
 

 
 
 
 
 

Early View 
 
 
 

  Original research article 

 
 

Genetically increased circulating FUT3 level leads 

to reduced risk of Idiopathic Pulmonary Fibrosis: 

a Mendelian Randomisation Study 
 
 

Tomoko Nakanishi, Agustin Cerani, Vincenzo Forgetta, Sirui Zhou, Richard J. Allen, Olivia C. Leavy, 

Masaru Koido, Deborah Assayag, R. Gisli Jenkins, Louise V. Wain, Ivana V. Yang, G. Mark Lathrop, 

Paul J. Wolters, David A. Schwartz, J. Brent Richards 

 
 
 

Please cite this article as: Nakanishi T, Cerani A, Forgetta V, et al. Genetically increased 

circulating FUT3 level leads to reduced risk of Idiopathic Pulmonary Fibrosis: a Mendelian 

Randomisation Study. Eur Respir J 2021; in press (https://doi.org/10.1183/13993003.03979-

2020). 

 
 
 
 
 
 

This manuscript has recently been accepted for publication in the European Respiratory Journal. It is 

published here in its accepted form prior to copyediting and typesetting by our production team. After 

these production processes are complete and the authors have approved the resulting proofs, the article 

will move to the latest issue of the ERJ online. 

 
 
 

Copyright ©The authors 2021. For reproduction rights and permissions contact permissions@ersnet.org 



Genetically increased circulating FUT3 level leads to reduced risk of Idiopathic 

Pulmonary Fibrosis: a Mendelian Randomization Study 

Tomoko Nakanishi1–4, Agustin Cerani2,5, Vincenzo Forgetta2, Sirui Zhou2,5, Richard J. Allen6, 

Olivia C. Leavy6, Masaru Koido7, Deborah Assayag8,9, R. Gisli Jenkins10,11, Louise V. Wain6,12, 

Ivana V. Yang13,14, G. Mark Lathrop15, Paul J. Wolters16, David A. Schwartz14,17, J. Brent 

Richards1,2,5,18,19 

 

1. Department of Human Genetics, McGill University, Montréal, Québec, Canada. 

2. Centre for Clinical Epidemiology, Department of Medicine, Lady Davis Institute, Jewish 

General Hospital, McGill University, Montréal, Québec, Canada. 

3. Kyoto-McGill International Collaborative School in Genomic Medicine, Graduate School 

of Medicine, Kyoto University, Kyoto, Japan. 

4. Research Fellow, Japan Society for the Promotion of Science, Tokyo, Japan. 

5. Department of Epidemiology, Biostatistics and Occupational Health, McGill University, 

Montréal, Québec, Canada. 

6. Department of Health Sciences, University of Leicester, Leicester, United Kingdom. 

7. Department of Cancer Biology, Institute of Medical Science, The University of Tokyo, 

Tokyo, Japan. 

8. Department of Medicine, Faculty of Medicine, McGill University, Montréal, Québec, 

Canada. 

9. Translational Research in Respiratory Diseases, Research Institute McGill University 

Health Centre, Montréal, Québec, Canada. 

10. National Institute for Health Research, Nottingham Biomedical Research Centre 

Nottingham University Hospitals NHS Trust, Nottingham, United Kingdom. 

11. Division of Respiratory Medicine, University of Nottingham, Nottingham, United 

Kingdom. 

12. National Institute for Health Research, Leicester Respiratory Biomedical Research 

Centre, Glenfield Hospital, Leicester, United Kingdom. 

13. Center for Genes, Environment and Health and Department of Medicine, National 

Jewish Health, Denver, Colorado, USA. 

14. Department of Medicine, University of Colorado Denver, School of Medicine, Aurora, 

Colorado, USA. 

15. McGill Genome Centre and Department of Human Genetics, McGill University, 

Montréal, Québec, Canada. 

16. Department of Medicine, School of Medicine, University of California, San Francisco, 

California, USA. 

17. Department of Immunology, University of Colorado Denver, School of Medicine, Aurora, 

Colorado, USA. 

  



  

 

18. Division of Endocrinology, Departments of Medicine, Jewish General Hospital, McGill 

University, Montréal, Québec, Canada. 

19. Department of Twin Research, King’s College London, London, United Kingdom. 

 

Corresponding Author: 

J. Brent Richards, MD, MSc 

Professor of Medicine, McGill University 

Senior Lecturer, King's College London (Honorary) 

Contact: 

Pavillon H-413, Jewish General Hospital 

3755 Cote Ste Catherine 

Montréal, Québec, Canada, H3T 1E2  

T: +1 514 340 8222 x24362 F: +1 514 340 7529 

E: brent.richards@mcgill.ca www.mcgill.ca/genepi 

 

Take home message:  

Undertaking an efficient scan of 834 circulating proteins for their role in IPF risk using Mendelian 

randomization (MR), we found that those with genetically increased circulating FUT3 levels had 

lower risk of developing IPF. 
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Abstract 

Idiopathic pulmonary fibrosis (IPF) is a progressive, fatal fibrotic interstitial lung disease. Few 

circulating biomarkers have been identified to have causal effects on IPF. 

 

To identify candidate IPF-influencing circulating proteins, we undertook an efficient screen of 

circulating proteins by applying a two-sample Mendelian randomization (MR) approach with 

existing publicly available data. For instruments we used genetic determinants of circulating 

proteins which reside cis to the encoded gene (cis-SNPs), identified by two genome-wide 

association studies (GWASs) in European individuals (3,301 and 3,200 subjects). We then 

applied MR methods to test if the levels of these circulating proteins influenced IPF susceptibility 

in the largest IPF GWAS (2,668 cases and 8,591 controls). We validated the MR results using 

colocalization analyses to ensure that both the circulating proteins and IPF shared a common 

genetic signal. 

 

MR analyses of 834 proteins found that a one SD increase in circulating FUT3 and FUT5 was 

associated with a reduced risk of IPF (OR: 0.81, 95%CI: 0.74–0.88, p=6.3x10-7, and OR: 0.76, 

95%CI: 0.68–0.86, p=1.1x10-5). Sensitivity analyses including multiple-cis SNPs provided 

similar estimates both for FUT3 (inverse variance weighted [IVW] OR: 0.84, 95%CI: 0.78–0.91, 

p=9.8x10-6, MR-Egger OR: 0.69, 95%CI: 0.50 - 0.97, p=0.03) and FUT5 (IVW OR: 0.84, 95%CI: 

0.77–0.92, p=1.4x10-4, MR-Egger OR: 0.59, 95%CI: 0.38 - 0.90, p=0.01) FUT3 and FUT5 

signals colocalized with IPF signals, with posterior probabilities of a shared genetic signal of 

99.9% and 97.7%. Further transcriptomic investigations supported the protective effects of 

FUT3 for IPF.  



  

 

An efficient MR scan of 834 circulating proteins provided evidence that genetically increased 

circulating FUT3 level is associated with reduced risk of IPF. 

 

 

Key words: “Idiopathic Pulmonary Fibrosis”, “3-galactosyl-N-acetylglucosaminide 

4-alpha-L-fucosyltransferase”, “fucosyltransferase 5”, “Mendelian Randomization Analysis”, 

“Proteome” 

  



  

Introduction 

Idiopathic pulmonary fibrosis (IPF) is a progressive, fatal fibrotic interstitial lung disease (ILD) 

that affects adults, leading to decreased lung compliance, disrupted gas exchange and resultant 

respiratory failure[1]. The median survival time from diagnosis is 3 to 5 years, which is worse 

than the prognosis of most types of cancers[2]. Early detection or prevention of IPF is important 

as the currently available therapies are anti-fibrotic agents that have been shown to slow 

disease progression[3][4]. At the current time the only way to detect early disease is through 

high resolution CT scanning which reveals interstitial lung abnormalities in up to 10% of the 

population aged over 60 years in whom only a small minority progress to develop IPF[5]. 

Therefore, a serum biomarker that can predict or refine disease risk through a causal 

relationship is urgently required. 

 

Although several serum biomarkers for IPF have been identified[6][7][8][9], these biomarkers 

still lack strong evidence of disease causality and are more useful at defining prognosis once 

IPF has occurred. Causal inference in IPF through traditional observational studies is 

challenging due to potential confounding and reverse causation that can bias estimate of the 

effect of biomarkers on IPF. For example, smoking, a known risk factor for IPF is confounded by 

its association with many other lifestyle choices. Similarly, IPF itself may influence the level of 

the biomarker—a phenomenon known as reverse causation. This last source of bias is 



  

particularly difficult to rule out since the timing of IPF onset is most often unknown. 

Despite these challenges, identifying IPF-influencing circulating proteins is helpful as such 

markers could serve as both drug targets to decrease susceptibility and non-invasive 

biomarkers of disease risk. One way to estimate the causality of circulating biomarkers is using 

Mendelian randomization (MR), which uses germline genetic variants as instrumental variables 

to assess the role of risk factors in disease susceptibility. Since genetic variants are randomly 

assigned at conception, this process of randomization largely breaks association with most 

confounding factors. Further, since germline genetic variants are always assigned prior to 

disease onset, reverse causation can be avoided. A further advantage of MR studies is that they 

can provide an assessment of a lifetime of risk factor exposure assuming the effect of the 

genetic variant on the risk factor is stable throughout an individual’s life[10]. 

The goal of this study was therefore to identify circulating proteins which influence the risk for 

IPF by applying a MR design which efficiently screened hundreds of proteins. Bayesian 

colocalization analyses were undertaken to ensure that candidate circulating proteins and IPF 

shared a common etiological genetic signal and that the MR results were not biased by linkage 

disequilibrium (LD). Candidate IPF-influencing proteins identified through MR and colocalization 

analyses were further evaluated via literature and genetic-phenotype database searches, and 

transcriptomic investigations. The results from these experiments could provide a better 

understanding of the etiology of IPF, and could potentially identify targets for future therapies. 



  

 

 

Materials and methods 

Study design and data sources 

We applied a two-sample MR design to identify circulating proteins associated with risk of IPF. 

For this, summary data was obtained from the largest IPF genome-wide association study 

(GWAS) to date in individuals of European ancestry[11] and from the two protein quantitative 

trait loci (pQTL) GWASs, Sun et al.[12] and Emilsson et al.[13]. Detailed methods of protein 

assays are described in each study[12][13]. See Figure 1 for a schema of our study design. 

Ethical approval 

No separate ethical approval was required due to the use of publicly available data. 

Mendelian randomization 

MR relies upon three major assumptions[14]. First, the genetic variants must reliably associate 

with the exposure. With the advent of large-scale modern GWASs, genetic variants associating 

with exposure can be identified in large datasets[15]. Second, the genetic variants must not be 

associated with confounders of the exposure-outcome relationship. A potential violation of this 

assumption can occur due to confounding by LD and/or population ancestry[16]. Lastly, genetic 

variants must not affect the outcome, except through the exposure of interest (referred to as a 

lack of horizontal pleiotropy)[17]. 



  

Large-scale GWAS for circulating proteins[12][13] have often found that the genetic 

determinants of circulating proteins reside cis (in close proximity) to the encoding genes. The 

use of cis-acting SNPs for MR reduces potential horizontal pleiotropy and increases the validity 

of MR assumptions, because a cis-SNP strongly associated with the protein is likely to directly 

influence the gene’s transcription and consequently the circulating protein level. We selected 

independent (r2≤0.001) cis-pQTL SNPs which are significantly associated with circulating 

proteins (p<5x10-8) from two pQTL GWASs[12][13]. More details are described in the online 

supplement. 

Statistical analysis 

We performed MR using “TwoSampleMR” R package[18]. For proteins with a single cis-SNP, 

the Wald estimator (βIPF/βprotein) was used to estimate the effect of the protein on IPF risk. Where 

multiple SNPs were available, our primary analyses used an inverse variance weighted (IVW) 

estimator[19]. Benjamini-Hochberg correction was applied to adjust for the multiple proteins 

tested, which is likely to be conservative because some protein levels are partially correlated 

with each other. (False discovery rate [FDR] of 0.05 with 507 multiple testing for Sun et al. and 

733 multiple testing for Emilsson et al.) 

Colocalization analysis 

Candidate IPF-influencing proteins supported by MR were evaluated via colocalization analyses 

using the “coloc” R package[20] and eCAVIAR[21] for the proteins in Sun et al.[12], which 



  

provided genome-wide summary statistics for each protein. Colocalization analysis is a way to 

estimate the posterior probability of whether the same genetic variants are responsible for the 

two GWAS signals (in this case the protein level and IPF) or they are distinct causal variants that 

are just in LD with each other. The detailed methods are in the online supplement. 

LocusZoom[22] plots were created to visualize these colocalizations. 

Sensitivity analysis 

Sensitivity analyses were performed for proteins with support from MR and colocalization 

analyses. Multiple cis-SNPs in weak LD (r2<0.6) with the leading cis-SNPs for candidate 

proteins were included in IVW and MR-Egger analyses that considered correlated variants using 

the “MendelianRandomization” R package[23][24], because consistency of estimates could 

strengthen the hypothesized effects. MR-Egger allows for a y-intercept term using a 

random-effects model. An intercept different from zero indicates directional horizontal pleiotropy, 

suggestive of a violation of the third MR assumption. The detailed methods are in the online 

supplement. Bidirectional MR was also conducted to test whether IPF had an effect on 

candidate protein levels. 

To further test for the presence of horizontal pleiotropy, potential pleiotropic effects of each 

protein-associated SNP were searched using Phenoscanner[25][26], a database with over 65 

billion associations and over 150 million unique genetic variants. 

  



  

 

Transcriptomic data in lung tissue 

We further investigated FUT3 and FUT5 using microarray-based transcriptomic data in whole 

lungs; GSE32537[27]. Logistic regression was fitted to assess the associations between IPF 

and standardized log-transformed expressions, adjusted for age, sex and smoking status (ever 

vs never). We additionally explored the expression profiles using two single-cell RNA 

sequencing (scRNA-seq) datasets; GSE135893[28] and GSE136831[29]. The unique molecular 

identifier (UMI) counts of FUT3 was compared between IPF and control subjects, stratified by 

each cell type annotation according to the original manuscripts. Detailed methods are described 

in the online supplement. 

 

 

Results 

Cohort characteristics 

The GWAS of circulating protein levels from the INTERVAL study[12] (Sun et al.) consisted of 

3,301 participants of European descent in England (mean age: 43.7 years, Table 1). The 

circulating protein GWAS from the AGES Reykjavik study[13] (Emilsson et al.) recruited 3,200 

Icelanders with a mean age of 76.6 years (Table 1). 

  



  

 

The IPF GWAS was a meta-analysis of three distinct cohorts, which in total consisted of 2,668 

cases and 8,591 controls[11]. The mean age was 67.3 years for cases and 64.7 years for 

controls, respectively. It is highly unlikely that there was any overlap of participants between the 

proteome and IPF GWAS, since they largely included different geographical locations. 

Demographic characteristics from each study can be found in Table 1 and the online 

supplement. 

 

Mendelian randomization 

After MR scanning across 507 and 733 proteins from the two separate pQTL GWASs (834 total 

proteins, 406 of which were overlapped) for their association with IPF, three candidate proteins 

survived Benjamini-Hochberg correction. These proteins were: galactoside 

3(4)-L-fucosyltransferase (FUT3), alpha-(1,3)-fucosyltransferase 5 (FUT5), and tumor necrosis 

factor receptor superfamily member 6B (TNFRSF6B) (Table 2). FUT3 and FUT5 were replicated 

by both Sun et al. and Emilsson et al. GWASs. A one SD genetically determined higher plasma 

FUT3 and FUT5 had on average 19% and 24% lower risk of developing IPF (OR: 0.81, 95%CI: 

0.74–0.88, p=6.3x10-7, and OR: 0.76, 95%CI: 0.68–0.86, p=1.1x10-5, respectively) (Table 2). 

Some previously described biomarkers for IPF, namely MMP-1, MMP-7[6][7], and CCL-18[9], 

and other members of fucosyltransferase family; FUT8, FUT10, and POFUT1 were also 



  

assessed in this MR study. None showed causal effects on IPF risk (Table 3, S1-2). Tables S1-2 

show the results of all proteins analyzed. 

Colocalization analysis 

We performed colocalization analyses between the GWASs for candidate proteins (FUT3, FUT5 

and TNFRSF6B) in Sun et al. and IPF GWAS to assess potential confounding due to LD. Both 

FUT3 and FUT5 were well-colocalized with IPF by coloc with posterior probabilities of 99.9% 

and 97.7% for a shared signal, respectively. TNFRSF6B had a lower posterior probability of 

15.8% (Figure 2). eCAVIAR estimated high colocalization joint-posterior probabilities (CLPP) in 

FUT3 and FUT5 SNPs (0.28 and 0.016, respectively) but TNFRSF6B had a low CLPP with 

4.3x10-6 (Figure 2). Given the lack of clear colocalization for TNFRSF6B, remaining analyses 

were focused on FUT3 and FUT5. 

Sensitivity analyses 

In Sun et al.[12], three cis-SNPs (rs104097772, rs12982233, and rs812936) were independently 

associated with FUT3 level when conditioned on the lead SNP; rs708686. One trans-SNP 

(rs679574) was also identified for FUT3 level. Two cis-SNPs (rs3760775 and rs4807054) were 

identified for FUT5, which were independently associated when conditioned on the lead SNP; 

rs778809. FUT3’s trans-SNP (rs679574) was removed from analyses because it is palindromic 

and has a minor allele frequency of 0.49, making it impossible to harmonize with the IPF GWAS 

statistics. By using a method that can incorporate SNPs in LD[23], we included the other three 



  

cis-SNPs (rs104097772, rs12982233, and rs812936) which are in partial LD (r2≤0.54) with the 

sentinel SNP; rs708686. For FUT5, we included additional two cis-SNPs (rs3760775 and 

rs4807054) that are in partial LD (r2≤0.12) with the leading SNP; rs778809. The SNPs used 

were all identified in Sun et al. and are listed in Table S3. MR analyses, accounting for LD, using 

multiple cis-SNPs showed similar estimates both for FUT3 (IVW OR: 0.84, 95%CI: 0.78-0.91, 

p=9.8x10-6, MR-Egger OR: 0.69, 95%CI: 0.50-0.97, p=0.03) and FUT5 (IVW OR: 0.84, 95%CI: 

0.77-0.92, p=1.4x10-4, MR-Egger OR: 0.59, 95%CI: 0.38-0.90, p=0.01) (Table 4, Figure S1). 

The MR-Egger intercept estimates were close to the null, suggesting no detected evidence of 

directional pleiotropy (Table 4). Bidirectional MR provided no evidence that IPF influences FUT3 

and FUT5 levels. (Table S4-5). 

 

Although FUT3/5 SNPs are on the same chr19 as the genome-wide significant SNP in the IPF 

GWAS (rs12610495, near DPP9), they were not in LD (Figure S2). However, given the LD 

between FUT3’s and FUT5’s cis-SNPs (rs708686 and rs778809/rs10420107, r2=0.49), we 

performed statistical fine-mapping on the locus using FINEMAP[30] to explore the most 

important causal SNPs in IPF GWAS[11]. FUT3’s SNP; rs708686 had the highest log10(Bayes 

factor [BF]) at 3.4 and FUT5’s SNPs; rs778809/rs10420107 had a log10BF at 1.8, suggesting 

FUT3’s SNP had a higher probability of being causal for IPF (Figure S3). Detailed methods are 

in the online supplement. 



  

Other shared genetic associations 

Phenoscanner searches identified that FUT3’s cis-SNP, rs708686, was also associated with an 

increased level of FUT5[12] and decreased levels of vitamin B12[31], lactoperoxidase[12], 

lithostathine-1-alpha[32] and FAM3B[12]. FUT5’s cis-SNPs, rs778809 and rs10420107, were 

associated with increased levels of FUT3 and decreased levels of FAM3B[12] (Table S6). 

Rs778809 was also associated with the plasma levels of CA19-9 and CEA in individuals of 

Asian ancestry but the directions of the effects were not mentioned in the report[33]. Since we 

used cis-SNPs for FUT3 and FUT5, these pleiotropic effects on other molecules were more 

likely to represent vertical pleiotropy, where SNPs influencing levels of FUT3 and FUT5 in turn 

affect levels of the other molecules. Vertical pleiotropy does not violate the assumptions of MR. 

No other respiratory diseases or smoking habits were identified to be genome-wide significantly 

associated with FUT3/5 cis-SNPs (p<5x10-8). We identified moderate associations between the 

FUT3 pQTL SNP and asthma (rs708686 allele T which decreases FUT3 level also decreases 

the risk of asthma, P=1.1x10-3) and between the FUT5 pQTL SNP and asthma (rs778809 allele 

A which decreases FUT5 level also decreases the risk of asthma, P=3.4x10-3) in UK Biobank 

(Ncases=38,791).  

Next, to reduce the possibility of biasing the MR estimates by horizontal pleiotropy of FUT3/5 

cis-SNPs, we performed MR to test if the potential confounders described above, namely 

vitamin B12, lactoperoxidase, lithostathine-1-alpha, FAM3B, CA19-9 and CEA, could have an 



  

effect on IPF risk[34]. For these traits, only genetic determinants of each molecule identified in 

European ancestries were used. None of these potential confounders had evidence of their 

effects on IPF risk using MR (Table S7). Figure 3 illustrates the overall findings. The detailed 

methods are in the online supplements. 

Literature search 

Further assessment for external validation of our findings involved a literature review by 

searching PubMed for reports published in English. The largest blood proteomic SOMAscan 

profiling study to date[35], involving 300 IPF patients and 100 matched controls for sex and 

smoking status, indicated that those with IPF had 0.89-fold lower level of FUT3 (log2FC: -0.18, 

p=0.019) but no difference in FUT5 level (log2FC: -0.024, p=0.76). 

To assess the potential horizontal pleiotropy, we next searched for articles using the search 

terms “idiopathic pulmonary fibrosis” and each potential confounding factor, namely, vitamin B12, 

lactoperoxidase, lithostathine-1-alpha, FAM3B, CA19-9 and CEA. No previously published 

articles were found to describe the molecular mechanism of these factors in IPF 

pathophysiology. 

Transcriptomic data of lung tissue 

Using microarray-based transcriptomic data in whole lungs (GSE32537), we confirmed that high 

FUT3 expression level was associated with reduced risk of IPF (OR: 0.50 per 1 SD increase, 

95%CI: 0.31-0.80, p=3.4x10-3), but FUT5 was not clearly associated with IPF (OR: 0.72 per 1 



  

SD increase, 95%CI: 0.46-1.1, p=0.14, Ncase/Ncontrol=119/50, Figure 4, Table S8).  

scRNA-seq analyses from two public datasets (GSE135893 or GSE136831) revealed that FUT3 

was mainly expressed in epithelial cells in lungs (Figure S5). There were distinct patterns of 

epithelial cell types between IPF and normal lung tissues. Alveolar type 2 cells were decreased 

and ciliated cells were increased in IPF lungs, which was in line with previous studies[36, 37] 

(Figure S6). FUT3 expression in alveolar type 2 cells tended to be lower in IPF lungs than 

normal lungs (p=1.9x10-48 in GSE135893 and p=0.16 in GSE136831, Figure S7). Detailed 

results are described in the online supplement. 

 

 

Discussion 

We undertook MR analyses of 834 circulating proteins to assess their effect on susceptibility to 

IPF in the largest GWAS studies of these traits available to date. Our analyses showed that 

subjects with genetically-determined higher circulating levels of FUT3 and FUT5 had lower 

susceptibility to IPF. Colocalization of FUT3/5 and IPF genetic signals and the absence of 

evidence of MR violations after thorough sensitivity analyses provided robust support of an 

etiologic effect of FUT3/5 on IPF susceptibility.  

  



  

 

MR evidence for FUT3/5 was independently replicated using Sun et al. and Emilsson et al. 

GWASs, which provide two distinct age distributions. Sun et al. tested associations between 

protein levels and age, sex, BMI and eGFR. They reported all proteins associated with either 

age, sex, BMI or eGFR with a significance threshold of p<1x10-5, whereby the positive 

association between age and FUT5 level (p=1.6x10-10) was described[12]. FUT3 level was not 

reported to be associated with any of the four demographic variables. In addition, neither FUT3 

or FUT5 was associated with age and sex amongst control samples (N=50) in publicly available 

bulk transcriptomic data in lungs (GSE32537). The genetic signals for IPF at the FUT3/5 locus 

were also consistent amongst three original IPF cohorts in the IPF GWAS study (Table S9). 

Given that the cost of measuring hundreds of proteins in adequately powered IPF studies 

involving samples collected years before disease onset is currently prohibitive, our approach 

provides an opportunity to prioritize candidate causal protein biomarkers by repurposing 

available data from large GWASs. MR studies for circulating biomarkers have often replicated or 

predicted the results of large-scale randomized controlled trials of pharmacological interventions 

to change biomarker levels[38–43]. Similarly, previous published biomarker studies have used 

MR methods to strengthen conclusions reported in the observational literature due to its 

robustness to reverse causation and most sources of confounding[44][45]. Observational 

evidence sometimes provides opposite directions of effects to genetic findings, which is also the 



  

case for IPF. For example, rs207695 has been repeatedly shown to be associated with 

increased risk of IPF and the same variant is also known to decrease the expression of DSP in 

lungs and epithelial cells[11, 46, 47]. Taken together, this suggests that genetically low DSP 

expression leads to increased risk of IPF. On the other hand, some studies had identified that 

DSP is overexpressed in IPF lung tissue compared to normal lungs[46, 48], providing an 

opposite direction of effect. However, these observational results may be influenced by reverse 

causation, where IPF may influence the transcription of DSP. Nevertheless, an independent 

observational study demonstrated lower levels of circulating FUT3 in IPF patients[35], and our 

transcriptomic analyses also supported that increased FUT3 expression was associated with 

reduced risk of IPF.  

It is still unclear how FUT3 may influence IPF risk. The fucosyltransferases encoded by FUT3 

catalyze the formation of α-1,4 fucosylated-glycoconjugates and are present only in two 

hominids, humans and chimpanzees. These genes are closely related, belonging to the Lewis 

FUT5-FUT3-FUT6 genes cluster, whose corresponding enzymes share 85% of sequence 

similarity due to duplications of ancestral Lewis gene events[49]. Both FUT3 and FUT5 allow the 

synthesis of Lewis blood-group antigens in exocrine secretions from precursor 

oligosaccharides[49]. Fucosylation is a post-translational modification that attaches fucose 

residues to polysaccharides, which partly determines mucin size and charge 

heterogeneity[50][51]. PTS domain fucosylation in mucins could influence both the affinity to 



  

bind microorganism and mucocliliary clearance, consequently affecting the innate immune 

response and susceptibility to infections[52][53][54]. The gain of function MUC5B promoter SNP, 

rs35705950, has been repeatedly demonstrated to be associated with IPF risk[11][55]. 

Overexpression of MUC5B in lungs was also shown to cause mucociliary dysfunction which 

enhances lung fibrosis in a mouse model[56]. These lines of evidence suggest a plausible link 

between MUC5B and fucosylation where host defenses influence the pathophysiology of 

pulmonary fibrosis. 

Elevated levels of CA19-9 had been shown to be associated with severity of pulmonary 

fibrosis[57]. However, our results found no evidence of this biomarker being causal for IPF. 

We observed that increased levels of FUT3 reduces susceptibility to IPF, which appears to 

contradict to the previous studies since the FUT3 (Lewis) enzyme is known to be essential for 

biosynthesis of CA19-9[58] and low levels of FUT3 lead to decreased level of CA19-9. 

However, given that the pathology of IPF is characterized by microscopic honeycombing that 

are filled with mucus and inflammatory cells[59], this leads to overproduction of glycans, 

precursors of CA19-9. Concentrations of CA19-9 had been also noted to decline in IPF 

patients after lung transplantation[60]. Elevated levels of CA19-9 are therefore likely to be a 

consequence of IPF. 

  



  

 

Like all methods, our approach has important limitations. MR results may be biased by 

potential violations of its assumptions, which are not always confirmable, except for the 

SNP-exposure associations. However, our study design reduced potential horizontal 

pleiotropy by using cis-SNPs backed by a biologically plausible rationale on protein levels and 

are unlikely to be mediated by other molecules. Further, we undertook multiple sensitivity 

analyses to evaluate potential pleiotropic effects and did not identify evidence of horizontal 

pleiotropy for FUT3/5 and IPF. We also undertook colocalization analyses, which additionally 

strengthened support of a shared genetic cause of FUT3/5 with IPF. Given the limited 

ethnicity of the current study population, further studies are needed to confirm generalizability 

of these findings to non-European ancestry. Last, it was not ruled out in Sun et al[12] that the 

association between cis-SNP rs708686 and the FUT3 level measured by SOMAscan was 

influenced by potential epitope-binding artefacts driven by protein-altering variants. The 

negative MR findings of the causal relationships between established IPF biomarkers and IPF 

susceptibility could be attributed to the known evidence of modest correlations between some 

proteins measured by aptamer-based technology and those measured by immunoassay[61]. 

Such lack of correlation can lead to false-negative findings. 

  



  

 

As FUT3/5 pQTL SNPs were in LD and pleiotropic to each other, we could not confirm 

whether FUT3 and FUT5 had independent roles on IPF or whether they are influenced by 

each other. However, our sensitivity analyses and transcriptomic investigations suggested 

that FUT3 had a higher probability of being protective for IPF. There are no direct homologs of 

these proteins in mice, therefore in-vivo functional follow-ups were not possible. Alternatively, 

to test our results in a traditional observational study scenario, molar measurement of FUT3 in 

pre-diagnostic blood samples in larger, well-characterized, independent populations would be 

required. Unfortunately, at present, such samples are limited, given IPF’s low incidence rate, 

but these should become more widely available with the development of large-scale 

population-based longitudinal biobanks. 

In summary, undertaking an efficient MR scan of circulating proteins, our study demonstrated 

that genetically increased circulating FUT3 level is associated with reduced risk of IPF. These 

findings provide insights into the pathophysiology of this life-threatening disease, which may 

have potential translational relevance by identifying new targets for needed interventions. 
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Table 1: Demographic characteristics of the study cohorts. 
     

        

 
Sample size Ethnicity 

Age 

(mean) 

Sex (% 

males) 

Smokers 

(%) 
Assay Sample 

Proteome GWAS 
       

   Sun et al. (INTERVAL study) 3,301 British 43.7  51.1  8.6‡ SOMAscan plasma 

   Emilsson et al. (AGES Reykjavik 

study) 
3,200 Icelandic 76.6* 42.7* 12* SOMAscan serum 

IPF GWAS Allen et al. 
       

   cases 2,668 European 67.3  69.3  72.5§ - - 

   controls 8,591 European 64.7† 57.1  66.1§ - - 

        
* demographic characteristics were calculated with total participants in AGE Reykjavik study (n = 5,457). For smoking status, there is 

insufficient data to differentiate between current or ever smokers.  

† mean age was calculated with samples from the Chicago-based and UK-based studies (n = 3,908) since this information was not available 

for the Colorado-based study. 

‡ % of current smokers. 
       

§ % of ever smokers (calculated with samples from the Chicago-based and UK-based studies [n = 1,153 for cases and n = 3,908 for controls] 

since this information was not available for the Colorado-based study. 
     

  



Table 2: Mendelian randomization analyses of proteome for IPF. 
        

               

 
CHR POS SNP 

Effect 

Allele 

Protein GWAS IPF GWAS 
MR estimate per increase in 

protein levels 

 
Protein 

Allele 

freq 
Effect* P-value PVE† (%) 

Allele 

freq 
Effect P-value OR (95% CI) P-value 

Sun et al.  

(INTERVAL study) 

19 5840619 rs708686 C FUT3 0.73  0.85  3.1x10
-273

 27.3  0.72  -0.18  6.3x10
-7

 0.81 (0.74 - 0.88) 6.3x10
-7

 

19 5830302 rs778809 G FUT5 0.70  0.58  1.3x10
-118

 14.0  0.68  -0.16  1.1x10
-5

 0.76 (0.68 - 0.86) 1.1x10
-5

 

               

Emilsson et al.  

(AGES Reykjavik study) 

19 5840619 rs708686 C FUT3 0.77  0.66  2.8x10
-126

 21.0  0.72  -0.18  6.3x10
-7

 0.76 (0.68 - 0.84) 6.3x10
-7

 

19 5833279 rs10420107 G FUT5 0.77  0.56  1.8x10
-91

 11.7  0.68  -0.16  9.2x10
-6

 0.75 (0.66 - 0.85) 9.2x10
-6

 

20 62370349 rs1056441 T TNFRSF6B 0.39  0.14  2.0x10
-8

 1.0  0.31  -0.14  1.4x10
-4

 0.38 (0.23 - 0.62) 1.4x10
-4

 

               

               
CHR=chromosome; POS=position (hg19), MR=mendelian randomization 

        
* Effect= in Sun et al, each protein was first natural log-transformed and adjusted for age, sex, and duration between blood draw and processing, followed by rank-inverse normalization. 

In Emilsson et al, effect sizes were estimated for Yeo-Johnson transformed protein level, and thus we could not interpret the magnitude of the effect sizes. 

† PVE=phenotypic variance explained by the cis-pQTL SNP. 
         

 

 

 

      



  

  

               

 
CHR POS SNP 

Effect 

Allele 

Protein GWAS IPF GWAS 
MR estimate per increase 

in protein levels 

 
Protein 

Allele 

freq 
Effect* P-value 

PVE† 

(%) 

Allele 

freq 
Effect P-value OR (95% CI) P-value 

Emilsson et al.  

(AGES 

Reykjavik 

study) 

11 102697731 rs471994 G MMP1 0.66  0.55  7.0 x 10-107 19.1  0.65  -0.01  0.84  0.99 (0.87 - 1.12) 0.84  

11 102401633 rs11568819 G MMP7 0.95  -0.50  5.0 x 10-21 3.0  0.94  -0.04  0.59  1.08 (0.82 - 1.42) 0.59  

17 34392880 rs712042 T CCL18 0.89  -0.89  7.0 x 10-124 13.4  0.86  -0.04  0.42  1.05 (0.94 - 1.16) 0.42  

               
CHR=chromosome; POS=position (hg19), MR=mendelian randomization 

        
* Effect= In Emilsson et al, effect sizes were estimated for Yeo-Johnson transformed protein level, and thus we could not interpret the magnitude of the effect sizes. 

† PVE=phenotypic variance explained by the cis-pQTL SNP. 
         

  Table 3: Mendelian randomization analyses of known IPF circulating biomarkers. 
 



  

Table 4: MR analyses considering LD patterns using multiple cis-SNPs for FUT3 and FUT5. 
  

        

Protein Method 

MR estimate per 1 SD increase in 

protein levels 
Heterogeneity test Intercept 

OR (95% CI) P-value Test Statistic P-value Intercept (95% CI) P-value 

FUT3 
Inverse variance weighted 0.84 (0.78 - 0.91) 9.8 x 10-6 6.06  0.11  - - 

MR Egger 0.69 (0.50 - 0.97) 0.03  3.98  0.14  0.15 (-0.09 - 0.38) 0.23 

FUT5 
Inverse variance weighted 0.84 (0.77 - 0.92) 1.4 x 10-4 7.19  0.03  - - 

MR Egger 0.59 (0.38 - 0.90) 0.01  2.52  0.11  0.19 (-0.03 – 0.40) 0.09 

        
MR was performed using “mr_inv” and “mr_egger” functions in “MendelianRandomization” v0.4.3. 

 
Correlation matrices of SNPs were calculated using plink --r square with 503 individuals in the European subset of 1000 Genome projects. 

We used a fixed-effects IVW method and a random-effects MR-Egger method. 
   



Legends 

 

Figure 1. Overall study design. 

  



  

 



  

 



  

 

  



  

Figure 2. Regional LocusZoom plots and the colocalization analyses results. 

Regional LocusZoom plots of three candidate IPF-influencing proteins by using LocusZoom. 

Each point represents a variant with chromosomal position on the x axis (within 500kb regions 

of each sentinel variants for candidate proteins) and the -log10(p-value) on the y axis. Variants 

are colored in by linkage disequilibrium with the sentinel variant. Blue lines show the 

recombination rate, and gene locations are shown at the bottom of the plot. PP4=posterior 

probability that the two traits share causal variants calculated by “coloc” R package. 

CLPP=the colocalization joint posterior probability (CLPP) that the variants are causal for two 

traits calculated by eCAVIAR. (A) FUT3 (B) FUT5 (C) TNFRSF6B 

  



  

 

  



  

Figure 3. Directed acyclic graphs illustrating the MR conclusions in four different scenarios. 

In all four scenarios, there was no evidence that the MR estimate of FUT3 and FUT5 on the 

IPF risk were biased by the violations of MR assumptions. Since we focused on cis-acting 

pQTL SNPs for FUT3 and FUT5, these pleiotropic effects on other molecules’ levels are more 

likely to be vertical pleiotropy, rather than horizontal pleiotropy. Vertical pleiotropy occurs 

when cis-pQTL SNPs influence levels of FUT3 and FUT5 and these two proteins affect the 

levels of other molecules, which does not bias MR estimates. Moreover, MR analysis using 

possible confounders as the exposure and IPF as the outcome, no causal relationships were 

validated. As FUT3/5 pQTL SNPs were in LD and pleiotropic to each other, we could not 

confirm whether FUT3 and FUT5 had independent roles on IPF susceptibility. 

(A) FUT3-associated cis-pQTL SNP rs708686 has an effect on IPF via FUT3 and FUT5. 

FUT3 has a direct effect on IPF and an indirect effect via Vitamin B12, lactoperoxidase, 

lithostathine-1-alpha and FAM3B, which is an example of vertical pleiotropy that would not 

bias FUT3’s MR estimate. However, this indirect effect was not supported by either MR 

evidence (Table S7) or literature/database searches. 

(B) FUT3-associated cis-pQTL SNP rs708686 has an effect on IPF via FUT3, FUT5 and 

potential confounding variables; Vitamin B12, lactoperoxidase, lithostathine-1-alpha and 

FAM3B. These confounders represent an example of horizontal pleiotropy that would bias 

FUT3’s MR estimates. However, horizontal pleiotropic effects via these confounders were 



  

not supported by either MR analysis (Table S7) or literature/database searches.  

(C) FUT5-associated cis-pQTL SNPs rs778809 and rs10420107 have a direct effect on IPF 

via FUT5 and FUT3, and an indirect effect via FAM3B, CA19-9 and CEA. This indirect 

effect represents vertical pleiotropy and would not bias FUT5’s MR estimate. This indirect 

effect, however, was not supported by either MR evidence (Table S7) or 

literature/database searches.  

(D) FUT5-associated cis-pQTL SNPs rs778809 and rs10420107 have a direct effect on IPF 

via FUT5, FUT3, and potential confounding variables: FAM3B, CA19-9 and CEA. These 

confounders represent an example of horizontal pleiotropy that would bias FUT5’s MR 

estimates. However, horizontal pleiotropic effects via these confounders were not 

supported by either MR analysis (Table S7), or literature/database searches. 

  



  

 

Figure 4. FUT3 and FUT5 expression in whole lung, compared between IPF/UIP and controls. 

This figure is based on data from micro-array based lung transcriptomic dataset (GSE32537). 

Standardized log-transformed expression levels were compared between IPF/UIP (N=119) 

and controls (N=50). P-values were calculated by logistic regressions adjusted for age, sex 

and smoking status. 
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SUPPLEMENTARY MATERIAL AND METHODS 

Selecting genetic determinants of circulating protein levels 

We first identified genome-wide significant single nucleotide polymorphisms (SNPs) (p<5x10-8) 

associated with circulating protein levels (referred to as protein quantitative trait loci (pQTL) 

SNPs) in the two studies[1][2] and then limited these SNPs to those that were cis-acting. The 

definitions of “cis-pQTL SNPs” were different between the two studies and within 1 Mb of the 

transcription start site of genes encoding the corresponding protein in Sun et al.[1] and within 

300 kb window across the corresponding protein-coding sequence in Emilsson et al.[2] Since 

multiple independent pQTL SNPs were reported by conditional analyses in Sun et al., we 

selected multiple independent, i.e. not in linkage disequilibrium (LD) with r2≤0.001, cis-pQTL 

SNPs within the 500 kb of the leading cis-pQTL SNPs[3]. The pairwise correlation of SNPs were 

calculated using the 503 individuals in the European subset of 1000 Genome projects[4].  

Both pQTL GWASs used the SOMAscan assay which uses aptamers to measure protein levels. 

Each protein has its own detection reagent selected from chemically modified DNA libraries, 

referred to as Slow-Off rate Modified Aptamers (SOMAmers). Detailed methods of SOMAscan 

assay are described elsewhere[1][2]. The median variation in protein levels explained by pQTL 

SNPs was 5.8% (interquartile range: 2.6 – 12.4%) in Sun et al. Phenotypic variance explained 

by the cis-pQTL SNP was calculated by using the formula described elsewhere[5]. From 

Emilsson et al., we selected the SNPs with the lowest p-values when the SNPs for the same 

protein with the different SOMAmers were available. Next, we assessed whether these same 

SNPs had been analyzed in the IPF GWAS[6], matching on rs number and position. When they 

were not, we identified LD proxies for these SNPs using an r2 threshold of > 0.8 using 1000G 

European reference panel[4]. Both the pQTL GWASs and the IPF GWAS were built on Genome 

Reference Consortium Human Build 37 (GRCh37). We detected the allele flipping by inferring 

the forward strand alleles using allele frequency information with the “harmonise_data” function 

from “TwoSampleMR” R package from MR-base[7] and discarded the palindromic and 

ambiguous SNPs and the SNPs matched by LD proxies with minor allele frequency > 0.42, 

since we could not infer these strands correctly. This identified 558 SNPs associated with 507 

plasma protein levels (540 different SOMAmers) and 731 SNPs associated with 733 plasma 

protein levels, respectively from the two pQTL GWAS studies. 406 proteins were overlapped 

and repeatedly tested by using Sun et al. and Emilsson et al. The list of proteins we analyzed is 

described in Table S1 and S2. 

 

Colocalization analysis 

We conducted two sets of colocalization analysis using “coloc” R package[8] and eCAVIAR[9]. 

Coloc is a Bayesian approach that allows us to understand whether the same variants are 

responsible for the two GWAS signals (in this case the protein level and IPF) or they are distinct 

causal variants that are just in LD with each other. eCAVIAR is another probabilistic approach 

that accounts for the marginal statistics (i.e. Z score) obtained from the GWASs and LD 



 

structure of each locus and has been demonstrated to have higher accuracy and precision than 

coloc[9]. In coloc analysis, we selected the regions within 1 Mb of the lead SNPs for FUT3 

(rs708686), FUT5 (rs778809) and TNFRSF6B (rs1056441) both from Sun et al.[1] and the IPF 

GWAS[6]. As allele frequency information was not provided in Sun et al.[1], we used 503 

individuals in the European subset of 1000 Genome projects to estimate the allele frequency. 

We selected the exactly same regions as coloc analyses and performed eCAVIAR[9] by setting 

the maximum number of causal SNPs as one with otherwise the default setting. Whereas the 

posterior probability was estimated for each locus with coloc, the colocalization posterior 

probabilities (CLPP) score in eCAVIAR was assigned to each variant within the locus. CLPP is a 

joint-probability that the variant is causal both in the protein GWAS and the IPF GWAS. The 

cut-offs for colocalization we applied were 80% in coloc and 0.01 in eCAVIAR, as described 

previously[8][9]. 

 

MR analysis using multiple cis-SNPs 

As a sensitivity analysis, we included multiple cis-SNPs to perform MR using “mr_inv” and 

“mr_egger” functions in “MendelianRandomization” v0.4.3[10]. Correlation matrices of SNPs 

were calculated using plink --r square with 503 individuals in the European subset of 1000 

Genome projects. We used a fixed-effects IVW method and a random-effects MR-Egger 

method. 

 

Fine-mapping 

FINEMAP is a stochastic search algorithm to explore a set of the most important causal SNPs. 

To assess the posterior probability of causality of the SNPs for IPF in 19p13.3 locus, we first 

applied GCTA-COJO[11][12] with parameters of --cojo-wind 20000, --cojo-slct, --cojo-collinear 

0.9, and --cojo-p 1e-06 to define the conditionally independent SNP using the IPF GWAS 

summary statistics[6]. Rs708686 was defined as the conditionally independent SNP. We next 

calculated the posterior probability of causality of all the SNPs within 500 kb of rs708686 using 

FINEMAP v1.3.1[13] with parameters of --n-causal-snps 20, --corr-config 0.9, --corr-group 0.9 

and –prior-std 0.21. 

 

MR analysis to test the causal relationships between possible confounders and IPF 

To reduce the possibility of biasing the MR estimates by horizontal pleiotropy of FUT3/5 

cis-SNPs, we performed MR to test if potential confounders, namely vitamin B12, 

lactoperoxidase, lithostathine-1-alpha, FAM3B, CA19-9 and CEA could have an effect on IPF 

risk[14]. For these traits, only genetic determinants of each molecule identified in European 

ancestries were used. (Table S7). Since the underlying biology of these SNPs is not fully 

understood, we performed MR Steiger[14] using “mr_steiger” function in “TwoSampleMR” to 

orient the direction of causality. 

 



 

Transcriptomic data in lung tissue 

We identified several publicly available transcriptomic data performed both in IPF and control 

lung tissue published in peer-reviewed journals; two RNA sequencing data (SRP033095 

[Ncase=8, Ncontrols=7], SRP010041[Ncase=3, Ncontrols=3]) and four microarray data 

(GSE21411 [Ncase=23, Ncontrol=6], GSE24206 [Ncase=11, Ncontrol=5], 

GSE32537(Ncase=119, Ncontrol=50), GSE35147 (Ncase=4, Ncontrol=4)). Since GSE32537 

had the largest sample size and provided detailed information of phenotypes (age, sex, smoking 

status, pulmonary function tests), we decided to use GSE32537[15] for the analysis with 

“GEOquery v2.50.5” R package. 

 

According to the original manuscript, “intensity data was log2-transformed, quantile normalized 

using robust multi-array average (RMA), and expression levels were summarized on a transcript 

level using the mean value of all probesets mapping to a transcript.  Non-expressed and 

invariant transcripts were removed using a median variance filter, corrected by a 

Benjamini-Hochberg false discovery rate (FDR) of 0.10, resulting in a final dataset of 11,950 

transcript measurements across 217 samples”[15]. 

As a quality control, we checked if FUT3 and FUT5 expression levels were associated with age, 

sex, or smoking status amongst controls (N=50). Logistic regression models were fitted to 

assess if FUT3 and FUT5 expression levels was associated with IPF, adjusted for age, sex, and 

smoking status (ever vs never).  

 

Single-cell RNA sequencing data of lung tissue 

We further investigated the expression profiles of FUT3 and FUT5 in lungs at single-cell 

resolution. We used two publicly available datasets, GSE136831 (Ncase=12, Ncontrol=10) [16] 

and GSE135893 (Ncase=32, Ncontrol=28)[17], both of which were sequenced with 10x 

Genomics Chromium platform. For GSE136831 data, we created Seurat object by applying 

“Read10x” function to GSE136831_AllCells.GeneIDs.txt.gz, 

GSE136831_AllCells.cellBarcodes.txt.gz and GSE136831_RawCounts_Sparse.mtx.gz, 

followed by “CreateSeuratObject” function in “Seurat v3.2.3” package. Meta data was obtained 

from GSE136831_AllCells.Samples.CellType.MetadataTable.txt.gz. This dataset had already 

been pre-processed and cells were kept if >12% of transcriptome was from intron-spanning 

reads, <20% were mitochondrial origin, and with at least 1,000 unique genes captured. For 

GSE135893 data, GSE135893_ILD_annotated_fullsize.rds was used for the downstream 

analysis. This dataset had already been pre-processed and cells containing less than 1,000 

nFeature_RNA and more than 25% percentage of mitochondrial genes were filtered out.  

 

FUT3 and FUT5 were not well detected in either GSE135893 or GSE136831 (FUT3: 2.9% out of 

total cells had non-zero counts in GSE135893 and 0.66% in GSE136831, FUT5: 0% in 

GSE135893 and 0.13% in GSE136831). Although clearly such data should be interpreted with 



 

caution, we decided to analyze FUT3, which were relatively more expressed. 

 

We applied three sets of statistical analyses to compare FUT3 expression levels between IPF 

and controls, stratified by cell types annotated in the original manuscripts. First, we compared 

FUT3 expression level treating each individual cell as an independent sample by applying 

Wilcoxon rank sum test using “wilcox.test” R package, whose results were described in the main 

text. Second, we averaged the FUT3 expression for each subject to create a single “sample” 

representative for each cell type. Last, we applied linear mixed model to account for the 

dependency of subjects using “lme4” R package with the following formula. 

𝑔𝑙𝑚𝑒𝑟( 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 ~ 𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑠 + (1 | 𝑠𝑢𝑏𝑗𝑒𝑐𝑡), 𝑓𝑎𝑚𝑖𝑙𝑦 = 𝑔𝑎𝑢𝑠𝑠𝑖𝑎𝑛) 

, where 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 denotes UMI counts transformed by using “SCTransform” function. 

 

 

SUPPLEMENTARY RESULT 

Cohort characteristics 

The IPF GWAS was a meta-analysis of three distinct cohorts, which in total consisted of 2,668 

cases and 8,591 controls[6]; a Chicago-based study with 541 IPF cases and 542 controls[18], a 

Colorado-based study with 1,515 fibrotic idiopathic interstitial pneumonia cases and 4,683 

controls[19][20], and a UK-based study with 612 IPF cases and 3,366 controls[21]. The mean 

age was 67.3 years for cases and 64.7 years for controls, respectively, 69.3% of cases were 

males and 57.1% of controls were males. 72.5% of cases were ever smokers and 66.1% of 

controls were ever smokers (Table 1). 

In Chicago study[18], IPF cases were selected from the University of Chicago and University of 

Pittsburgh via the Lung Tissue Research Consortium (LTRC), and the Correlating Outcomes 

with biomedical Markers to Estimate Time-progression in IPF (COMET) study and the controls 

were selected from the database of genotypes and phenotypes (dbGaP) and healthy individuals 

recruited from the University of Pittsburgh. All individuals were unrelated, of European-American 

ancestry. 

In the Colorado Study[19][20], 1,515 fibrotic idiopathic interstitial pneumonia cases were 

recruited from the National Jewish Health IIP population, InterMune IPF trials, UCSF, Vanderbilt 

University IIP population and the National Heart, Lung and Blood Institute Lung Tissue 

Research Consortium. 4,683 controls were generated at Centre d’Etude du Polymorphisme 

Humain and approved for use as controls in other studies. Controls were selected such that they 

were genetically similar to the cases based on IBS (identical by state) estimates. All individuals 

were self-reported as non-Hispanic white. 

  



 

 

In UK study[21], 612 IPF cases recruited from nine different centres in the UK. All diagnoses 

were made in accordance with accepted ATS/ERS criteria[22][23]. 3,366 controls selected from 

UK Biobank such that they had no history of any interstitial lung disease (defined by hospital 

episode statistics and cause of death) and followed a similar age, sex and smoking distribution 

to the cases. 

 

Transcriptomic data in lung tissue 

Using microarray-based transcriptomic data in whole lungs (GSE32537), both FUT3 and FUT5 

expression levels were not associated with age, sex, and smoking status (Figure S4, Table 

S10) in control lung tissue (N=50). Next, we confirmed that low FUT3 expression level was 

associated with increased risk of IPF (OR: 0.50 per 1 SD increase, 95%CI: 0.31-0.80, 

p=3.4x10-3), but FUT5 was not significantly associated with IPF (OR: 0.72 per 1 SD increase, 

95%CI: 0.46-1.1, p=0.14, Figure 4, Table S8).  

 

Single-cell RNA sequencing data of lung tissue 

FUT3 were mainly expressed in epithelial cells in two datasets according to the annotation of the 

original manuscripts (Figure S5). Both in GSE136831 and GSE135893, there were distinct 

patterns of subgroups in epithelial cells between IPF and control lung tissues; alveolar type 2 

cells (AT2) were decreased and ciliated cells and basal cells were increased in IPF lungs, which 

is in line with previous studies[24, 25] (Figure S6).  

 

FUT3 expression in AT2 cells tended to be lower in IPF lungs than normal lungs (p=1.9x10-48 in 

GSE135893 and p=0.16 in GSE136831), which is concordant with our MR evidence (Figure S7, 

Table S11).  

On the other hand, MUC5B positive cells defined in GSE135893 and ciliated cells defined in 

GSE136831 had modestly higher FUT3 expression in IPF than in controls. (Figure S7,8), 

although further validation is required. 

 



 

SUPPLEMENTARY FIGURES 

Figure S1: Bivariate plots of effect sizes of the SNPs for the exposure and the outcome.  

(A) FUT3 multiple cis-SNPs 

 

(B) FUT5 multiple cis-SNPs 

 

Each point represents the per allele effect size estimate of a SNP (lines from each point are 95% 

CI for the effect size) Both (A) FUT3 and (B) FUT5 demonstrated consistent estimates of the 

slope by IVW and MR-Egger methods accounting for correlated variants. 

  



 

Figure S2. Regional Manhattan plot of the IPF GWAS at the 19p13.3 locus. 

 

Each point represents a variant with chromosomal position on the x axis and the -log10(P value) 

on the y axis. Variants are colored in by linkage disequilibrium with rs708686. Blue=rs12610495 

(top hit on chr19, which was near DPP9 gene.) Red = rs708686 (cis-pQTL SNP for FUT3) Green 

= rs778806 (cis-QTL SNPs for FUT5.) 

 

Figure S3. Fine-mapping results of the IPF GWAS at the 19p13.3 locus. 

 

For 500 kbp region around the lead SNP; rs708686 on 19p13.3 locus, we applied statistical fine 

mapping to calculate log10 Bayes factors (BF) for each SNP as a measure of their posterior 

probability for causality. Conditional independence testing was implemented using GCTA-COJO 

and log10BF were estimated using FINEMAP. 

  



 

Figure S4: Scatter plots of standardized log-transformed FUT3 and FUT5 expression 

amongst control lung tissue (N=50). 

 



 

Figure S5: FUT3 expression (UMI counts) per cell stratified by annotated cellular type. 

 

Y axis is UMI read counts per each cell. The read counts were normalized using “SCTransform” 

function in “Seurat” package. Black dots represent the mean value per each cell type.   



 

Figure S6: Cell type proportions of epithelial cells in two scRNA-seq datasets in IPF 

and control lungs. 

 

The cell type annotations were defined by clustering analyses in the original manuscripts. 



 

Figure S7: FUT3 expression comparison between IPF and control lung epithelial cells. 

 

Y axis is read counts per each cell. The read counts were normalized using “SCTransform” 

function in “Seurat” package. Black dots represent the mean value per each cell type. *: 

p-value<0.05, **: p-value<0.005, ***: p-value<0.0005, ****: p-value<0.00005. P-values were 

calculated by Mann-Whitney’s U test using “wilcox.test” R function, treating each individual cell 

as an independent sample. For other sensitivity analyses, please refer to Table S11.  

*

****

**

**



 

Figure S8: Comparison of the fraction of FUT3 positive cells between IPF and control 

lungs. 
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