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Additional and detailed methods 

Lung Health Study (LHS) 

The details of the LHS have been published previously(1, 2). Briefly, LHS was a multicenter clinical study 

that evaluated the effects of ipratropium bromide, a short acting antimuscarinic agent, and smoking 

cessation on lung function decline in current smokers with mild to moderate COPD. For the first 5 years, 

the lung function of participants was measured annually, followed by another lung function measurement 

at year 11. At each visit the subjects’ smoking status was determined using a questionnaire, which was 

validated by salivary cotinine and exhaled carbon monoxide levels as previously described (2). Based on 

these data, the subjects were categorized as “sustained quitters” if they were non-smokers at all of the 

follow-up visits, “continuous smokers” if they were smoking at all of the follow-up visits and “intermittent 

quitters” if their smoking status varied during the follow-up period. In year 5 of LHS, venipuncture was 

carried out on 5,413 LHS participantswho were alive and eligible for venipuncture at this visit. The blood 

samples were taken when participants were stable and free of exacerbations for at least 4 weeks and were 

separated into buffy coat and serum(3).  

Genotyping 

From the buffy coat samples of 4,251 European Americans in LHS, SNP genotyping was performed. The 

details of genotyping and quality control have been previously described(4). Briefly, samples were 

genotyped using the Illumina Human660WQuad v.1_A BeadChip. Overall, 98.4 % of samples (n = 4,181) 

passed initial quality control standards and genotypes were available for 559,766 SNPs. An additional 133 

samples were removed because they failed quality control, which resulted in a final sample of n = 4,048 

for the present analysis. Imputation was undertaken with the Michigan Imputation Server (5)using the 

Haplotype Reference Consortium (HRC)(6) panel. Variants were excluded if the imputation r
2
 was < 0.7 

and if the minor allele frequency was <1%. 
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Serum SP-D measurements in LHS 

Using one aliquot of serum samples, SP-D levels were measured in duplicate in 4,754 LHS participants 

using a commercially available solid phase sandwich enzyme-linked immunosorbent assay according to 

manufacturer’s instructions (ELISA; BioVendor Laboratory Medicine, Modrice, Czech Republic) by study 

personnel, who were blinded to the subject’s clinical or genotyping information. The lower limit of 

detection for the assay was 0.2 ng/mL, and the coefficient of variation was 3.9%(7). 

Protein quantitative trait loci (pQTL) of serum SP-D: GWAS of SP-D serum levels 

We performed a genome-wide association study for log serum SP-D levels using SNPTEST(8) assuming an 

additive genetic model and adjusting for age, sex, body mass index (BMI), smoking status (sustained 

quitters versus intermittent quitters versus continuous smokers) and the first 5 genetic principal 

components (PCs). The final GWAS dataset included 4,041 subjects. SP-D pQTLs were defined as the 

sentinel SNPs meeting genome-wide significance (P<5x10
-8

).  

For each of the genome-wide significant pQTL loci identified, we performed conditional analysis to reveal 

independent SNPs in these regions associated with SP-D levels. For each locus, we regressed log SP-D 

levels against the most significant SNP along with age, sex, BMI, and smoking status to obtain regression 

residuals. With these residuals, a second genetic association was performed, adjusting for the first 5 

genetic PCs. The residual genetic association was repeated while conditioning on the sentinel SNP 

yielding genome-wide significance until all significant SNPs for SP-D levels (defined by P<5x10-8) were 

exhausted at each locus. Using this approach, we identified 3 additional independent SNPs on the chr10 

locus. The other regions (chr6 and 16) did not harbour any additional loci that were independently 

associated with SP-D levels. 

A recent large GWAS meta-analysis evaluating SNPs associated with COPD (9) in 15,256 COPD cases and 

47,936 controls identified a coding SNP in the SFTPD gene, rs721917 (Met11Thr), which was significantly 
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associated with risk of COPD (P=2.5E-08 in the overall meta-analysis which included an additional 9,498 

COPD cases and 9,748 controls from the UK BiLEVE study(10).  This SNP effect on serum SP-D was 

investigated in our GWAS results and it was also included it all subsequent analyses.  

Association of SP-D pQTLs with lung tissue expression in the Lung eQTL study 

Because lung tissue samples were not collected in LHS participants, we used data from the lung eQTL 

study to identify potential lung eQTLs for SFTPD. The study details and the subjects’ characteristics have 

been previously described(11). Briefly, lung eQTLs were derived from a meta-analysis of genotyping and 

RNA expression data performed in non-tumor lung tissue samples from 1,111 patients who underwent 

lung resection surgery at three participating sites: University of British Columbia (UBC; n=339), Laval 

University (n=409) and the University of Groningen (n=363). Gene expression profiling was performed 

using an Affymetrix custom array (GPL10379) testing 51,627 non-control probe sets where normalization 

was performed using robust multi-array average (RMA)(12). The expression data are available at NCBI 

Gene Expression Omnibus repository (GEO, http://www.ncbi.nlm.nih.gov/geo ) through accession number 

GSE23546.  

Genotyping was performed on DNA extracted from blood or lung tissue using the Illumina Human1M-

Duo BeadChip array, and imputed with MaCH/Minimac software(13) using the 1000G reference panel, 

March 2012 release. The eQTL analysis was adjusted for age, sex and smoking status. The resulting eQTLs 

were categorized into cis-acting (if the signal was less than 1Mb away from transcription start site) or trans 

eQTLs (if the signal was further than 1Mb away or on a different chromosome). Following standard 

microarray and genotyping quality control steps, association testing for each variant with mRNA 

expression in either cis ( SNP within 1Mb of transcript) or trans (more than 1Mb away or on a different 

chromosome) position was undertaken separately for each centre and then pooled together using inverse 

variance weighting meta-analysis.  

http://www.ncbi.nlm.nih.gov/geo
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All genome-wide significant pQTLs for SP-D levels were tested for association with lung tissue mRNA 

levels (i.e. lung eQTLs). Scatter plots were used to visualize the SNPs effect on both SP-D serum levels and 

lung mRNA. 

 

Association of SP-D pQTLs with COPD risk and progression 

The relationship of SNPs identified as pQTLs for serum SP-D with COPD risk was investigated in the 

International COPD Genetics Consortium (ICGC) Study. ICGC is the largest COPD GWAS to date, and 

included  a total of 15,256 COPD cases and 47,936 controls(9). The look-up in ICGC was performed in 

GWAS results for individuals with European ancestry with a sample size of 11,157 cases and 36,699 

controls. 

SP-D pQTLs were also tested for association with FEV1 decline over the 11 years of follow-up in the LHS 

using a multiple linear mixed effects model which takes into account multiple measurements of FEV1 over 

time within the same individual. These pQTLs were additionally tested for association with cross sectional 

FEV1 and FEV1/FVC in the LHS cohort using linear regression. The analysis of FEV1 decline in LHS used 

SNP dosage as a predictor and the (time x genotype) interaction as the response variable, while the 

analysis of cross sectional measures used FEV1 and FEV1/FVC as the response variables. All analyses in 

LHS were adjusted for age, sex, BMI, and smoking status as noted previously. 

Weighted gene co-expression analysis (WGCNA) 

The WGCNA R package (14) was used to cluster modules of co-expressed genes into a co-expression 

network. The expression values from 1,037 lung tissue samples were used in this analysis. A weighted 

gene co-expression network reconstruction algorithm was used to create a consensus co-expression 

network among the 18,403 genes that were common to all three centres (15). WGCNA first creates a 

matrix of Pearson correlations across all genes, which is then transformed into an adjacency matrix 
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through ‘soft thresholding’ by raising these correlations to some power β. In this study β =10 was selected 

to enable the matrix to approximate scale-free topology, thus creating a topological overlap matrix (TOM) 

(16). Average linkage hierarchical clustering was used to group genes based on their topological overlap 

of connectivity, followed by a dynamic cut-tree algorithm to cluster dendrogram branches into distinct 

gene modules (17). Modules were defined as groups of highly interconnected genes.  For each gene, 

Module Membership (MM) was calculated with values ranging between 0 and 1 by correlating the gene’s 

expression with the module eigengene, which was determined by the first principal component of the 

gene expression profile in that module. We deemed “hub” genes as those with the highest MM. The 

generated TOM values in this WGCNA estimate the strength of connection between the different genes in 

a network(18) (19), and were used to identify genes strongly correlated to SFTPD. 
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Supplementary Figures 

 

 

Supplementary Figure S1. Quantile-Quantile (QQ) plot. QQ plot shows the observed P values (Y-axis) 

compared to the expected distribution of association test statistics (X-axis) across SNPs tested. The sharp 

deviation for lower P values represents significant associations with no systematic bias. The genomic 

inflation factor (λ) is 1.02.  
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Supplementary Figure S2. Region plots of the independent SP-D pQTLs in the SFTPD gene locus. 

The Y axis represent the P values in the (–log10 scale) and the X axis is the genomic position. Gene names 

and their corresponding coordinates are shown below. The sentinel SNP is shown as a purple diamond 

and the color coding of SNPs reflects the degree of linkage disequilibrium (LD). A: SNP associations using 

residuals from the top genome-wide significant SP-D pQTL: rs34406153. B: SNP associations using 

residuals from A. C: SNP associations using residuals from B and D: SNP associations using residuals from 

C. 
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Supplementary Figure S3. SP-D serum pQTLs on chr6 and 16 loci as lung eQTLs. Plotted are all the 

genome-wide significant SNPs for serum SP-D levels on chr6 (HLA) and 16 (ATP2C2 gene region). The Y 

axis is the effect estimates of the SNPs on serum SP-D levels. The X axis is their effect estimates on lung 

tissue mRNA levels of SFTPD. SNPs in red are ones that have a significant effect on mRNA levels using a 

nominal P value of P<0.05.  
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Supplementary Figure S4: Mendelian randomization (MR)-Egger of SP-D on COPD risk and 

progression. A) Estimates of SP-D on COPD risk, and B) estimates of SP-D on FEV1 decline. 

Estimates are derived from serum GWAS for SP-D and from ICGC and LHS GWAS for COPD risk 

and FEV1 decline, respectively. Error bars represent 95% CIs. The SNPs rs numbers are shown. 

The slope of the line is the instrumental variable regression estimate of the effect of SP-D on 

COPD risk and FEV1 decline. 

 

 

 

 

 

Supplementary Figure 4
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Supplementary Figure S5: Network of the 50 most correlated genes with SFTPD expression in lung 

tissue. 

The width of the connection between genes and SFTPD is proportional to the TOM measure ( a measure 

of how two genes are correlated within a network) and the size of the blue square is proportional to the 

module membership (how central that genes is for a particular module). 
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Supplementary Tables 

 

Gene Ontology pathway P value FDR 

lipid metabolic process 1.08E-10 8.51E-08 

lipid biosynthetic process 2.75E-10 1.08E-07 

sterol biosynthetic process 1.93E-09 5.07E-07 

cellular lipid metabolic process 3.32E-09 6.54E-07 

fatty acid metabolic process 4.79E-09 7.55E-07 

cholesterol biosynthetic process 7.59E-09 9.97E-07 

sterol metabolic process 1.09E-08 1.23E-06 

small molecule biosynthetic process 4.52E-08 4.45E-06 

single-organism biosynthetic process 7.99E-08 7.00E-06 

carboxylic acid metabolic process 1.03E-07 8.12E-06 

alcohol biosynthetic process 2.45E-07 1.60E-05 

alcohol metabolic process 2.32E-07 1.60E-05 

monocarboxylic acid metabolic 

process 

2.64E-07 1.60E-05 

cholesterol metabolic process 2.88E-07 1.62E-05 

oxoacid metabolic process 3.21E-07 1.69E-05 

small molecule metabolic process 5.42E-07 2.51E-05 

organic acid metabolic process 5.29E-07 2.51E-05 

steroid biosynthetic process 5.99E-07 2.62E-05 

lipid catabolic process 1.66E-06 6.88E-05 

fatty acid biosynthetic process 6.68E-06 2.00E-04 

 

Supplementary Table S1: Biological processes that were enriched among the 364 genes in the gene 

co-expression module in the lung that contained SFTPD. 

FDR: False discovery rate 
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