S3 Table.
doi:10.1371/journal.pgen.1006011.g001

Using VEP, we found intronic SNPs to be the most represented pQTL SNP category (43%),
followed by intergenic variants (22%); however, missense variants showed the most significant
enrichment (P<10−12) compared to all SNPs on the genotyping platform (Fig 4). Importantly,
pQTLs were robust and concordant across the two source cohorts (S4 Table; S7 Fig).
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Fig 2. Genome wide associations between single nucleotide polymorphisms (SNPs) and blood biomarkers. Combined
Manhattan plots show pQTL SNPs by chromosomal location for 38 biomarkers with at least one SNP significant at genome wide
significance after adjustment for multiple testing (red line). The -10logP values are shown using results from a meta-analysis of both
SPIROMICS and COPDGene SNPs. The abbreviation for the biomarker associated with the pQTL SNP can be found in S1 Table.
doi:10.1371/journal.pgen.1006011.g002

Biologic significance of pQTL SNPs
Nine biomarkers had at least 10% of their variance explained by a single pQTL SNP in both
SPIROMICS and COPDGene (Fig 5). For example, a single local pQTL SNP (rs8192284 SNP in
IL6R) explained 45% of variance of plasma IL6R in SPIROMICS and 50% of this variance in
COPDGene, and a single distant pQTL SNP (rs507666 SNP in ABO) explained 25% of variance of
blood E-selectin (SELE) in SPIROMICS and 27% of variance in COPDGene (Fig 6). In many cases,
pQTL SNPs explained more variance in the quantitative biomarker than did clinical covariates.
To assess the novelty of these pQTL SNPs, we cross-referenced the unique 478 pQTL SNPs
we identified with SNPs associated with any published GWAS based on NHGRI GWAS catalog, including those related to COPD phenotypes or pulmonary function (n = 242). By these
criteria, 90% of pQTL SNPs were novel (P < 10−34; S4 Table), even after removing SNPs in
linkage disequilibrium [280 significant pQTL SNPs remained and, of those, 29 (10.4%) overlapped with at least one GWAS report (P < 10−20)].
We next evaluated whether pQTL SNPs were also eQTLs, by utilizing an overlapping dataset of peripheral blood mononuclear cell gene expression from COPDGene [32]. In this analysis, only COPDGene data were available, so results are limited to this dataset. Although there
were more positive correlations between gene expression and protein levels than expected by
chance (sign test P = 0.0009), the overall magnitudes of such correlations were low (S8 Fig),
and there was little overlap between pQTL and eQTL SNPs (Fig 7; S6 Table). Furthermore, as
previously shown, although both eQTL and pQTL SNPs were more likely to be intronic [20],
among those that were not, pQTL SNPs were more likely to be in 50 or 30 untranslated region
or to be missense SNPs, compared to eQTL SNPs (S9 Fig). Only one biomarker (haptoglobin,
corresponding to gene HP) had pQTL SNPs that were also eQTL SNPs, and this is the only
case where regression modeling suggested that measured biomarker levels are mediated by
gene expression (S6 Table).
Given that QTLs may be dependent upon the cellular/tissue-specific expression [74], we
examined whether the pQTLs would be significantly affected by the cellular composition of the
blood by repeating the pQTL analysis adding cell counts (red blood cells, neutrophils, lymphocytes, basophils, monocytes, eosinophils, and platelets) as covariates in the models. For either
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Table 2. Summary of pQTLs by measured biomarker.
Number of pQTLs¶

Analyte gene

Top pQTL SNP†
rs#

MAF
SPIROMICS

MAF
COPDGene

P-value

Chr

Novelƪ

Function

rs2070600†

0.05

0.04

7 X 10−22

6

GWAS

mis

rs4938353

0.19

0.18

4 X 10−14

11

LD-GWAS

3'

rs2230203

0.20

0.18

1 X 10−9

19

Novel

Syn

yes

rs11080369

0.06

0.07

8 X 10−67

17

Novel

NA

7

yes

rs854469

0.13

0.13

2 X 10−35

17

Novel

NA

17

11

yes

rs1617208

0.18

0.19

5 X 10−29

17

Novel

NA

CCL24

7

14

yes

rs10755885

0.09

0.10

1 X 10−126

7

Novel

up

Chemokine (C-C motif) ligand 4
{Macrophage Inﬂammatory Protein1 ß; MIP-1 ß}

CCL4

17

4

yes

rs3213636

0.20

0.19

6 X 10−21

17

Novel

NA

Chemokine (C-C motif) ligand 8
{Monocyte Chemotactic Protein 2;
MCP-2}

CCL8

17

7

yes

rs3848464

0.10

0.10

1 X 10−29

17

Novel

inter

Cadherin-1 {E-cadherin (epithelial)}

CDH1

16

yes

rs516246

0.50

0.48

4 X 10−27

19

GWAS

int

Cystatin-B

CSTB

21

24

yes

rs1041456

0.42

0.43

9 X 10−42

21

Novel

up

C-X-C motif chemokine 5
{Epithelial-Derived NeutrophilActivating Protein 78; ENA-78)}

CXCL5

4

14

rs425535

0.12

0.12

1 X 10−33

4

Novel

syn

F7

13

12

yes

rs10665

0.12

0.13

1 X 10−26

13

GWAS

3'

Tumor necrosis factor receptor
superfamily member 6 {FASLG
Receptor; CD95}

FAS

10

yes

rs687289

0.31

0.35

1 X 10−23

9

GWAS

int

Vitamin D-binding protein

GC

4

yes

rs7041†

0.42

0.44

1 X 10−389

4

GWAS

NA

Hepatocyte growth factor

HGF

7

yes

rs687289

0.31

0.35

3 X 10−43

9

GWAS

int

HP

16

11

rs1424241

0.17

0.18

6 X 10−19

16

Novel

int

IL12B

5

1

rs10045431

0.29

0.28

2 X 10−10

5

GWAS

inter

7

Analyte protein name
{alternative name(s)}‡

Name

Advanced glycosylation end
product-speciﬁc receptor {RAGE}

AGER

6

10

Apolipoprotein A-IV {Apo A-IV}

APOA4

11

10

C3

19

1

Chemokine (C-C motif) ligand 16
(pulmonary and activationregulated)

CCL16

17

6

C-C motif chemokine 18

CCL18

17

Chemokine (C-C motif) ligand 23
{Myeloid Progenitor Inhibitory
Factor 1; MPIF-1}

CCL23

Chemokine (C-C motif) ligand 24
{Eotaxin-2}

Complement component 3

Coagulation factor VII

Haptoglobin
Interleukin-12 subunit p40 {IL12p40}

Chr Local

Distant

Multiple
Independent

yes

1

29

6

57
15

yes

rs1803275

0.09

0.08

2 X 10−72

15

Novel

syn

rs7577696

0.40

0.41

9 X 10−12

2

GWAS

inter

yes

rs10665

0.12

0.13

5 X 10−10

13

GWAS

3'

26

yes

rs12722489

0.14

0.16

2 X 10−20

10

GWAS

int

1

26

yes

rs8192284

0.40

0.40

9 X 10−193

1

GWAS

NA

LPA

6

19

yes

rs9457925

0.02

0.02

5 X 10−18

6

LD-GWAS

int

LTF

3

23

rs11707471

0.32

0.31

2 X 10−77

3

Novel

int

MHC class I polypeptide-related
sequence A

MICA

6

60

rs2256175

0.48

0.47

9 X 10−34

6

Novel

int

Stromelysin-1 {Matrix
Metalloproteinase-3; MMP-3}

MMP3

11

10

rs645419

0.49

0.49

5 X 10−47

11

LD-GWAS

up

Neuronal cell adhesion molecule

NRCAM

7

3

yes

rs10487851

0.30

0.30

8 X 10−14

7

Novel

int

Platelet endothelial cell adhesion
molecule

PECAM1

17

1

18

yes

rs507666

0.18

0.20

3 X 10−57

9

GWAS

int

29

yes

rs507666

0.18

0.20

4 X 10−104

9

GWAS

int

yes

rs4905179

0.20

0.21

2 X 10−15

14

LD-GWAS

inter

yes

rs2146192

0.11

0.10

4 X 10−37

10

Novel

int

yes

rs727428

0.42

0.42

3 X 10−14

down

Interleukin-16

IL16

15

Interleukin-18

IL18

11

6

Interleukin-23A

IL23A

12

1

Interleukin-2 receptor subunit alpha

IL2RA

10

Interleukin-6 receptor subunit alpha

IL6R

Apolipoprotein(a)
Lactotransferrin

E-selectin

SELE

1

SERPINA1

14

3

Pulmonary surfactant-associated
protein D {SP-D}

SFTPD

10

22

Sex hormone-binding globulin

SHBG

17

3

17

GWAS

Sortilin

SORT1

1

3

rs7528419

0.22

0.22

1 X 10−10

1

GWAS

3'

Pancreatic secretory trypsin
inhibitor {TATI}

SPINK1

5

2

rs6580502

0.41

0.40

2 X 10−16

5

Novel

int

Alpha-1-antitrypsin

1

(Continued)
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Table 2. (Continued)
Number of pQTLs¶

Analyte gene
Analyte protein name
{alternative name(s)}‡

Name

Chr Local

Tumor necrosis factor receptor
superfamily member 10C
{TNF-Related Apoptosis-Inducing
Ligand Receptor 3; TRAIL-R3)}

TNFRSF10C

8

Vascular endothelial growth factor
A

VEGFA

6

VWF

12

von Willebrand factor

Distant

Multiple
Independent

5

6
13

Top pQTL SNP†
rs#

MAF
SPIROMICS

MAF
COPDGene

P-value

Chr

Novelƪ

Function

rs4760

0.16

0.16

1 X 10−60

19

Novel

mis

rs7767396

0.47

0.47

5 X 10−26

6

LD-GWAS

inter

rs687289

0.31

0.35

5 X 10−36

9

GWAS

int

†indicates that the analyte associated with the SNP has been associated with obstructive lung disease or emphysema (PubMed accession 23947473,
23267696 for AGER and 24857306, 21228423, 19996341 for GC).
¶

Local SNPs are deﬁned as within 1 Mb of the analyte gene; distant (trans) SNPs are denoted by red.
Protein names are UniProKB/Swiss-Prot suggested names.

‡
ƪ

Novel SNPs are deﬁned as not listed in the Catalog of Published Genome-Wide Association Studies (GWAS) as of May 8, 2015, not listed in LD with any

GWAS catalog SNPs (LD-GWAS), and not found on PubMed Search associated with analyte levels or disease phenotypes (see S3 Table); not all non-novel
pQTL SNPs are previously linked to analyte levels (some are disease associations). Multiple Independent pQTL SNPs are listed in S4 Table. SPIROMICS/
COPDGene. Chr = chromosome. Functional annotation of SNPs (variant effect predictor): up (upstream gene variant); 5’ (5’ untranslated region); syn
(synonymous variant); mis (missense); spl (splice region); int (intron); exon (non-coding exon variant); mis (missense); 3’ (3’ untranslated region); up
(upstream), down (downstream); inter (intergenetic).
doi:10.1371/journal.pgen.1006011.t002

all possible SNPs or only significant pQTL SNPs, the correlation between the p-values of the
pQTLs with and without blood cell counts added as covariates was > 0.985, indicating that the
pQTLs were not markedly dependent upon blood cell type composition (S10 Fig).
A recent report suggests that monoclonal antibodies for vitamin D binding protein may
preferentially recognize a selected protein isoform [75] caused by the rs7041 pQTL, which is a
missense mutation causing aspartic acid to glutamic acid change at position 432 (D432E).
Therefore we used a polyclonal antibody to compare to measurements to the monoclonal assay
used on the RBM platform in a subset of SPIROMICS subjects. Indeed, the measurements
using the monoclonal antibody were significantly lower for the TT genotype compared to the
GG genotype (P < 0.001), suggesting that measurements using the monoclonal antibody assay
detected the D432E protein isoform less well compared to the polyclonal assay (S11 Fig).

The relationship between pQTL SNPs and COPD disease phenotypes
With SNPs, biomarker levels, and disease phenotypes all available for both cohorts, statistical
modeling could be used to infer the relationships among these three data types employing
methods previously applied to eQTL-gene expression-phenotype relationships [22–27]. We
chose four clinically important COPD phenotypes [airflow obstruction (FEV1% predicted),
emphysema, chronic bronchitis, and a history of exacerbations] and applied regression models
adjusted for covariates and PCs [22, 26]. We categorized the relationships of all 2,108 trios of
SNP, biomarker, and disease phenotype (527 pQTL SNP/biomarker pairs and four disease phenotypes) into five categories, based on (conditional) dependence testing (Fig 8 and full results
supporting Fig 8, including regression coefficients, are in S7 Table). Results for biomarker associations to disease phenotype for pQTL SNPs are also provided (S8 Table).
Significant evidence for inferred causal, complete, or collide relationships were found for
emphysema and airflow obstruction for six biomarkers, with AGER represented by the same
model in both phenotypes (Fig 8). In all of these cases, the direction of the regression coefficients were the same between SPIROMICS and COPDGene (S7 Table). By contrast, no
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Fig 3. SNPs in ABO are the strongly associated with many blood biomarker levels as well as other non-blood
analyte measurements. Trans pQTLs in the ABO region (shown in schematic form below the plots) were common in
this study (top panel) and in published studies (GWAS Catalog). The rs687289 or rs507666 SNPs in the ABO blood
group locus on chromosome 9, which encodes alpha 1-3-N-acetylgalactosaminyltransferase, are a major determinant
of ABO blood type. In this study, these SNPs were the strongest pQTLs for 6 blood biomarkers, all distant (trans) from
their biomarker genes. Other biologic features (such as clotting time), metabolites (proteins, lipids, hormones), and
urinary features have been noted to have strong association with this locus (see [10, 35–73]).
doi:10.1371/journal.pgen.1006011.g003

significant relationships were found for chronic bronchitis or exacerbations. In the case of the
collide model, the association between pQTL SNP and disease phenotype is strengthened given
the biomarker, and thus inclusion of pQTL SNP information in biomarker-disease association
testing will add predictive value. An example is AGER, which is classified as the “collide”
model for the phenotype of emphysema. Including both AGER levels and its top pQTL SNP
improved the explanation of variance (R2) for emphysema to 40%, compared to just 30% for
the biomarker alone, and 22% when only clinical covariates were used.

Discussion
In this study we identified hundreds of novel SNPs significantly associated with nearly 40% of
blood biomarkers commonly used in both pulmonary and non-pulmonary clinical research.
For many biomarkers, a single pQTL SNP accounted for a large percentage of measured variance. We demonstrated that pQTLs provide unique information compared to eQTLs and that
inclusion of pQTL SNPs can improve explanation of variance when added to clinical covariates
in statistical models, e.g., sRAGE and emphysema. Although the subjects in this study were
recruited for COPD phenotypes, many of the pQTLs identified and the biomarkers studied
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Fig 4. Consequences of pQTL SNPs. We examined the most significant SNP for each biomarker (top pQTL) and all 590 significant pQTL SNPs (all
pQTLs), compared to all 664,913 SNPs (all SNPs) used for testing with the Ensemble Variant Effect Predictor (release 78). Upstream refers to within 5 kb
and downstream refers to more than 5kb distant. All pQTL SNPs were enriched for missense, synonymous, upstream and 30 UTR variants compared to
all SNPs tested on the genotyping platform, while pQTL SNPs occurred less frequently in introns and intergenic regions (binomial test p-value < 0.05
starred in blue). Most of these variant classes showed additional enrichment or reduction for the top pQTL SNPs.
doi:10.1371/journal.pgen.1006011.g004

have been associated with other diseases or traits, suggesting that the pQTL-biomarker relationships reported here are broadly relevant to human pathophysiology. Furthermore, the
pQTL-biomarker-disease phenotype relationship is frequently not a simple SNP ! gene
expression ! biomarker ! disease phenotype association. These findings suggest that modeling with inclusion of measurements from multiple omics technologies may be needed to optimize precision medicine predictions.
A significant finding in this study is the number of distant pQTLs associated with the ABO
locus (commonly associated with ABO blood group). PQTLs at the ABO locus were the strongest genetic association among six proteins encoded by genes on six different chromosomes.
This ABO region, along with the FUT2 gene (galactoside 2-alpha-L-fucosyltransferase 2),
which contained pQTLs for CDH1, was found to overlap with a growing number of previously
reported QTLs for a variety of blood analytes, blood processes (such as clotting time), metabolites, lipids, and even urinary metabolites (Fig 3). The most likely explanation is these two loci
affect enzymes that post-translationally modify multiple proteins leading to impaired protein
function, half-life, or detection. Interestingly, older literature, prior to extensive genotyping
and biomarker analysis, has reported association between ABO blood group and COPD [76]
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Fig 5. Blood biomarker variance explained by top two pQTLs SNPs and clinical covariates. The percent variation for 39 blood biomarkers explained
by clinical (green) top pQTL SNP (red), second top independent pQTL SNP (peach), other unknown factors (grey). Clinical factors include age, gender, body
mass index, smoking status, and principal components of ancestral genetic markers as described in the methods. The analysis includes subjects from
SPIROMICS (S) and COPDGene (C) cohorts. TNRF (TNF-Related Apoptosis-Inducing Ligand Receptor 3 (TRAIL-R3)); PCAM (Platelet endothelial cell
adhesion molecule (PECAM-1)); SRP1 (Alpha-1-Antitrypsin (alpha-1 (AAT)); NRC (Neuronal Cell Adhesion Molecule (Nr-CAM)); SPK (Pancreatic secretory
trypsin inhibitor (TATI)); SRT1 (Sortilin); other abbreviations are listed in Table 1 and S2 Table.
doi:10.1371/journal.pgen.1006011.g005

and has been associated with other diseases such as goiter [77] and hepatitis [78] in the candidate gene era. The extensive number of associations now reported at the ABO blood group
from a wide variety of studies suggests that greater attention should be paid to ABO status for
blood biomarker studies.
Much of the recent effort to identify genetic variants and genomic signatures associated
with clinical disease has extensively used eQTLs to understand the function of loci identified in
GWAS, including for COPD [4, 79–81]. We demonstrate a clear distinction between known
eQTLs and pQTLs, which is consistent with previous work that compared variants associated
with three different levels of gene regulation (transcription, translation and protein levels) in a
study of 62 HapMap Yoruba (Ibadan, Nigeria) lymphoblastoid cell lines (LCLs) [5]. The
authors used SILAC mass spectrometry to quantitate proteins and showed that only 35% of the
pQTL variants overlapped with eQTLs using RNAseq. Some of the variance in protein expression was due to ribosomal occupation (ribosomal profiling); however, there were many pQTLs
in which there was little variation in the mRNA or ribosomal profiling, suggesting that posttranslational events may be responsible for differences in protein abundance. Similar to what
we report, this is supported by the observation that the pQTLs are significantly enriched in protein coding (missense) and potential translational regulation (e.g., 3’ UTR) regions. They
hypothesize this may be due to differences in protein degradation; however one cannot exclude
that the peptide variants may be differentially measured with mass spectrometry, or that there
may be altered biomarker stability, secretion rates, or processing/release from the cell surface.
Another limitation of this study is that they only considered genetic variants within a 20-kb
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Fig 6. Examples of biomarker pQTL SNPs. Plasma levels of IL6R (A) and E-selectin (B) are strongly influenced by pQTL SNPs (P = 10−193 and
P = 4 X 10−104). The pQTL SNP for IL6R is on chromosome 4, which is local (cis) to IL6R, the gene coding for its protein. The pQTL SNP for Eselectin protein is on chromosome 9, which is distant (trans) from SELE (chromosome 1), the gene coding for its protein. This pQTL SNP is in the
ABO locus, which encodes alpha 1-3-N-acetylgalactosaminyltransferase.
doi:10.1371/journal.pgen.1006011.g006

window around the corresponding gene; however, we found a significant number of pQTL
SNPs mapped outside of this region. Another study of 441 transcription factors and signaling
proteins in the Yoruban LCLs found that many pQTLs were not associated with gene expression and were also distant from the corresponding gene [82]. These studies highlight the general need to include protein expression in large-scale population variation studies such as
GTEx to better understand the relationship between genome and protein in humans. Although
such efforts are ongoing on a small scale (e.g. Chromosome-Centric Human Proteome Project
[83]), our results imply these efforts can also be incorporated cost-effectively into large existing
clinical cohorts.
These findings will be useful for GWAS and biomarker studies of other diseases. For
instance, we identified novel pQTL SNPs explaining greater than 25% of variance in blood proteins such as interleukin 6 receptor, eotaxin-2, and E-selectin, which could be useful in studies
of asthma and of non-pulmonary diseases. The sRAGE-emphysema example demonstrates
that the application of causal modeling can provide new insights to the relationship between
SNP, measured biomarker levels, and disease phenotypes. Additionally, this example demonstrates how predictive models of disease phenotype can be improved by adding pQTL
information.
Furthermore, evaluating all possible statistical relationships among pQTL SNPs, biomarkers, and disease phenotypes suggests that many pQTL SNP effects may not be causally mediated directly through measured biomarkers. For instance, the minor allele rs2070600 SNP in
AGER is associated with lower sRAGE in blood; COPD severity and emphysema extent have
also been negatively associated with lower blood sRAGE concentrations in cross-sectional
studies [13, 14]. Paradoxically, however, in large GWAS studies, the minor allele of rs2070600
is associated with reduced COPD severity and reduced emphysema [80, 81] suggesting
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Fig 7. Circos plot showing distant (trans) pQTLs and their relationships to eQTL SNPs. The arrows in the inner circle represent pQTL
SNPs significantly associated (beginning of arrow) with biomarker (end of arrow). Biomarker abbreviations (see text for full list) are shown on the
outer ring. Local (cis) pQTL SNPs are shown as hash marks adjacent to biomarker gene location. The color of represents significance of
association. Red lines are associations between genes. The thinnest, darkest red lines signify associations with significance of P = 10−12, and
the lines become slightly thicker and darker at the significance levels of P = 10−10 and P = 10−8. The green lines signify eQTL associations. The
cutoffs for line thickness and darkness for the green lines are P = 10−7 and P = 10−6. The only eQTL association with significance P < 10−8 were
local, near the HP and PECAM1 genes.
doi:10.1371/journal.pgen.1006011.g007

potentially opposite effects of the SNP. Indeed, our evidence points to a “collide” relationship;
however, given the previous published large scale genetic association studies have shown that
rs2070600 is associated with COPD and emphysema, it is likely that this study is underpowered
to distinguish between the “collide” and the “complete” model, which can be distinguished by a
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Fig 8. Clinical and biologic significance of pQTL SNPs. (A) Biomarker pQTL SNPs were tested for
association with four different COPD disease phenotypes: emphysema, airflow limitation (FEV1%), chronic
bronchitis, and exacerbations using four different statistical regression models to infer the causal relations of
causal, reactive, independent, complete or collide. A complete listing of pQTL SNPs disease association pvalues for both cohorts can be found in S8 Table. Note that testing b2 = 0 and b4 = 0 are equivalent because
in both cases, we are testing whether the disease and biomarker is conditionally dependent given SNP.
Therefore, we only examined b2 in our analysis. No significant results were obtained for chronic bronchitis or
exacerbations and so these two phenotypes are not shown. (B) The T allele of rs2070600 is associated with
lower plasma levels of sRAGE and (C) lower plasma levels of sRAGE (shown by sRAGE quartile) are
associated with more emphysema on quantitative CT scan (model 0); (D) the T allele is not clearly associated
with emphysema when considering only the SNP-disease association (model 1); however, (E) the T allele is
associated with less emphysema within each biomarker quartile (model 2), and the SNP fits the collide
model.
doi:10.1371/journal.pgen.1006011.g008

statistically significant association between the pQTL SNP and disease phenotype. Nevertheless, the association between pQTL SNP and disease phenotype becomes much stronger given
the biomarker, which implies the collide relation. Regardless of whether rs2070600 is “collide”
or “complete”, it is a missense SNP that causes a G82S amino acid change and thus illustrates
the enrichment of coding SNPs in pQTL analysis. The mechanism by which rs2070600 causes
disease is unknown, but the resultant amino acid substitution may block shedding of this cell
surface receptor, reducing blood levels but at the same time improving sensing of damage-associated molecular pattern molecules, with a net protective effect [84]. However, once emphysema progresses, the source of sRAGE in the blood (the alveolar cells) is reduced, so that
emphysema progression would be manifested by reduced sRAGE levels.
Several other relationships identified are also worth considering. For example, we identified
evidence for the “collide” relationship for rs926144, an intergenic SNP in SERPINA1 (alpha1-antitrypsin; AAT), a protein whose normal function is linked directly to the development of
emphysema. Although we find strong pQTL SNPs for SERPINA1, and we see a relationship
between COPD and SERPINA1 levels, we see no statistically significant evidence that pQTL
SNPs associate directly with disease. This is similar to what authors of an GWAS of AAT
serum levels have recently reported in this journal [85], in which they identified strong serum
AAT pQTLs, but their association with lung function was driven by the rare disease variants
(PiSZ and pZZ, who were excluded from SPIROMICS and COPDGene). Since SERPINA1 is
produced by the liver and is well-known as marker of systemic inflammation, an established
feature of COPD, this would support the finding that common SNPs may not be representative
of the known disease-causing variants, which are rare, and that both non-disease causing variants and the disease itself may be associated with changes in biomarker levels.
We found that a “complete” model was suggested for the Complement Factor 3 (C3) pQTL
SNP rs2230203. In a study of 111 subjects with COPD and 111 matched controls, blood C3
was noted to be lower in COPD subjects [86]. Similarly in a more recent study of 15 COPD
subjects and 15 matched controls serum C3 was lower in COPD subjects [87]. Our findings
confirm the relationship between C3 and COPD and emphysema and further suggest that it is
partly mediated through C3 genetic variants. Although the rs2230203 variant is in the coding
region of C3, it is a synonymous variant and was the only pQTL we identified for C3. The variant might affect protein levels though siRNA binding or other pre-translational mechanisms,
but mechanistic studies will be necessary to confirm this.
As a final example, the “causal” relationship suggested for CDH1 (E-cadherin) for both
emphysema and FEV1% predicted is also intriguing at a mechanistic level. The CDH1 pQTL
SNPs are distant (trans) and are located in FUT2, which codes for a fucosyltransferase that,
along with ABO, determines the expression of distinct blood group antigens. Evidence for a
role of CDH1 and COPD is growing [13, 88, 89], yet the underlying mechanisms are not
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entirely clear. Our results suggest that future studies should focus on a direct role of CDH1 in
the pathogenesis of disease.
Strengths of this study include the large number of subjects and the inclusion of validation
cohorts. However, there are some limitations. Although it is one of the largest biomarker-GWAS
studies reported, 1,340 subjects is still small compared to clinical GWAS studies, thus we are likely
underpowered to detect some of the SNP-disease phenotype associations. Thus, we cannot say
for certain, for example, that a causal or collide model might not actually be a complete model
(e.g. for rs207060 in AGER with sRAGE). Second, because we identified distinct and independent
pQTL SNPs for some biomarkers, there may be multiple mechanisms by which pQTL biomarkers mediate SNP-biomarker-disease phenotype interactions. Proving the validity of the causal
inference models will require detailed mechanistic studies at both a genomic and proteomic level.
Additionally, like nearly all biomarker assays, we used antibody based detection methods to measure biomarkers. Since antibodies recognize specific epitopes on proteins, it is possible that our
pQTL may detect a specific isoforms of a protein rather than total protein. This has recently been
suggested, but not proven, as an explanation for the strong genetic (racial) associations observed
for vitamin D binding protein and the cis-SNP rs7041 (Asp432Glu). As we have and others have
shown for vitamin D binding protein [75], assays that use polyclonal antibodies compared to the
monoclonal sandwich immunoassay (R&D Systems) may overcome this limitation. Another
example in the literature is a pQTL identified for TNF-alpha was not replicated when a different
assay was applied to the same samples [10]. However, similar pQTLs for plasma proteins such as
HP, SERPINA1, C3, APOE, and AHSG were identified using mass spectrometry [90] and for
IL6R, F7, and others using aptamer-based detection [91], suggesting many pQTLs we identified
were not platform specific. Thus, knowing that antibody used in biomarker measurement may
preferentially detect a specific isoform of a protein does not discount its importance, particularly
if the pQTL SNP has also been associated with the disease phenotype in genetic association studies, as is the case with vitamin D binding protein, sRAGE, and several other pQTL SNPs described
in this study (see Table 2). Thus, investigators who conduct biomarker studies need to consider
the possibility that genotype plays a role when measuring blood biomarkers.
An additional limitation of the study is using a candidate panel of 114 biomarkers that are
overrepresented for inflammation and lung proteins. At the time, this was state of the art for
large scale human studies; however, in the future there will be high-throughput, 1000+ biomarker panels that may be used such as SomaScan (Somalogic, Boulder, Colorado). Other limitations of this study include that it was limited to subjects over 45 years of age and only NHW
subjects. Future studies should include other populations and the types of variants assessed,
e.g., rare variants. Finally, due to the nature of the available data, evaluating quantitative change
in biomarkers with disease progression was not conducted, but would be expected to enhance
understanding of disease mechanisms in future studies.
In summary, this large scale, dual-cohort, combined GWAS and biomarker study represents
a powerful approach to combine different omics data sets to better understand complex diseases
such as COPD. We replicated some previously reported pQTL associations and discovered a
large number of novel pQTLs, including distant pQTLs, which many studies are poorly powered
to detect. Integration of pQTL genotypes with biomarker measurements will improve the precision of disease prediction for some clinically relevant phenotypes, and improve the mechanistic
understanding of others, thus increasing the implementation of targeted clinical care.
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S1 Fig. Examples of assay validation. A) Comparison of selected biomarker values on two different platforms by Quotient Bio Research (QBR) and Myriad Rules Based Medicine (RBM)
from a selected subset of COPDGene subjects. The correlation coefficients are shown in the
upper right panel and the scatterplots in the lower left panel. A histogram of the biomarker values are shown on the diagonal plots. B) Comparison of an R&D Quantikine ELISA (X axis)
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(E) log transformation of percent emphysema.
(DOCX)
S4 Fig. Manhattan plots, q-q plots, and LocusZoom plots of pQTL findings for all analytes
where significant pQTLs were identified. LocusZoom plots show a 90 kb window (center) or
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correction for multiple comparisons. For all LocusZoom plots, the top pQTL SNP is indicated.
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S5 Fig. Summary matrix of pQTLs. Each dot represents a pQTL with P < 10−8. The x-axis
denotes the location of the pQTL SNP and the y-axis denotes the location of the biomarker.
The color of each dot denotes range of P-value as indicated in the legend. Dots more than 1 Mb
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addition to the top two independent SNP genotypes, compared to the genotype only model.
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can effect blood biomarker levels.
(DOCX)
S9 Fig. VEP analysis to evaluate the characteristics of the pQTL SNPs in comparison to
eQTLs from various sources and the published findings from the NHGRI Catalog. This figure represents an expanded version of Fig 3 in the main text.
(DOCX)
S10 Fig. Significant pQTLs are not affected by total blood cell counts (CBC). When cell
counts (eosinophils, basophils, neutrophils, monocytes, platelets, and red blood cells) were
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