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Abstract
Background
Idiopathic pulmonary fibrosis (IPF) is a respiratory disorder of obscure etiology and limited treatment options, possibly linked to dysregulation in lipid metabolism. While several observational studies suggest that lipid-lowering agents may decrease the risk of IPF, the evidence is inconsistent. The present Mendelian randomization (MR) study aims to determine the association between circulating lipid traits and IPF and to assess the potential influence of lipid-modifying medications for IPF.

Methods
Summary statistics of 5 lipid traits (high-density lipoprotein cholesterol, low-density lipoprotein cholesterol, triglyceride, apolipoprotein A, and apolipoprotein B) and IPF were sourced from the UK Biobank and FinnGen Project Round 10. The study’s focus on lipid-regulatory genes encompassed PCSK9, NPC1L1, ABCG5, ABCG8, HMGCR, APOB, LDLR, CETP, ANGPTL3, APOC3, LPL, and PPARA. The primary effect estimates were determined using the inverse-variance-weighted method, with additional analyses employing the contamination mixture method, robust adjusted profile score, the weighted median, weighted mode methods, and MR-Egger. Summary-data-based Mendelian randomization (SMR) was used to confirm significant lipid-modifying drug targets, leveraging data on expressed quantitative trait loci in relevant tissues. Sensitivity analyses included assessments of heterogeneity, horizontal pleiotropy, and leave-one-out methods.

Results
There was no significant effect of blood lipid traits on IPF risk (all P＞0.05). Drug-target MR analysis indicated that genetic mimicry for inhibitor of NPC1L1, PCSK9, ABCG5, ABCG8, and APOC3 were associated with increased IPF risks, with odds ratios (ORs) and 95% confidence intervals (CIs) as follows: 2.74 (1.05–7.12, P = 0.039), 1.36 (1.02–1.82, P = 0.037), 1.66 (1.12–2.45, P = 0.011), 1.68 (1.14–2.48, P = 0.009), and 1.42 (1.20–1.67, P = 3.17×10-5), respectively. The SMR method identified a significant association between PCSK9 gene expression in whole blood and reduced IPF risk (OR = 0.71, 95% CI: 0.50–0.99, P = 0.043). Sensitivity analyses showed no evidence of bias.

Conclusions
Serum lipid traits did not significantly affect the risk of idiopathic pulmonary fibrosis. Drug targets MR studies examining 12 lipid-modifying drugs indicated that PCSK9 inhibitors could dramatically increase IPF risk, a mechanism that may differ from their lipid-lowering actions and thus warrants further investigation.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s12944-024-02218-6.
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Introduction
Idiopathic pulmonary fibrosis (IPF) is a progressive and chronic disorder of unknown origin, affecting an estimated 3 million individuals globally [1]. The condition is characterized by a high mortality rate, with a median survival time of approximately 3.8 years following diagnosis [2, 3]. The pathophysiology of IPF is highly intricate, encompassing alterations in genetic factors, cellular signaling, apoptosis, autophagy, and additional processes [1]. This multifaceted nature significantly complicates the development of effective therapeutic strategies for IPF. Currently, nintedanib and pirfenidone are the only medications approved by the Food and Drug Administration for IPF treatment [4, 5]. Although these treatments can mitigate symptoms, they do not address the underlying disease, and lung transplantation may become necessary for patients to extend their lifespan [6, 7].

Current research indicates that metabolic changes play a pivotal role in the fibrosis process [8]. As a lipid-rich organ, the lung's lipid metabolism and its regulation are essential for normal lung physiology [9, 10]. Transcriptomic analyses of various pulmonary cells, such as alveolar epithelial type II cells, alveolar macrophages, and fibroblasts, consistently reveal disruptions in lipid metabolism during fibrosis [11]. Studies have demonstrated that diminished expression of genes related to lipid, cholesterol, and steroid metabolism can reduce surfactant production in alveolar epithelial type II cells [12]. Lipid accumulation in alveolar macrophages is linked to elevated CD36 expression, leading to increased absorption of fatty acids. This imbalance in lipid metabolism can precipitate a fibrotic transformation in macrophages, culminating in augmented extracellular matrix (ECM) synthesis. Concurrently, fibroblasts display diminished activity of PPAR-γ, which can drive their metamorphosis from lipid-producing cells into myofibroblast-like entities [3]. Consequently, the disruption of lipid metabolism is recognized as a key metabolic shift in the pathogenesis of fibrosis [3, 13].
Given the strong connection between lipid metabolism disorders and IPF, there is interest in whether lipid-lowering medications have a protective impact on IPF. A cohort study within the Korean population found that the utilization of statins was linked to lower IPF risk [14]. Among individuals taking statins, the incidence rate of IPF was 15.6 cases per 100,000 person-years, which was less than the rate of 19.3 cases per 100,000 person-years observed in those not taking [14]. Another Phase III randomized clinical trial involving 624 IPF participants indicated that statins could decrease the mortality rate and the frequency of hospitalizations due to acute exacerbations [15]. Nonetheless, there is limited randomized controlled trials (RCTs), and some studies present conflicting results. An exploratory analysis of 1,450 IPF patients participating in a Phase III trial found no association between statin use and IPF progression [16]. Similarly, a review of a health management database, which included 6,665 individuals with possible or likely interstitial lung disease (ILD) and 26,660 controls, failed to find a connection between statin use and ILD development [17]. Moreover, the impact of novel lipid-lowering agents, such as PCSK9 inhibitors and NPC1L1 inhibitors, on IPF remains to be elucidated.
Mendelian randomization (MR), a recognized approach, is frequently utilized to explore the potential links between genetically influenced traits, therapeutic drug targets, and disease outcomes [18, 19]. Biological theory posits that genetic variations arise through random genetic drift and mutation, establishing a foundation for MR approach. The fundamental assumption is that these genetic variants influence phenotypic traits in a manner that is consistent and not significantly modulated by environmental influences. This concept signifies that the observed causal relationships are not confined to a specific segment of the population but are broadly applicable across the same racial or ethnic group [18]. For drug-target mendelian randomization, it employs genetic variants situated near or within proximity to the gene encoding the targeted protein as instrumental variables (IVs) to prognosticate treatment efficacy [19]. The causal inferences derived from MR are considered less prone to bias and reverse causality [20]. The evidential value of MR analysis is ranked just below that of RCTs, and it can provide significant insights that may presage the findings of RCTs [21–23].
Therefore, our study utilized the Mendelian randomization method to explore the impact of blood lipid traits on IPF risk and to assess the influence of lipid-regulatory medications on IPF.

Methods
This study adhered to the Strengthening the Reporting of Observational Studies in Epidemiology-Mendelian Randomization (STROBE-GE), as detailed in Table S1 [24]. The data were derived from publicly available summary-level data from genome-wide association studies (GWAS) and expression quantitative trait loci (eQTL) studies. Comprehensive details regarding these datasets are delineated in Table S2. The schematic representation of the study design is depicted in Fig. 1. Outline of the study design.[image: ]
Fig. 1Outline of the study design


Genetic instrumental variables for lipid traits and lipid-modifying targets
The publicly accessible GWAS data for 3 circulating lipid traits, including high-density lipoprotein cholesterol (HDL-C, N = 291,830), low-density lipoprotein cholesterol (LDL-C, N = 318,340), and triglyceride (TG, N = 318,674) were obtained from the UK Biobank [25]. The UK Biobank is a vast biomedical database and research resource that includes genetic, lifestyle, and health information. It is demographically diverse, with approximately 9.2 million individuals aged 40 to 69 from across England, Wales, and Scotland invited to join the cohort, and 5.45% of them (500,000 individuals) participated in the baseline assessment [26]. Participants from the UK Biobank underwent a uniform standard lipid testing procedure, with laboratory results reported as continuous variables. The raw lipid measurements were fitted to linear regression models adjusted for covariates, including age, sex, among others [26, 27]. Genetic variants linked to these lipid traits were selected, meeting a linkage disequilibrium (LD) clumping threshold of r2 < 0.001 and a physical distance threshold of 1,000 kb.
We selected 20 prevalent lipid-lowering drugs and innovative therapeutics in accordance with recent guidelines for dyslipidemia management [28, 29]. Utilizing the DrugBank database (https://​go.​drugbank.​com/​) and pertinent scholarly articles, we undertook gene identification for the pharmacological targets of these medications [30, 31]. Comprehensive details regarding each target gene are delineated in Table S3. Based on their principal pharmacological effects, these genes are categorized into lowering LDL-C (i.e. HMGCR, PCSK9, LDLR, APOB, NPC1L1, ABCG5, ABCG8, CETP) and lowering TG (i.e. LPL, ANGPTL3, APOC3).
To simulate the lipid-lowering impact of these genes, we identified single nucleotide polymorphisms (SNPs) located within a region extending ± 100 kilobases (kb) around the gene of interest. And these SNPs should also show a significant association with lipid levels on a genome-wide scale (p < 5 × 10−8) [32]. To optimize the power of the tool, SNPs were permitted to be in weak linkage disequilibrium of less than 0.30 with one another.
To reinforce the robustness of the results, we undertook extra analyses using a novel suite of genetic tools that incorporated both Apolipoprotein A (Apo-A) and Apolipoprotein B (Apo-B). Apo-A serves as a critical transporter of HDL-C. Apo-B plays a crucial role in the formation of LDL-C and TG. Apo-A was utilized to develop tools for measuring CETP and LPL. Apo-B was employed to create genetic tools targeting HMGCR, PCSK9, LDLR, APOB, NPC1L1, ABCG5, ABCG8, LPL, ANGPTL3, and APOC3. The GWAS data for both Apo-B and Apo-A were also sourced from the UK Biobank, comprising 317,412 and 290,198 samples, respectively.

eQTL data
We used publicly available eQTL data from the Genotype-Tissue Expression (GTEx-V8) project and eQTLGen (https://​www.​eqtlgen.​org/​). The GTEx project encompasses eQTL data across 54 distinct human tissues, with participant numbers ranging from 73 to 670 [33]. Approximately 84.6% of these samples originate from individuals of European descent. The eQTLGen Consortium has conducted cis-eQTL on up to 31,684 blood samples from 37 datasets [34]. Cis-eQTLs refer to genetic variations that have a significant link with the expression of specific genes affected by medications. These cis-eQTLs must meet the significance level of a P-value lower than 5 × 10−8 and adhere to the linkage disequilibrium criterion with an r2 value less than 0.1.

Outcome GWAS
The GWAS data for IPF were obtained from the FinnGen Release 10 (https://​r10.​finngen.​fi/​). The FinnGen study is an extensive genomics initiative that correlates genetic variations with health data. It brings together Finnish universities, hospitals and hospital districts, the national institute for health and welfare, the Finnish biobank consortium, along with hundreds of thousands of Finns. As of December 2023, this consortium has enrolled over 412,000 participants (230,310 females and 181,871 males), analyzed more than 21.31 million genetic variants, and covered 2,408 distinct disease phenotypes. IPF cases are identified using the diagnostic code J84.1 from the International Classification of Diseases, 10th Edition (ICD-10), which included 2189 individuals with IPF and 407,609 control subjects. Of the 2189 IPF cases included, 732 were female and 1457 were male. The median age (years) at first onset of IPF was 37.54 (Females = 36.46, Males = 40.62). To affirm the efficacy of the selected genetic markers, supplementary analysis was conducted with coronary heart disease (CHD) as the benchmark outcome, serving as a positive control in our study. Summary statistics for CHD were also sourced from the FinnGen project, with 46,959 cases and 365,222 control individuals (Table S2). The GWAS data from FinnGen database utilized sex, age, genotyping batch, and ten principal components as covariates. Cases of missing data were addressed by exclusion, and all participants were of European ancestry.

Statistical analysis
Mendelian randomization utilizes SNPs as instruments to explore the connection between exposure and outcome variables. The MR must adhere to three fundamental assumptions: (1) Correlation assumption: The IVs demonstrate a significant connection with exposure (p < 5 × 10−8). The F-statistic is also used to evaluate the hypothesis of correlation by quantifying the magnitude of each genetic variant. A larger F statistic (> 10) suggests a little chance of weak instrumental variable bias [21, 22]; (2) Independence assumption: The IVs should be unconfounded, meaning they are unrelated to factors that could affect both exposure and outcome, ensuring that the observed associations are uniquely due to the exposure under investigation; (3) Exclusivity assumption: The IVs do not have a direct correlation with the outcome, nor any other means apart from exposure to correlate with the outcome [35].
The principal MR analysis was executed utilizing the inverse variance weighted (IVW) method, which has been shown to have the most pronounced statistical impact. Following the statistical methods similar to previous studies, three additional MR methods (MR-Egger, weighted median, and weighted mode) were also implemented as complementary approaches [36–39]. The MR-Egger regression is a method that accounts for potential pleiotropy by including an intercept in the regression model. The assumptions checked in this method include linearity, homogeneity and directional pleiotropy. It allows for the possibility of directional pleiotropy and aims to control for this by including an intercept term in the regression model [37]. The weighted median method offers robustness against violations of the pleiotropy-free assumption, as long as pleiotropic variants constitute a minor fraction of the instruments [38]. This method operates under the assumption of equal effect sizes, positing that all valid genetic instruments impart a uniform influence on the outcome, thus representing a stronger assumption compared to that of the MR-Egger regression. In contrast, the weighted mode method allocates greater influence to the most prevalent genetic instrument while still maintaining the assumption of majority valid instruments—that the majority of genetic instruments are valid and only a minority are invalid. It also assumes equal effect sizes, suggesting that all valid instruments have an identical impact on the outcome. To improve the strength of the results, the contamination mixture method (ConMix) and robust adjusted profile score (RAPS) were also utilized. Compared with other methods, ConMix had the lowest mean squared error [40]. MR-RAPS considers special pleiotropicity and can provide reliable inferences for MR analysis utilizing weak instrumental variables [41]. Considering our repetitive calculations, we applied Benjamini–Hochberg false-discovery rate (FDR) procedure to adjust the raw p-values [42]. The results of all estimates are typically presented as odds ratio (OR) along with its 95% confidence interval (CI).
In this study, we initially utilized two-sample MR analysis to explore the causal effect between lipids and IPF risk, after harmonizing the alleles for consistency. Subsequently, we employed drug-targeted mendelian randomization to ascertain whether a relationship exists between genetically proxied lipid-modifying interventions and IPF. For drug targets showing suggestive significance, we carried out a summary-data-based MR (SMR) analysis to explore the association between gene expression and IPF, synthesizing data from GWAS and eQTL studies.
To reinforce the validity of the MR model's assumptions and support the reliability of findings, we undertook a series of extra sensitivity analyses. Methods included MR-Pleiotropy Residual Sum and Outlier (MR-PRESSO) for horizontal pleiotropy; MR-Egger intercept tests for directional pleiotropy [37, 43]; Cochran’s Q test for heterogeneity [44]; and leave-one-out MR analyses to evaluate whether a single SNP has an excessive impact on MR analysis [45]. Scatter plot was also used for visual inspection of outliers in SNP-specific causal estimates. Then, we used the online tool mRnd (http://​cnsgenomics.​com/​shiny/​mRnd/​) to calculate statistical power [46]. Input parameters for power calculations in this tool include sample size, type-I error rate, proportion of cases in the study, odds ratio, and proportion of variance explained for the association between the SNP. A statistical power greater than 0.8 typically indicates that a study has a high detection capability, effectively countering the impact of sampling error and random variation, and reducing the risk of Type II errors (i.e., false negatives) [46]. In the context of the SMR method, we applied the heterogeneity in dependent instruments (HEIDI) test to appraise the robustness and reliability of the results. A P-value cutoff of less than 0.05 was set to suggest that the observed association may be a result of linkage disequilibrium.
The statistical procedures outlined above were conducted using the R programming language (version 4.3.0), with the aid of the packages “TwoSampleMR” and “MR-PRESSO”. Findings at a P-value threshold below 0.05 were deemed statistically meaningful.


Results
Lipid traits and IPF risk
In the MR study, 237 SNPs were selected for HDL-C, 225 SNPs for LDL-C, 215 SNPs for TG, 213 SNPs for Apo-A, and 220 SNPs for Apo-B as IVs (Tables S4-8). The IVW method indicated that genetically predicted HDL-C with an OR of 0.978 and 95%CI from 0.849 to 1.127 (P = 0.761), LDL-C with an OR of 0.927 and 95% CI from 0.801 to 1.071 (P = 0.302), TG with an OR of 0.908 and 95% CI from 0.777 to 1.060 (P = 0.221), Apo-A with an OR of 0.993 and 95% CI from 0.860 to 1.147 (P = 0.924), and Apo-B with an OR of 0.990 and 95% CI from 0.856 to 1.145 (P = 0.895) were not related to IPF risk (Fig. 2. Forest plots of the association between blood lipid traits and IPF. Five additional MR methods also yielded consistent results (Table S9). Fig. S1 displayed scatter plots showing the assocaition between lipid traits and IPF. Each SNP had an F-statistics value above the threshold of 10, as detailed in Table S4-8. The heterogeneities for HDL-C (PMR-Egger = 0.017, PIVW = 0.017) and Apo-B (PMR-Egger = 0.033, PIVW = 0.025) were detected (Table S10). No directional pleiotropies were found in sensitivity analyses.[image: ]
Fig. 2Forest plots of the association between blood lipid traits and IPF



Lipid-lowering drugs and IPF risk
We selected SNPs that predict the lipid-modifying effect of genes responsible for the targets affected by lipid-lowering medications as IVs. A total of 21 SNPs as IVs in HMGCR, 5 SNPs in NPC1L1, 33 SNPs in PCSK9, 30 SNPs in APOB, 22 SNPs in ABCG5, 23 SNPs in ABCG8, 42 SNPs in LDLR, 11 SNPs in CETP, 23 SNPs in ANGPTL3, 31 SNPs in APOC3, and 49 SNPs in LPL were identified (Table S11). The positive control assessment revealed a substantial association between drug target inhibitors and lower CHD risk, indicating the efficacy of genetic tools, except for APOB inhibitors (Fig. S2, Table S12). Scatter plots are shown in Fig. S3.
The association between genetic metabolites influenced by 12 lipid-modifying drugs and IPF is shown in Fig. 3. Forest plots of the association between genetically proxied lipid-modifying drug and IPF using primary effect. The IVW-MR analysis showed that the reduced LDL-C level by inhibitors or enhancements of NPC1L1, PCSK9, ABCG5, and ABCG8 increased IPF risk (OR = 2.74, 95% CI: 1.05 – 7.12, P = 0.039; OR = 1.36, 95% CI: 1.02 – 1.82, P = 0.037; OR = 1.66, 95% CI: 1.12 – 2.48, P = 0.011; OR = 1.68, 95% CI: 1.14 – 2.48, P = 0.009). Inhibition of APOC3, similar to the decrease in Apo-B level, was significantly correlated with an increased IPF risk (OR = 1.42, 95% CI: 1.20 – 1.67, P = 3.17 × 10–5). The result using other five supplementary methods remained directionally concordant with IVW. Conversely, the MR analyses did not reveal any causal influence on the risk of IPF from genetic mimicries of HMGCR, LDLR, APOB, LPL, ANGPTL3, CETP, and PPARA inhibitors (all P > 0.05) (Fig. 3. Forest plots of the association between genetically proxied lipid-modifying drug and IPF using primary effect, Table S13). After FDR correction, ABCG5, ABCG8 and APOC3 were found to be signifcantly associated with IPF risk (PFDR < 0.05, Fig. 3), NPC1L1 and PCSK9 had a suggestive effect on IPF risk. The F statistics of each genetic tool range from 29.94 to 3712.59 (Table S11). Scatter plots of the association of lipid-modifying gene targets with IPF risk were presented in Fig. S4. Drug targets such as NPC1L1, ABCG5, ABCG8, APOC3, and PPARA exhibit high statistical power, with values ranging from 0.88 to 1.00, which provides robustness to our findings. However, targets like APOB, CETP, and LPL show lower statistical power, underscoring the need for a cautious interpretation of the associated results. Refer to Table S14 for details regarding the statistical power associated with the MR analyses.[image: ]
Fig. 3Forest plots of the association between genetically proxied lipid-modifying drug and IPF using primary effect


Similar results were also obtained from the genetic mimicry analysis with secondary effects on Apo-B and Apo-A. The decreased Apo-B level mediated by NPC1L1, PCSK9, ABCG5, ABCG8, and APOC3 gene targeted drugs were respectively associated with a higher IPF risk (OR = 3.46, 95% CI: 1.13 – 10.60, P = 0.030; OR = 1.39, 95% CI: 1.02 – 1.91, P = 0.038; OR = 1.85, 95% CI: 1.19 – 2.87, P = 0.006; OR = 1.88, 95% CI: 1.21 – 2.91, P = 0.005; OR = 2.25, 95% CI: 1.54 – 3.29, P = 2.82 × 10–5) (Fig. 4. Forest plots of the association between genetically proxied lipid-modifying drug and IPF using alternative effect). After FDR correction, ABCG5, ABCG8 and APOC3 were found to be signifcantly associated with IPF risk (PFDR < 0.05). Other genetic mimicries of drug targets showed no significant association with IPF (Table S15). The F statistics values for each SNP exceeded 30 (Table S16). Drug targets like NPC1L1, ABCG5, ABCG8, APOC3 showed high statistical power (> 0.8), while APOB, ANGPTL3, and LPL show lower statistical power (Table S17).[image: ]
Fig. 4Forest plots of the association between genetically proxied lipid-modifying drug and IPF using alternative effect


The MR-Egger intercept examination did not uncover any indications of pleiotropy, which enhances the credibility of causal inferences (Tables S18-S19). Leave-one-out analyses showed that the IVW method consistently produced results in line with the overall estimate even after excluding each SNP sequentially (Figs. S5-S6). Further analyses were carried out using stricter LD thresholds (r2 < 0.2, r2 < 0.1, r2 < 0.01, and r2 < 0.001) for these genes. These analyses did not significantly change the direction of the beta values, although the statistical power was reduced by excluding multiple SNPs (Table S20).

Gene expression and IPF risk
Given that the NPC1L1, PCSK9, ABCG5, ABCG8, and APOC3 genes showed an association with IPF, genetic variants linked to these gene expressions in blood and relevant tissues were used as IVs for additional validation. However, the limited sample size of eQTL data prevented us from identifying eligible cis-eQTLs for APOC3 in related tissues.
SMR analysis results suggested that a higher expression level of PCSK9 in whole blood was associated with a lower risk of IPF (OR = 0.71, 95% CI: 0.50 – 0.99, P = 0.043) (Table S20). SMR analysis also found that there was a tendency towards significance in the connection between high expression of the NPC1L1 gene in adipose subcutaneous and lower IPF risk (OR = 0.85, 95% CI: 0.73 – 1.00, P = 0.051) (Table S20). No significant association was detected between the ABCG5 gene expression levels in the spleen (OR = 1.11, 95% CI: 0.99 – 1.24, P = 0.087), ABCG8 expression in colon transverse (OR = 1.04, 95% CI: 0.86 – 1.25, P = 0.713) and IPF risk. The HEIDI test results demonstrated that the observed associations were unlikely to be due to linkage disequilibrium (p > 0.05) (Table S21).


Discussion
To our best knowledge, this study represents the inaugural application of MR analysis to explore the relationship between lipids, lipid-modifying pharmacological interventions, and IPF. Our results offer genetic corroboration for the proposition that PCSK9 inhibitors may elevate the risk of IPF. Notably, no evidence was found to suggest that lipid traits have a causal association with IPF risk, which implies that the mechanism by which PCSK9 inhibitors influence IPF risk may be distinct from its effects on lipid metabolism. Additionally, the study uncovered preliminary evidence hinting at a potential positive association between NPC1L1 inhibition and a higher IPF risk. The discovery of these results illuminates the possible adverse effects linked to the use of lipid-modifying drugs and offers an understanding of potential risk factors that may be investigated for IPF management.
Two previous MR studies have explored the association between blood lipid traits and IPF [47, 48]. An MR analysis led by Sizheng Steven Zhao presented a seemingly paradoxical finding: a higher LDL levels and statins-use were associated with reduced IPF risk [47]. In contrast, the MR analysis by Yan Jiang found that there is a causual effect between Apo-B and IPF risk [48]. We argue that the reasons our MR findings differ from those in previous studies are as follows. Firstly, the impact of sample size and sample overlap cannot be ignored. These two MR analyses included a larger scale of blood lipid trait data and both used the same IPF GWAS data as outcome. This IPF GWAS data pooled the meta-analysis results of 4,125 IPF cases and 20,464 control individuals [48]. The IPF meta-analysis data came from five cohort studies, including two studies that specifically included IPF cases from the UK population [48]. However, in Sizheng Steven Zhao's MR analysis, the data on statins-use came from the UK Biobank, and in Yan Jiang's study, the blood lipid trait data also came from the UK Biobank. Neither of these two MR studies assessed the degree of overlap between the exposure and outcome samples and its potential impact on the study results. Secondly, the impact of horizontal pleiotropy and confounding factors may have caused bias in causal inference. In the sensitivity analysis of the relationship between LDL and IPF, Cochran's Q test suggested the possible existence of horizontal pleiotropy (Q p-value = 6.13E-05), which may distort the inference of the causal relationship [47]. In addition, in Sizheng Steven Zhao's study, it was also found that the BMI is a risk factor for IPF. Given the close connection that may exist between statins-use, LDL levels, and BMI, the specific impact of BMI as a confounding factor and its interpretation are still unclear [47]. Lastly, the data on the use of statins depends on self-reports, which may introduce recall bias and reporting bias, thereby affecting the accuracy of causal inference.
Although the current evidence did not support serum lipid traits as causal risk factors for IPF, the result should be interpreted with caution. Firstly, lipids are categorized into four primary groups, including glycerides, fatty acids, non-glycerides, and lipoproteins. The plasma lipid traits predominantly featured in this MR study pertain to the lipoprotein class. However, extant literature suggests that dysregulation of phospholipid and sphingolipid metabolism is a more substantial contributor to IPF pathophysiology [9, 49, 50]. A lipidomics analysis has revealed that alterations in the plasma lipid profile of IPF patients are predominantly within the glycerophospholipid class. Among the 159 glycerolipids examined, 30 exhibited significant disparities between the IPF group and controls [50]. Moreover, the lung, being a lipid-rich organ, engages in intricate lipid metabolic processes. Compared with blood lipids, alveolar lipid levels may provide a more precise reflection of metabolic disturbances. Despite a paucity of research directly comparing lipidomics profiles between bronchoalveolar lavage fluid and blood samples from IPF individuals, the work of Marissa O 'Callaghan et al. offers some valuable insights. This study observed a marked increase in total lipid content within the lung tissue of IPF individuals relative to controls [51]. In addition, they also assessed pulmonary fat attenuation volume through chest CT images (CTPFAV). The median CTPFAV in IPF was greater compared to controls, however, there was no association observed with serum lipids and body mass index [51]. These findings imply that extracellular lipids within the lung may have a closer relationship with IPF than blood lipid traits. Future MR studies could explore the bidirectional causality between intrapulmonary lipid traits and IPF.
The MR study we conducted revealed a suggestive association between PCSK9 inhibitors and IPF. Contrary to manifesting as a protective effect, this association was characterized as a risk factor, which contradicts findings from previous studies. PCSK9, an enzyme, is essential for regulating cholesterol metabolism and maintaining cardiovascular health. Recent studies have shown that the PCSK9 gene may be implicated in the fibrotic processes of the liver, heart, kidney, and other organs. A study by Stefania Grimaudo revealed that increasing PCSK9 expression in male mice led to faster progression of liver fibrosis [52]. This research also described a protective role for the PCSK9 loss-of-function mutation against the progression of liver fibrosis. Subsequent research has indicated that anti-PCSK9 treatment may hold the potential to mitigate liver fibrosis by modulating the AMPK/mTOR/ULK1 signaling pathway, thus reducing hypoxia-induced autophagy in hepatocytes [53]. Another in vitro experiment showed that increasing PCSK9 levels could enhance the transition of cardiac fibroblasts into myofibroblasts, impacting fibrosis post-myocardial infarction [54]. Similar protective effects were also observed in renal fibrosis. Danyu Wu et al. developed a therapeutic vaccine targeting PCSK9. The results indicated that this vaccine could ameliorate kidney fibrosis by controlling fatty acid β-oxidation [55].
We postulate that several reasons may account for the inconsistent results observed. Firstly, the pathogenesis of IPF is highly complex, and the role of PCSK9 is also not singular. Previous research has concentrated on the anti-fibrotic effect of PCSK9 inhibitors in different organs through autophagy and oxidative regulation, rather than its impact on lipid levels. The balance between the anti-fibrotic effects of PCSK9 inhibitors through similar pathways or the pro-fibrotic effect through other pathways in lung tissue requires further investigation. Secondly, the expression levels of target genes can vary in different tissues, as evidenced by our SMR analysis of PCSK9 gene expression across different tissues. This variability can influence the therapeutic efficacy of drugs in a tissue-specific manner. Thirdly, drug-target Mendelian randomization analysis primarily models impact of gene inhibitors or blockers on outcomes using SNPs within the gene-specific action range (± 100 kb). It provides information on the trends of connections rather than the tangible therapeutic advantages of drugs in practical situations. Numerous factors, such as drug dosage, when the drug is given, how inter-individuals metabolize drugs, and how well drugs attach to their intended targets, need to be further considered. Consequently, further RCTs are essential to confirm these observational findings.
Our findings also imply that there is a potential for increased IPF risk with exposure to NPC1L1 inhibitors, although the SMR analysis only suggested a near-positive result. Ezetimibe is known as the primary drug for NPC1L1 inhibitors, which are responsible for facilitating the absorption of dietary cholesterol by NPC1L1 protein [29]. To date, limited research has examined the influence of ezetimibe on the onset of IPF. Chanho Lee et al. conducted a retrospective study of the medical records across three different hospitals and discovered that individuals with IPF who consistently used ezetimibe had lower all-cause mortality and lung function decline rates [56]. They also found that ezetimibe could prevent mice from developing bleomycin-induced pulmonary fibrosis by suppressing mTORC1 activity in vitro study. The enhancement of autophagy in mouse lung fibroblasts mediates the anti-fibrotic effect of ezetimibe, rather than through lipid-lowering properties [56]. There may exist differences in the pathogenesis between drug-induced pulmonary fibrosis and IPF, which could account for the discrepancies between our MR findings and the in vitro results.
This MR research also has some limitations. Firstly, despite the numerous sensitivity analyses conducted that have reinforced the reliability of our results, the possibility of horizontal pleiotropy cannot be entirely dismissed. Although the original P-value may suggest an association between NPC1L1 and PCSK9 with IPF, the adjusted P-value indicates that this association may not be significant enough to rule out chance. Thus, the results should be interpreted with caution. Further research is needed in the future to validate the original findings, or a larger sample size may be required to provide sufficient statistical power to overcome the impact of multiple comparisons. Secondly, the sample size of eQTL data is limited, and there are no eligible eQTLs for NPC1L1, ABCG5, ABCG8, and APOC3 in hepatic and pulmonary tissues, which are the primary organs involved in lipid metabolism. This limitation may result in an underestimation of the role these genes play in the pathogenesis of IPF. Thirdly, the initial GWAS data did not categorize by specific subtypes (such as the extent of LDL-C elevation). Consequently, this study was constrained from performing a stratified analysis. Furthermore, the reliance on diagnostic codes to define IPF within the FinnGen study may not fully encapsulate the clinical and pathological nuances of the disease. This approach could inadvertently include cases that do not actually represent IPF, potentially skewing the analysis. Consequently, the estimated strength of association between IPF and specific genetic variants might be subject to overestimation or underestimation. An approach that should be contemplated with the availability of more specific datasets in the future. Lastly, the IPF GWAS data was obtained from an isolated European population. We lack a validation cohort because other GWAS data for IPF may have sample overlap with lipid exposure. When extrapolating these results to different ethnic groups, caution should be exercised. Additional research encompassing a diverse array of populations is necessary.

Conclusions
In summary, this study does not support blood lipid traits (i.e., TG, LDL-C, HDL-C, Apo-A, and Apo-B) as a direct risk factor for IPF and should be interpreted with caution. An increased expression level of the PCSK9 gene was found to correlate with a lower risk of IPF. Conversely, the use of PCSK9 inhibitors was associated with an elevated risk of IPF. Further studies are essential to gain a more comprehensive understanding of the underlying mechanisms and to assess the possible effect of PCSK9 inhibitors in IPF progression through a series of preclinical and clinical trials.
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