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This study investigates genes linking oxidative stress to idiopathic pulmonary fibrosis (IPF) through
multi-omics data integration. We collected oxidative stress-related genes from GeneCards and
integrated data for gene expression (eQTLs), DNA methylation (mQTLs), and protein expression
(pQTLs). Genome-wide association study (GWAS) data on IPF from Allen et al. served as the discovery
set, with FinnGen R10 for validation. Summary data-based Mendelian randomization (SMR) and
colocalization analyses assessed interactions and shared causal variants, followed by multi-omics
integration with tissue-specific validation. SMR and colocalization screening identified 90 mQTLs, 15
eQTLs, and 2 pQTLs (KRT18 and FOXO1) linked to IPF in the discovery cohort. Twelve mQTLs were
validated in the FinnGen cohort, with MUC1 showing strong SMR and colocalization evidence (eQTL).
Multi-omics integration validated NDUFA9 (mQTL-eQTL) level and FOXO1 (mQTL-eQTL-pQTL). Our
study identified key oxidative stress-related genes (i.e., FOXO1 and NDUFA9) in IPF pathogenesis,
highlighting the need for further research to inform prevention and treatment.

Keywords Oxidative stress, Idiopathic pulmonary fibrosis, Multi-omics, Mendelian randomization analysis,
Colocalization analysis

Idiopathic pulmonary fibrosis (IPF) is a progressive lung disease that presents significant clinical challenges, with
approximately 50,000 to 100,000 new cases diagnosed annually worldwide. The disease primarily affects older
adults, and its prognosis is poor, with 3- and 5-year mortality rates estimated at 50% and 80%, respectively.
Patients typically exhibit gradually worsening dyspnea and dry cough, which severely impact their quality of
life?. Current treatment strategies focus on slowing disease progression and improving quality of life, such as
using antifibrotic agents like pirfenidone and nintedanib to reduce the rate of lung function decline’. Despite
these advancements, the underlying mechanisms of the disease remain poorly understood, which has limited the
development of targeted drugs and treatment strategies.

The progression of IPF is a complex process influenced by multiple factors, including chronic inflammation,
epithelial cell injury, fibroblast activation, and extracellular matrix remodeling. Recent studies have emphasized
the importance of understanding the mechanisms by which oxidative stress promotes IPF progression, with
OS playing a central role in driving these processes®. Oxidative stress is characterized by an imbalance between
the production of reactive oxygen species (ROS) and the body’s antioxidant defenses, which has been shown to
damage lung epithelial cells, further activate fibroblasts, and exacerbate extracellular matrix deposition, thereby
promoting fibrosis®. Moreover, the accumulation of ROS can lead to mitochondrial dysfunction, endoplasmic
reticulum stress, induction of apoptosis, cellular senescence, and activation of inflammatory responses, all
of which exacerbate the pathological processes of IPF®’. These abnormal pathways can result in further
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accumulation of oxidative stress, creating a feedback loop that contributes to a vicious cycle of oxidative stress in
the pathogenesis of IPF, thereby accelerating the irreversibility of the disease®. Given the critical role of oxidative
stress in IPF progression, it has become a potential therapeutic target. Inhibiting ROS production or enhancing
antioxidant defenses may slow or halt the progression of IPF°. However, despite the recognition of oxidative
stress as a key factor in IPF progression, the specific roles and mechanisms by which oxidative stress-related
genes impact IPF remain unclear.

Summary data-based Mendelian randomization (SMR) is a powerful tool for exploring the genetic basis
of complex traits, including oxidative stress in IPF°. By leveraging genome-wide association study (GWAS)
summary data, SMR enhances statistical power and uncovers subtle genetic associations that are critical for
advancing IPF research!?. Recent studies utilizing SMR have begun to explore the role of oxidative stress-related
genes in IPF by analyzing GWAS in conjunction with expression quantitative trait loci (eQTLs), DNA methylation
QTLs (mQTLs), and protein QTLs (pQTLs) to identify potential causal genes involved in IPF pathogenesis!!2.
However, despite laying an important foundation, these studies, due to insufficient sample sizes and a primary
focus on associations, still leave significant gaps in understanding the specific genetic changes related to oxidative
stress in IPF'112, Therefore, to address these shortcomings and ensure the robustness and clinical relevance of
the findings, there is an urgent need for comprehensive multi-omics integration and extensive validation across
multiple cohorts.

In this study, we constructed a genetic and molecular interaction landscape of IPF by integrating multi-
level data related to oxidative stress, including gene expression (eQTLs), DNA methylation (mQTLs), and
protein expression (pQTLs). This approach provides an in-depth analysis of the complex relationships between
genetics and disease susceptibility'®. By integrating diverse QTL data, we sought to preliminarily explore the
causal genetic determinants and molecular pathways that mediate the oxidative stress-driven pathogenesis of
IPF, thereby deepening our understanding of IPF genetics and providing a theoretical foundation for identifying
new therapeutic targets.

Materials and methods

Study design

In this study, we selected genes related to oxidative stress as instrumental variables across three biological layers:
DNA methylation, gene expression, and protein abundance. Independent MR analyses were conducted at each
biological level to investigate their associations with IPF. The GWAS data on IPF from Allen et al.' was used as
the primary discovery set, while the FinnGen R10 cohort dataset was employed for validation. Notably, there
were no sample overlaps between the exposure and outcome groups. To strengthen causal inference, we also
performed colocalization analyses'®-13. By integrating the results from these three MR analyses, we identified
candidate causal genes, which were further subjected to tissue-specific validation. Figure 1 summarizes the study
design and the workflow for the selection of genetic variants and analysis methods.

Data sources
Oxidative stress-related genes were extracted from the GeneCards database. By restricting the Category to
“Protein Coding” and filtering based on relevance scores, we retained 991 protein-coding genes within the top
10% of relevance scores for subsequent analysis. The summary-level data for blood mQTLs were derived from
a meta-analysis of two cohort studies: the Brisbane Systems Genetics Study (#=614) and the Lothian Birth
Cohort (n=1366) (https://yanglab.westlake.edu.cn/data/SMR/LBC_BSGS_meta.tar.gz)!?. Blood eQTL data
were obtained from the eQTLGen consortium, which encompasses blood gene expression data from 31,684
individuals (https://molgenis26.gcc.rug.nl/downloads/eqtlgen/cis-eqtl/2019-12-11-cis-eQTLsFDR-ProbeLeve
1-CohortInfoRemoved-BonferroniAdded.txt.gz)?°. The blood pQTL summary data were sourced from the UK
Biobank Proteomics-Genomics Project (UKB-PPP) by Benjamin et al., which investigates the proteome-genome
intersection in human diseases and includes data from 54,219 donors (https://www.synapse.org/Synapse:syn51
365303)%L

The summary statistics for the IPF GWAS were obtained from the dataset published by Allen et al.'® (3-way
meta-GWAS of IPF susceptibility), which includes 2668 cases and 8591 controls (https://github.com/genomicsI
TER/PFgenetics/tree/master). For the validation phase, we used the FinnGen R10 cohort dataset, which consists
of 2189 cases and 407,609 controls (https://storage.googleapis.com/finngen-public-data-r10/summary_stats/fin
ngen_R10_IPEgz).

All summary statistics used for MR analysis were derived from previously published studies (Supplementary
Table S1), all of which received ethical approval.

Summary-based Mendelian randomization analysis
We used SMR analysis to estimate the relationships between the methylation, expression, and protein abundance
of oxidative stress-related genes and IPE. SMR offers greater statistical power than traditional MR analyses
based on the most significant cis-QTLs, particularly when the exposure and outcome are derived from two
independent cohorts with large sample sizes?. In this study, we selected the most significant cis-QTLs within
a window centered on the corresponding gene (+1000 kb) and a p-value threshold of 5.0 x 107323, Single
nucleotide polymorphisms (SNPs) with an allele frequency difference exceeding a specified threshold (0.2 in
this study) between any pairwise datasets, including the LD reference sample, QTL summary data, and outcome
summary data, were excluded. For eQTLs, mQTLs, and pQTLs, the allowable allele frequency difference was set
to 0.05 by default.

Building on the SMR analysis, we employed a multi-SNP SMR approach that integrates mQTL, eQTL, and
PQTL data to investigate the causal relationships between DNA methylation and gene expression, as well as
between gene expression and protein abundance??. In SMR analysis, mQTLs were used as exposures and eQTLs
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Fig. 1. Flowchart of the analyses performed.

as outcomes, or eQTLs were used as exposures and pQTLs as outcomes. These analyses aimed to determine
whether the expression of target genes is regulated by the methylation of specific CpG sites within their functional
regions or to verify whether the expression of target genes regulates the abundance of their encoded proteins.
This study focuses on the results obtained using this method.

This approach considered all SNPs within the QTL probe window region (default of 500 kb) with p-values
below the default threshold of 5x 1078 and an LD r? value below the default threshold of 0.9 for the SNP most
strongly associated with the SMR analysis?%. In this study, we thoroughly evaluated the significance of the results
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obtained using this method. Subsequently, results without pleiotropy were screened using the HEIDI test, with
a p-value threshold of 0.05%. Therefore, under the condition that P-SMR is less than 0.05, results satisfying
P-SMR-multi < 0.05 and P-HEIDI > 0.05 were used for subsequent eQTL, mQTL, and pQTL colocalization and
integration analyses. SMR and HEIDI tests were implemented using the SMR software tool (version 1.3.1).

Colocalization analysis
We performed colocalization analysis using the “coloc” R package to detect shared causal variants between
identified oxidative stress-related mQTLs, eQTLs, or pQTLs and IPF. Specifically, we hypothesized that GWAS
loci might influence the phenotype by altering gene-related biological processes when colocalization between
GWAS signals and QTLs is observed. The colocalization analysis reports five different posterior probabilities
corresponding to five independent hypotheses: (1) no genetic association with either trait (HO); (2) genetic
association with gene expression only (H1); (3) genetic association with disease risk only (H2); (4) both traits are
associated with SNPs, but with different causal variants (H3); (5) both traits share the same causal variant (H4).

According to the published literature, the colocalization region windows for mQTL-GWAS, eQTL-GWAS,
and pQTL-GWAS colocalization analysis were set at + 500 kb, + 1000 kb, and + 1000 kb, respectively?*-2%, The
default prior probability of an SNP being associated with both exposure and outcome was set at p12=1x107°.
Although a PPH4 (posterior probability of colocalization) >0.8 has been shown to indicate strong Bayesian
evidence for colocalization, Breen et al. observed that many loci with PPH4>0.5 qualitatively exhibit
colocalization-like patterns?*?. Therefore, to enhance the sensitivity of colocalization analysis and ensure
the capture of more potential colocalization signals, particularly during the exploratory phase of the study,
we considered QTL and GWAS signals to have strong evidence of colocalization if they met the conditions
(1) PPH4>0.5 when p12=5x10~° and (2) PPH3<0.5 when p12=1x107°. This approach provides a more
comprehensive preliminary indication of colocalization®!.

All statistical analyses were performed using R (v4.3.0). The R package “ggplot2” was used for Manhattan plot
generation, “ggrepel” for Manhattan plot annotations, and “forestplot” for forest plot generation. SMRLocusPlot
and SMREffectPlot generation codes were sourced from Zhu et al.?>.

Results

Gene expression of oxidative stress-related genes in IPF

Applying the same criteria, i.e., P-SMR-multi<0.05, P-SMR<0.05, and P-HEIDI>0.05, we found that the
expression of 21 genes was significantly associated with IPF (Supplementary Table S2). However, it is noteworthy
that while these 21 genes showed significant associations in our primary analysis, their expression levels did
not consistently replicate in the FinnGen cohort (Supplementary Table S3). Additionally, further analysis in
the discovery cohort revealed that 15 of these genes showed strong evidence of colocalization (PPH4>0.5,
PPH3<0.5) (Fig. 2).

Methylation of oxidative stress-related genes in IPF

Using the criteria of P-SMR-multi <0.05, P-SMR < 0.05, and P-HEIDI > 0.05, we identified methylation sites for
156 oxidative stress-related genes corresponding to 93 genes in the discovery set (Supplementary Table S4).
Among the results from the SMR analysis, 12 sites corresponding to 10 genes were validated in the FinnGen
cohort (Supplementary Table S5), providing strong evidence of the stability and consistency of these sites across
different populations.

In the discovery cohort, we also identified 90 sites corresponding to 53 genes that showed strong evidence
of colocalization (PPH4> 0.5, PPH3 <0.5). Figure 3 illustrates key CpG sites whose associated gene expression
is significantly related to IPF risk. Among these, 12 sites were validated in the FinnGen cohort. Notably, MUCI
(cg15699386) (OR=0.6, 95% CI=0.43-0.83) was also validated in the gene expression analysis in the discovery
set and showed strong evidence of colocalization (Fig. 3). The validation results of these genes further support
their important role in IPF and suggest that they may influence lung health through oxidative stress pathways.

Protein abundance of oxidative stress-related genes in IPF

At the protein abundance level, using the same criteria (P-SMR-multi < 0.05, P-SMR <0.05, and P-HEIDI > 0.05),
we found that the protein abundance of four oxidative stress-related genes was associated with IPF risk
(Supplementary Table S6). Among these, KRT18 (OR=10.83, 95% CI=2.1-55.94) and FOXO1 (OR=2.15,
95% CI=1.02-4.53) were supported by strong colocalization evidence in the colocalization region window
(PPH4>0.5, PPH3<0.5) (Fig. 4). This suggests that the expression levels of these gene-related proteins may
play key roles in the pathological process of IPF, particularly in mechanisms related to oxidative stress. However,
despite these significant findings in the discovery cohort, these findings were not validated in the FinnGen
cohort (Supplementary Table S7).

Integration of blood mQTL and eQTL level data

We subsequently integrated key results from the SMR analysis to further explore the regulation of key oxidative
stress genes in IPF by methylation in blood. Figure 5 shows the distribution of key loci, genes, and their encoded
proteins on chromosomes. Based on single-level SMR analyses of IPF and oxidative stress-related mQTLs and
eQTLs, we identified that the genes MUCI, MAP3K7, HSF1, NDUFA9, HMGBI1, FOXO1, GPX2, and SMAD2
may have causal associations with idiopathic pulmonary fibrosis. Furthermore, SMR analysis was conducted
with blood mQTLs as the exposure and eQTLs as the outcome to explore whether methylation of CpG sites
in these cross-results significantly regulates the expression of the associated genes. We found that NDUFA9
(cg18779092, cg03680150) and FOXOI (cg23413567, cgl1244402) were significantly validated in the above
results (P-SMR-multi <0.05, P-SMR <0.05, and P-HEIDI >0.05) (Table 1, Supplementary Table S8).
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probelD Symbol OR (95%ClI) Pvalue  Pvalue (Multi) PPH4
ENSG00000105327  BBC3 —> 4.66(1.21-17.89) 0.03 0.03 0.46
ENSG00000078401  EDNI1 —a> 2.78(1.58-491) 4.05E-04 0.03 0.97 *
ENSG00000185122 HSF1 —_—s—> 262(1.21-57) 0.02 0.02 0.63 *
ENSG00000139180 NDUFA9 —s— 1.89(1.22-2.92) 4.42E-03 0.01 0.77 *
ENSG00000169032 MAP2K1 —— 1.88 (1.27 - 2.77) 1.51E-03 6.82E-03 (.97
ENSG00000185499  MUCI1 —e 1.8 (1.16 - 2.78) 8.53E-03 1.78E-03 0.71 *
ENSG00000140945  CDH13 —a— 1.67 (1.03 - 2.7) 0.04 6.76E-03 0.24
ENSG00000115419 GLS —— 1.52 (1.13 - 2.04) 5.97E-03 0.04 053
ENSG00000132170  PPARG —a— 1.44 (1.1 - 1.87) 7.31E-03 3.58E-03 0.63 *
ENSG00000165672  PRDX3 —a— 1.34 (1.01 - 1.8) 0.05 5.42E-03 0.21
ENSG00000131389  SLC6A6 —a— 1.27 (1.04 - 1.55) 0.02 0.04 0.03
ENSG00000157017  GHRL i 0.61 (0.43 - 0.86) 4.91E-03 4.00E-03 0.7 *
ENSG00000135341 MAP3K7 - 0.55 (0.36 - 0.86) 7.84E-03 5.91E-03 0.57 *
ENSG00000006638 TBXA2R —a— 0.5 (0.26 - 0.97) 0.04 0.04 0.27
ENSG00000175387 SMAD?2 —— 0.45 (0.21 - 0.98) 0.05 0.05 0.57 *
ENSG00000176153  GPX2 - 0.39 (0.21 - 0.75) 4.73E-03 1.99E-03 0.82 *
ENSG00000156273  BACHI —-— 0.32(0.13-0.8) 0.02 0.01 0.52*
ENSG00000189403 HMGB1  +—&— 0.31 (0.11 - 0.85) 0.02 0.02 058
ENSG00000101182 PSMA7  +=— 0.3 (0.12-0.77) 0.01 0.01 0.62 *
ENSG00000183765 CHEK2 +#— 0.29 (0.1 - 0.88) 0.03 0.03 0.44
ENSG00000150907 FOXO1  +e#—— 0.22 (0.06 - 0.85) 0.03 5.03E-03 0.78 *
| | |
0 1 2

Fig. 2. Associations of genetically predicted oxidative stress-related gene expression with idiopathic
pulmonary fibrosis (IPF) in Mendelian randomization analysis. Odds ratios (ORs) with 95% confidence
intervals (CIs) were derived from the SMR analysis. The horizontal bars denote the ORs (x-axis), where values
greater than 1 indicate a positive association with IPF risk, and values less than 1 indicate a protective effect.
P-value indicates the nominal significance level from SMR.P-value (Multi) refers to the p-value adjusted for
multiple testing. PPH4 is the posterior probability that the same causal variant influences both gene expression
and IPF risk; values above 0.5 are considered supportive of colocalization (marked with an asterisk “*”).

Integration of blood eQTL and pQTL level data

Based on our key findings from the comprehensive analysis of IPF and oxidative stress-related mQTL-eQTLs,
we further explored the relationship between oxidative stress-related blood pQTLs and IPF GWAS. This series
of analyses aimed to elucidate how genetic variants influence the development of IPF by affecting protein and
gene expression levels. Notably, we observed significant validation of FOXO1 protein in the pQTL-GWAS SMR
analysis (Fig. 4). However, when investigating the regulatory relationship between the eQTL and pQTL signals of
FOXO1, we found that the SMR P-value (P-SMR) was 0.054, which narrowly missed the conventional threshold
for statistical significance (Table 1, Supplementary Table S9). Meanwhile, the P-value from the HEIDI test was
0.027, which did not meet the strict P-HEIDI>0.05 threshold (Table 1, Supplementary Table S9). Given that
single-omic analyses revealed a significant association between FOXO1 and IPE and considering the proximity
of the P-value to the significance threshold in the integrative analysis, this finding may still deserve further
investigation.

Integration of multi-omics evidence

We used locus zoom plots to display the distribution of FOXOI at various levels (Supplementary Figure S1)
and SMR effect plots to show the impact of FOXOI at various levels on IPF risk (Supplementary Figure S2). By
assessing the odds ratio (OR) values to determine risk relevance and direction of regulation, it was observed that
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Gene probelD OR (95%CI) Pvalue  Pvalue (Multi) PPH4
FOXO1 ¢g09792463 —a— 1.27 (1.08 - 1.51) 4.48E-03 4.48E-03 0. 779 %
cg23413567 ' = 1 1.52 (1.04-2.24) 0.03 0.03 015:%
cg10696351 —a— 1.2 (1.06 - 1.36) 4.15E-03 1.56E-03 0.77 *
cgl1244402 —a— 1.4 (1.13-1.74) 2.50E-03 2.50E-03 0.84 *
GPX2 6155983 —a—i | 059042-081) 128503  128E03 097+
HMGBI 25251738  —a—  079065-095 001 001 064+
HSFI  cgl8814314 e 091(085-09%) 001 219503  0.64*
MAP3K7 cg03321505 b 083(074-092) 82804 LISE03  094%
€g23697202 —a— 0.66 (0.52 - 0.85) 1.42E-03 1.67E-03 0.95*
cgl17562697 HH 1.12 (1.05 - 1.2) 7.25E-04 5.57E-03 0.94 *
MUCI  cgl5609386 +—a—i 06(043-083) 228503 228503 095+
NDUFA9 cgl$779092 +—s—  064(047-089)  735E-03 735603  079*
cg03680150 —a— 1.33 (1.07 - 1.64) 8.74E-03 8.74E-03 0.7 *
SMAD2  cgl7243289  ~m— 083(072-095  837E03 003 068+
| | |
0.5 1 1.5

Fig. 3. Associations of genetically predicted oxidative stress-related gene methylation with idiopathic
pulmonary fibrosis (IPF) in Mendelian randomization analysis.

Symbol OR (95%CI) Pvalue  Pvalue (Multi) PPH4
KRT18 —> 10.83 (2.1 -55.94) 4.47E-03 1.83E-03 0.83 *
FOXO1 & >  2.15(1.02 - 4.53) 0.04 0.04 051 #
MICB - 1.09 (1.02 - 1.16) 0.02 2.24E-03 0.05
ATXN3 HH 0.77 (0.6 - 0.99) 0.04 0.05 0.4

| | |

0 1 2

Fig. 4. Associations of genetically predicted oxidative stress-related protein abundance with idiopathic
pulmonary fibrosis (IPF) in Mendelian randomization analysis.

FOXOI gene expression levels were negatively correlated with IPF risk (OR=0.22, 95% CI=0.06-0.85) (Fig. 2),
while methylation levels of CpG sites cg23413567 (OR=1.52, 95% CI=1.04-2.24) and cg11244402 (OR=14,
95% CI=1.13-1.74) were positively correlated with IPF risk (Fig. 3). Forkhead box protein O1 (FOXO1) protein
abundance was positively correlated with IPF risk (OR=2.15, 95% CI=1.02-4.53) (Fig. 4); the methylation of
these sites negatively regulated the expression levels of the associated gene, while gene expression levels were
inversely correlated with the abundance of the encoded protein (Table 1). Based on single-level evidence, we
hypothesized a potential model where higher methylation levels of cg23413567 and cg11244402 downregulate
FOXO1 expression, leading to an increase in FOXO1 protein abundance, which in turn elevates the risk of IPE.
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Fig. 5. Manhattan plot for associations between oxidative stress-related gene molecular features and idiopathic
pulmonary fibrosis (IPF). Manhattan plot for oxidative stress-related gene methylation (A), expression (B) and
protein abundance (C). Each point represents a genetic variant associated with a molecular trait (methylation,
expression, or protein level), plotted by chromosomal position (x-axis) and -log, ,(p-value) from the SMR

test (y-axis). The dashed orange line indicates the SMR multi-test significance threshold (p=0.05). Significant
loci, including FOXO1 and NDUFAY, are highlighted with annotations showing probe IDs or Ensembl gene
IDs. These consistent associations across omics layers suggest potential causal relationships with idiopathic
pulmonary fibrosis (IPF).

Tissue-specific validation

We further explored the causal relationship between the expression of identified genes in tissues and IPFE.
Specifically, we used eQTL data from lung tissue in the GTEx V8 database for analysis. However, the results from
the integrated analysis mentioned above did not replicate in the tissue eQTLs’ SMR analysis using the screening
criteria of p_SMR_multi <0.05, p_SMR <0.05, and P-HEIDI > 0.05 (Supplementary Table S10).
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Expo ID Outco gene pSMR | p SMR multi | p HEIDI | OR SMR (95% CI)
cg15699386(mQTL) | MUC1(eQTL) 2.87E-07 | 2.87E-07 2.20E-05 | 0.76 (0.68-0.84)
cg03321503(mQTL) | MAP3K7(eQTL) 8.27E-36 | 6.84E-33 6.02E-07 | 1.24 (1.2-1.28)
g23697202(mQTL) | MAP3K7(eQTL) 1.27E-14 | 3.61E-15 0.021594 | 1.58 (1.41-1.78)
cg17562697(mQTL) | MAP3K7(eQTL) 1.22E-50 | 1.37E-42 2.74E-11 | 0.88 (0.86-0.89)
cg18814314(mQTL) | HSF1(eQTL) 4.40E-11 | 2.66E-10 0.045205 | 0.92 (0.89-0.94)
cg18779092(mQTL) | NDUFA9(eQTL) 1.56E-09 | 1.56E-09 0.132647 | 0.5 (0.4-0.63)
cg03680150(mQTL) | NDUFA9(eQTL) 1.09E-15 | 1.09E-15 0.247113 | 1.59 (1.42-1.78)
€g25251738(mQTL) | HMGB1(eQTL) 5.05E-10 | 5.05E-10 0.019692 | 1.19 (1.13-1.26)
€g09792463(mQTL) | FOXO1(eQTL) 4.84E-06 | 4.84E-06 0.009601 | 0.9 (0.86-0.94)
cg23413567(mQTL) | FOXO1(eQTL) 1.34E-05 | 1.34E-05 0.655891 | 0.75 (0.66-0.86)
cg10696351(mQTL) | FOXO1(eQTL) 9.47E-08 | 3.12E-07 0.004635 | 0.92 (0.89-0.95)
cg11244402(mQTL) | FOXO1(eQTL) 3.66E-07 | 3.66E-07 0.079158 | 0.86 (0.82-0.91)
€g26155983(mQTL) | GPX2(eQTL) 2.84E-06 | 2.84E-06 0.001973 | 1.27 (1.15-1.4)
cg17243289(mQTL) | SMAD2(eQTL) 3.50E-14 | 2.84E-12 0.001039 | 1.18 (1.13-1.23)
FOXO1(eQTL) Forkhead box protein O1(pQTL) | 0.054 0.011 0.027 0.83 (0.68-1)

Table 1. Results of integrating multi-omics evidence.

Discussion

This study systematically investigated the causal relationships between the methylation, expression, and protein
abundance of oxidative stress-related genes and IPF through multi-omics approaches and SMR analysis.
By integrating multi-omics evidence, we found that FOXOI may play a significant role in IPE Additionally,
combining single-level validation data, we also identified genes such as NDUFA9, MUCI, and KRT18 as
noteworthy candidates.

FOXOlL is a crucial transcription factor widely expressed in various tissues and organs. It plays a significant
role in regulating key biological processes such as cell cycle, metabolism, oxidative stress response, apoptosis,
and aging®2. The findings of this study unveil the intricate relationship between FOXOI1 expression, the
methylation levels of specific CpG sites, and the risk of IPE. The negative correlation between FOXO1I gene
expression and IPF risk suggests a protective role of FOXOI at the transcriptional level. Previous studies have
demonstrated that FOXOI mediates oxidative stress responses and apoptosis, both essential for maintaining
lung homeostasis and preventing fibrosis progression®. In contrast, the methylation of CpG sites cg23413567
and cg11244402 correlates positively with IPF risk, indicating an epigenetic mechanism where increased
methylation suppresses FOXO1 expression, thus promoting the development of IPE. This finding aligns with
studies showing that hypermethylation in gene promoter regions typically leads to decreased gene expression,
especially in genes involved in cellular stress responses®. Kim et al. suggested that epigenetic therapies aimed
at reversing hypermethylation might restore FOXOI expression levels, offering a novel approach to modulate
IPF fibrotic responses®. Interestingly, our results also reveal a positive correlation between FOXOI protein
abundance and IPF risk. This could indicate a post-transcriptional regulation of FOXO1I, where factors beyond
transcriptional control affect protein stability or translation efficiency®. It is supported by findings that oxidative
stress can influence the post-translational modification of proteins like FOXO1, thereby affecting their stability
and activity*. Given these findings, the therapeutic potential of targeting the FOXOI pathway and the epigenetic
modifications of these CpG sites warrants further exploration.

FOXOL1 plays a complex role in fibrosis, acting as a potential suppressor of fibrogenic processes in various
organs, including the liver, kidney, lung, and heart, by inhibiting fibroblast activation and extracellular matrix
production®~%, Indeed, FOXO1 can inhibit the activation of fibrogenic effector cells (like myofibroblasts),
which are key players in fibrosis**’. In addition, FOXO1 has been shown to reduce the production of ECM,
a hallmark of fibrosis, in various organs®®#°. The transforming growth factor beta (TGF-p) pathway is a major
driver of fibrosis, and FOXO1 interacts with this pathway. TGF-p can increase FOXO1 expression in cardiac
fibroblasts and activate fibrogenic effector cells while simultaneously upregulating FOXO1/3, potentially
limiting the effects of TGF-p*'. Platelet-derived growth factor (PDGF) phosphorylates FOXO1 via the PI3K/
Akt pathway, leading to FOXO1 translocation from the nucleus to the cytosol, which can contribute to PDGF-
induced proliferation of fibrogenic effector cells*”. FOXO1 regulates macrophage functionality, which is crucial
in tissue homeostasis and fibrosis*?. FOXOL1 plays a role in regulating oxidative stress responses, which are
implicated in fibrosis*2. Furthermore, FOXO1 activity is regulated by various post-translational modifications,
which can either activate or inactivate it*®. Notch1 signaling is also essential for the FOXO1-mediated regulation
of inflammation and fibrosis in macrophages®. In IPF, additional potential mechanisms of FOXO1 include the
regulation of mesenchymal progenitor cells (MPCs)*4, autophagy*’, and the PGE-2, Akt, and JNK pathways*¢:7.
In the present study, decreased FOXOI expression levels were negatively correlated with IPF risk (OR=0.22),
while increased methylation of the FOXO1I gene (which should decrease transcription) was positively associated
with IPF (OR=1.40), indicating that decreased FOXO1 expression was associated with IPF, as described above.
On the other hand, increased FOXO1 protein expression in IPF (OR=2.15) could also be a compensatory
mechanism for protecting against IPF*%. Nevertheless, in vitro and in vivo experiments are necessary to
determine the exact mechanisms. Our study highlights the critical role of NDUFAY in the pathogenesis of IPE
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The NDUFA9 gene encodes NADH dehydrogenase (ubiquinone) Fe-S protein 9 (NDUFAY), a key subunit
of mitochondrial complex I, which is essential for maintaining mitochondrial function and generating ROS.
Specifically, our findings revealed a negative correlation between the methylation level at CpG site cg18779092
and IPF risk, suggesting that higher methylation at this site may suppress NDUFA9 gene expression. As
NDUFAJY is crucial for mitochondrial function and ROS production, increased methylation at cg18779092 could
lead to reduced NDUFA9 expression, thereby alleviating mitochondrial dysfunction and oxidative stress and
subsequently lowering the risk of IPF*3. In contrast, the positive correlation between methylation at cg03680150
and IPF risk indicates that higher methylation at this site may enhance NDUFA9 gene expression. Elevated
NDUFA9 expression could exacerbate mitochondrial dysfunction and ROS production, thereby promoting
the fibrotic processes characteristic of IPF*. These results align with the significant role of oxidative stress in
the pathogenesis of IPF**!. The differential effects of cg18779092 and cg03680150 methylation on NDUFA9
expression underscore the complexity of epigenetic regulation in the disease context and highlight the potential
of these methylation patterns as biomarkers for IPF risk assessment and therapeutic targets. We also observed
a positive correlation between NDUFA9 gene expression levels and IPF. Given that NDUFA9 is involved in the
function of mitochondrial complex I, we hypothesized that there may be a mechanistic link between NDUFA9
and FOXOI, particularly in the context of oxidative stress and cellular metabolism. Specifically, increased
NDUFAJY expression may indicate enhanced complex I activity, leading to the generation of more ROS, which in
turn could activate FOXO1, exacerbating oxidative stress and promoting the fibrotic process. However, further
studies are needed to confirm the direct association between NDUFA9 and FOXO1 and to elucidate their specific
mechanistic roles in IPE

In addition, although evidence based on single-level data is not yet sufficient, the potential relevance of
MUCI and KRT18 in the pathology of IPF warrants further investigation. The MUCI gene encodes the Mucin
1 (MUCI1) protein, which serves as a protective barrier on the cell surface and can mitigate oxidative stress-
induced cellular damage. Through its surface glycosylation modifications, MUCI1 can neutralize ROS, reducing
oxidative damage to cell membranes and internal organs®2. Our study revealed a complex role for MUCI in IPE.
Specifically, we found that DNA methylation at MUCI (cg15699386) is negatively correlated with IPF risk, and
the gene expression level of MUCI is also negatively correlated with IPF risk. It suggests that MUCI may have
a dual role in IPFE, potentially influencing disease risk both through epigenetic regulation and gene expression
levels. Higher levels of MUCI DNA methylation are generally associated with reduced expression of MUCI. This
finding implies that increased methylation of MUCI might contribute to lower expression, potentially reducing
the risk of IPE This aligns with previous studies indicating that MUCI overexpression might exacerbate IPF
through mechanisms involving oxidative stress and fibrosis®>. Despite the fact that high MUCI expression is
typically associated with increased IPF risk, suggesting a potential promotive role in the disease process™, the
discrepancy between methylation and gene expression data highlights the need for further research to clarify the
specific mechanisms by which MUCI contributes to IPE.

The KRT18 gene encodes Keratin 18 (KRT18), which plays a crucial role in epithelial cell structure and
stress response and is associated with oxidative stress and fibrotic diseases such as non-alcoholic fatty liver
disease. Our study found a positive correlation between KRT18 protein levels and the risk of IPE aligning
with its role in fibrotic processes®. KRT18 undergoes cleavage during apoptosis, with its fragment (CK18)
serving as a biomarker for liver diseases®®>’. Our results indicated that increased KRT18 protein abundance
is associated with a higher risk of IPE, potentially reflecting its role in chronic injury and fibrosis. Additionally,
KRT18 mutations are linked to fibrosis in other organs, including the lungs®®, further supporting its potential as
a biomarker for IPF.

The multi-omics analysis in this study has potential clinical significance. Key CpG sites and associated genes
(such as FOXOI1, NDUFA9, MUCI, and KRT18) with their methylation status and expression levels could serve
as biomarkers for IPF, aiding in early diagnosis and risk assessment. Additionally, targeting the epigenetic
regulation of these genes may offer new therapeutic strategies.

In this study, key genes such as FOXOI and NDUFA9 were identified through multi-omics analysis, with
promising associations to IPE However, the lack of multi-level validation for some of these findings, along
with the absence of tissue-specific data for these genes in available databases, may help explain the observed
discrepancies. Firstly, while peripheral blood is a useful proxy for systemic changes, it may not fully capture
lung-specific regulatory signals, especially those from cells involved in fibrogenesis. This could explain why
tissue-level validation using GTEx lung eQTLs did not replicate some blood-derived findings. Secondly, GTEx
lung data are from healthy individuals, while IPF involves distinct molecular alterations. Disease-specific
regulatory mechanisms may not be adequately represented, potentially explaining the lack of replication. Thirdly,
differences in sample sizes and population structure may also contribute. GTEx has relatively fewer lung tissue
samples compared to blood QTL datasets, limiting statistical power. Additionally, inter-individual variability in
cell composition across GTEx lung samples could obscure signals from relevant cell populations, such as alveolar
epithelial cells or fibroblasts.

There are limitations to this study. The present study was exclusively performed using publicly available
databases. Unfortunately, no such databases of lung biopsies, bronchial brushes, or bronchoalveolar lavage fluid
were available for the purpose of the present study, and blood data of pQTL had to be used. In the present
study, the datasets from Allen et al.'® and the FinnGen study yielded inconsistent results. Different databases
are often from different populations with different genetic backgrounds and environmental exposures, and
IPF is a complex trait influenced by genetics and the environment®. The FinnGen database exclusively includes
Finnish individuals of Finnish ancestry, while the dataset by Allen et al.!> (used as the discovery cohort) is,
in reality, from five cohorts from the United States of America, the United Kingdom, and Spain. In addition,
the diagnoses in the FinnGen study are solely based on the ICDI10 classification, while the cohorts used by
Allen et al.’® used the ATS/ERS criteria for IPF diagnosis. Results obtained from smaller GWAS datasets could
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also lack reproducibility and confidence. Finally, different GWASs can examine different numbers of SNPs
and not necessarily the exact same ones. All those factors could contribute to different genes being identified
between different datasets. It is why the present study focused on two genes (FOXO1 and NDUFAY) that could
be validated through a multi-omics approach involving multiple databases. In addition, MR and SMR analyses
examine the associations between genetically predicted exposures and outcomes and cannot take into account
the post-transcriptional and post-translational regulation mechanisms that can ultimately affect the protein
expression of the identified genes. Additional studies will be necessary to explore the potential involvement of
the other genes that were not consistently validated using multiple databases. Although FOXOI and NDUFA9
are both known to be involved in oxidative stress and fibrotic diseases?®, experimental evidence is necessary for
IPF to be able to better understand their role in the pathogenesis of IPF and their potential as therapeutic targets.
Further experimental validation is needed to support these findings. Future research should integrate multi-
omics data and functional experiments to better confirm the association of these genes with IPE, enhancing the
reliability and clinical applicability of the study.

In conclusion, this study preliminarily explored the potential role of oxidative stress-related genes in IPF
through SMR analysis and multi-omics approaches. It also examined the potential mechanisms by which FOXO1
might be involved in oxidative stress and IPF, as well as the roles of NDUFA9, MUCI, and KRT18 in this process,
based on existing literature. These findings not only reflect the nuanced role of epigenetic regulation in disease
progression but also suggest that future research should focus on unraveling the complex interactions among
these genes. This is crucial for fully elucidating the intricate pathophysiological mechanisms linking oxidative
stress and IPE, thereby providing more precise targets for disease prevention and treatment.
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