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Objective

The impact of lipid-lowering medications on chronic kidney disease (CKD) remains a subject of debate. This Mendelian randomization (MR) study aims to elucidate the potential effects of lipid-lowering drug targets on CKD development.





Methods

We extracted 11 genetic variants encoding targets of lipid-lowering drugs from published genome-wide association study (GWAS) summary statistics, encompassing LDLR, HMGCR, PCSK9, NPC1L1, APOB, ABCG5/ABCG8, LPL, APOC3, ANGPTL3, and PPARA. A Mendelian randomization analysis was conducted targeting these drug-related genes. CKD risk was designated as the primary outcome, while estimated glomerular filtration rate (eGFR) and blood urea nitrogen (BUN) were assessed as secondary outcomes. Additionally, mediation analysis was performed utilizing 731 immune cell phenotypes to identify potential mediators.





Results

The meta-analysis revealed a significant association between ANGPTL3 inhibitors and a reduced risk of CKD (OR [95% CI] = 0.85 [0.75-0.96]). Conversely, LDLR agonists were significantly linked to an increased risk of CKD (OR [95% CI] = 1.11 [1.02-1.22]). Regarding secondary outcomes, lipid-lowering drugs did not significantly affect eGFR and BUN levels. Mediation analysis indicated that the reduction in CKD risk by ANGPTL3 inhibitors was mediated through modulation of the immune cell phenotype, specifically HLA-DR on CD14+ CD16+ monocytes (Mediated proportion: 4.69%; Mediated effect: -0.00899).





Conclusion

Through drug-targeted MR analysis, we identified a causal relationship between lipid-lowering drug targets and CKD. ANGPTL3 and LDLR may represent promising candidate drug targets for CKD treatment.
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1 Introduction

Chronic kidney disease (CKD) is characterized by a glomerular filtration rate (GFR) falling below 60 mL/min per 1.73 m² without clear cause, or the presence of markers of kidney damage, such as proteinuria, for a duration of three months or more (1). Epidemiological data reveal that CKD affects over 10% of the global population, with approximately 9.6% of non-hospitalized adults in the United States afflicted by this condition (2–4). Similar prevalence rates have been observed in Europe, Australia, and Asia (5–7). This widespread incidence of CKD imposes substantial economic burdens, with treatment and care costs surpassing those of many other prevalent diseases (8). CKD is intricately linked with cardiovascular risk factors, including hyperlipidemia, diabetes, and hypertension. Research has established a frequent co-occurrence of CKD and cardiovascular diseases, often referred to as cardiorenal syndrome. Both conditions are underpinned by shared pathogenic mechanisms, such as endothelial dysfunction, oxidative stress, and systemic inflammation of the capillary walls in CKD patients (9, 10). Thus, CKD and cardiovascular diseases are interconnected through common risk factors. Lipids play a crucial role in this association.

Treatments for hyperlipidemia commonly include nicotinic acid, statins, fibrates, and newer lipid-lowering drugs (11–14). Extensive research has been conducted on statins and their relationship with CKD or kidney function, yet these studies remain controversial. Some trials have confirmed renal protective effects and reduced proteinuria (15, 16), while other RCTs show no effect (17). However, the latest meta-analysis of statins and CKD included 33 RCTs, finding no significant differences in estimated glomerular filtration rate (eGFR) and serum creatinine levels between the statin and control groups (18). Additionally, lipid-lowering drugs are not limited to statins; non-statin lipid-lowering drugs lack large-scale randomized controlled trials with CKD, and there is still a need for systematic research on whether lipid-lowering drugs directly affect the progression of CKD and levels of eGFR and blood urea nitrogen (BUN).

With the advent of genome-wide association studies (GWAS), Mendelian randomization (MR) has emerged as a potent alternative to randomized controlled trials (RCTs) for elucidating causal relationships. The random allocation of genetic variations (alleles) during meiosis ensures that participants in MR studies are effectively “randomized” based on their alleles. This process mirrors the random assignment in RCTs, where individuals are allocated to either the treatment or control group (19, 20). Such inherent randomization in MR studies significantly reduces the influence of confounding factors, offering a robust approach compared to other research methodologies. Drug-targeted MR analysis has gained traction as a method for inferring the effects of drugs targeting protein-coding genes—such as antagonists, agonists, or inhibitors—on disease risk (21). This approach significantly enhances the evaluation of drug therapy potentials and facilitates the development of novel pharmaceuticals.

We employed drug-targeted MR analysis to investigate the impact of lipid-lowering drugs on CKD and to explore the potential effects of lipid-lowering drug targets on eGFR and BUN.




2 Materials and methods



2.1 Study design

This investigation employs a two-sample Mendelian randomization approach to elucidate the genetic interplay between lipid-lowering drug target genes and CKD. MR relies on three key assumptions: 1) the genetic instrument is strongly associated with the exposure, 2) it is independent of confounders, and 3) it affects the outcome only through the exposure, not via other pathways (22, 23). A schematic overview of the study design is presented in Figure 1.




Figure 1 | Flowchart of the study. (CKDGen, Chronic Kidney Disease Genetics Consortium; FinnGen, FinnGen Study; EBI, European Bioinformatics Institute).






2.2 Genetic variant selection

Adhering to the latest dyslipidemia treatment guidelines, we selected a range of widely used lipid-lowering drugs and the most recent therapeutic methods. These included statins, ezetimibe, PCSK9 inhibitors, bile acid sequestrants, mipomersen, fibrates, ANGPTL3 inhibitors, and antisense oligonucleotides targeting apolipoprotein C-III (APOC3) mRNA (24, 25). Utilizing the DrugBank database, we identified the genes encoding the pharmacological targets of these drugs. These target genes were classified into two groups: those that reduce LDL cholesterol (i.e., LDLR, HMGCR, NPC1L1, PCSK9, APOB, ABCG5, and ABCG8) and those that lower triglycerides (i.e., LPL, APOC3, ANGPTL3, and PPARA), as detailed in Table 1.


Table 1 | Characteristics of Lipid-lowering drug target genes.



Summary data for LDL-C and TG levels were derived from two extensive GWAS meta-analyses (26). Instrumental variables representing each lipid-lowering drug target were employed to model the effects of these interventions on lipid levels. Single nucleotide polymorphisms (SNPs) located within ±100 kb of the drug target loci and significantly associated with LDL-C or TG levels (P < 5×10−8) were selected as instrumental variables. To mitigate potential bias, SNPs were filtered based on an effect allele frequency (eaf) > 0.01. To minimize the impact of strong linkage disequilibrium, a linkage disequilibrium(LD) threshold (r2 < 0.3) was set. To avoid potential confounders, we examined each relevant SNP in the LDtrait Tool database to assess confounding factors associated with it (P <5e-8) (27, 28), such as age, hypertension, diabetes, proteinuria, and environmental risk factors like dietary salt intake and pollution (29), excluding SNPs highly correlated with confounding factors.




2.3 Outcome

We utilized coronary heart disease (CHD) and CKD as outcomes for our drug-targeted MR analysis. CHD served as a positive control dataset to validate the feasibility and effectiveness of the lipid-lowering drug targets. The CHD dataset was sourced from GWAS summary statistics, comprising 184,305 participants, including 60,801 cases and 123,504 controls (30). For CKD, the primary outcome, instrumental variables’ summary statistics were obtained from the latest Chronic Kidney Disease Genetics Consortium (CKDGen Consortium) database (31), incorporating relevant GWAS datasets from FinnGen and the ebi database (32). Secondary outcomes included eGFR and BUN, also from the CKDGen Consortium (31). Detailed information can be found in Supplementary Table 1.

To investigate the mediating role of immune cells, we accessed comprehensive GWAS data on immunity. Summary statistics for each immune trait were sourced from the publicly available GWAS Catalog, with accession numbers ranging from GCST9001391 to GCST0002121 (33). We incorporated a total of 731 immunophenotypes, spanning various categories: absolute cell counts (n = 118), median fluorescence intensities (MFI) representing surface antigen levels (n = 389), morphological parameters (MP) (n = 32), and relative cell counts (n = 192).




2.4 Estimation of causal effects

We estimated the causal effects between drug targets and CKD using the inverse variance-weighted method (IVW). Additionally, additional analyses were conducted using the weighted median and weighted model averaging (34–37). In all three analyses, statistically significant IVW results combined with consistent directions provided sufficient evidence of causal effects.




2.5 Meta-analysis

The odds ratio (OR) served as the primary combined statistic (38). Studies exhibiting significant heterogeneity, defined as I² > 50%, were analyzed using a random effects model. Conversely, studies with I² < 50% were considered homogeneous and analyzed using a fixed effects model. Data calculations were performed using the ‘meta’ package in R Studio, and the plots were generated using GraphPad Prism 9.




2.6 Quality controls

Heterogeneity was evaluated using both the MR Egger and Inverse Variance Weighted (IVW) methods. Cochran’s Q test assessed the heterogeneity of genetic instruments, with a p-value > 0.05 indicating no significant heterogeneity. The MR Egger regression was employed to evaluate horizontal pleiotropy, where a p-value > 0.05 suggested no evidence of pleiotropy (39, 40). To ensure result robustness, a leave-one-out analysis was conducted, sequentially removing each SNP to assess the stability of the IVW results.




2.7 Mediation MR analysis

Given the intricate relationship between the immune system and CKD progression, it is plausible that immune cells mediate the effects of lipid-lowering drugs on CKD. We employed a “two-sample” MR approach to evaluate the potential mediating effects of 731 immune cell phenotypes on CKD progression. This method, compared to multivariable MR approaches, reduces bias due to high linkage disequilibrium (LD) between genetic variants. All statistical analyses were conducted using RStudio software.





3 Results



3.1 Positive control analysis

We identified genetic variants linked to various lipid-lowering drug targets, including LDLR agonists, HMGCR inhibitors, NPC1L1 inhibitors, PCSK9 inhibitors, APOB inhibitors, and ABCG5 agonists targeting LDL-C, as well as APOC3 inhibitors, LPL agonists, ANGPTL3 inhibitors, and PPARA agonists targeting TG. In the MR analysis evaluating CHD as the outcome, 11 drug-related target points significantly reduced the risk of CHD, as anticipated (Figure 2).




Figure 2 | MR analysis of association between drug targets and CHD.






3.2 The causal relationship between drug targets and primary outcomes

According to the IVW results, ANGPTL3 inhibitors were significantly associated with a reduced risk of CKD in the CKDGen database (OR [95% CI] = 0.826 [0.714, 0.955], p = 0.010). Conversely, in the FinnGen database, LDLR agonists (OR [95% CI] = 1.394 [1.036, 1.875], p = 0.028) and PCSK9 inhibitors (OR [95% CI] = 1.404 [1.098, 1.795], p = 0.007) were significantly associated with an increased risk of CKD. The results of the MR analysis are summarized in Table 2.


Table 2 | The effect of drug targets on CKD.



A meta-analysis of the MR results from the three databases revealed a significant association between LDLR agonists and an increased risk of CKD (OR [95% CI] = 1.11 [1.02 - 1.22]), as well as a significant association between ANGPTL3 inhibitors and a reduced risk of CKD (OR [95% CI] = 0.85 [0.75-0.96]). However, when aggregating data from the three databases, PCSK9 inhibitors (OR [95% CI] = 1.16 [0.90-1.50]) and other drug targets were not significantly associated with the risk of CKD(Figure 3).




Figure 3 | Meta analysis of association between drug targets and CKD.






3.3 The causal relationship between drug targets and secondary outcomes

In the MR analysis with eGFR and BUN as outcomes, although multiple drug targets showed associations with these outcomes, their impact was negligible (Supplementary Figures 9, 10).




3.4 Sensitivity analysis

Cochrane’s Q and MR Egger regression equations were employed to evaluate heterogeneity and horizontal pleiotropy levels. Significant horizontal pleiotropy was found when examining the causal relationship between LPL agonists and CKD (FinnGen) and eGFR (CKDGen) (CKD: p = 0.0311; eGFR: p = 0.0140) (Supplementary Tables 13, 14). To ensure more reliable results, we applied stricter criteria to select instrumental variables, adjusting the linkage disequilibrium parameter from r2 < 0.3 to r2 < 0.2. Subsequent MR analysis did not reveal significant horizontal pleiotropy, and these updated results were included in the meta-analysis (Supplementary Table 15). Sensitivity analysis results for certain drug targets and outcomes exhibited heterogeneity (p < 0.05) (Supplementary Tables 13, 14), while leave-one-out analysis indicated no significant differences in the results after the removal of any SNP (Supplementary Figures 1-5).




3.5 Mediation analysis

To investigate these intermediary pathways, we employed the coefficient product method in our mediation analysis, focusing on LDLR agonists and ANGPTL3 inhibitors. The findings suggest that ANGPTL3 inhibitors mitigate the risk of CKD by modulating the immune cell phenotype of HLA-DR on CD14+ CD16+ monocytes (Mediated proportion: 4.69%; Mediated effect: -0.00899) (Supplementary Figure 11, Supplementary Table 16), although the mediating effect remains relatively modest.





4 Discussion

Chronic kidney disease (CKD) is a prevalent condition that can lead to cardiovascular disease, renal failure, and other complications, imposing a significant societal burden due to its high prevalence and economic impact (5, 8). As a result, the epidemiology and pathogenesis of CKD are increasingly attracting global scholarly attention. Extensive experimental and clinical data indicate that hyperlipidemia is a critical shared risk factor for both CKD and cardiovascular diseases. Current research shows that abnormalities in lipid levels, akin to those in cardiovascular disease pathogenesis, are strongly associated with CKD through mechanisms such as endothelial dysfunction, inflammation, and the direct toxic effects of lipids on renal cells (9, 10, 41).

This investigation employed Mendelian randomization to elucidate the causal linkages between genetic targets of lipid-lowering therapeutics and the susceptibility to chronic kidney disease (CKD). Our findings reveal a notable correlation between the activation of the low-density lipoprotein receptor (LDLR) gene and an elevated risk of CKD, presenting an odds ratio (OR) of 1.11 (95% CI: 1.02 to 1.22). Conversely, inhibiting the ANGPTL3 gene correlates with a reduced CKD risk, indicated by an OR of 0.85 (95% CI: 0.75 to 0.96). These findings underscore the diverse impacts of lipid regulatory pathways on renal health, highlighting the complexity of lipid metabolism in CKD progression.

Emerging research supports a significant link between ANGPTL3 inhibition and reduced CKD risk, with several studies underscoring the protective role of ANGPTL3 inhibition in renal diseases (42–45). ANGPTL3 is a pivotal regulator of lipid metabolism, modulating the activity of key enzymes like lipoprotein lipase (LPL) and endothelial lipase, which influence plasma levels of triglycerides and high-density lipoprotein cholesterol. Recent studies have demonstrated that ANGPTL3 inhibitors not only improve lipid profiles but also offer renal benefits by mitigating lipid-induced glomerular injury and preserving endothelial function (46). Moreover, ANGPTL3’s role in lipid metabolism extends to regulating the production and clearance of VLDL, a vital carrier of triglycerides in the blood. By enhancing VLDL metabolism, ANGPTL3 inhibitors may improve the clearance of lipid particles, thereby reducing the risk of lipid accumulation and consequent renal damage (47).

Research has established that LDLR is a crucial receptor for removing LDL-C from plasma via endocytosis, and it is one of the genes associated with autosomal dominant familial hypercholesterolemia (48, 49). The activation of LDLR primarily facilitates the clearance of low-density lipoprotein cholesterol from the bloodstream, which is advantageous for reducing cardiovascular risk. However, our data indicate that LDLR activation may also exacerbate kidney disease. This adverse effect is likely due to the pathological accumulation of cholesterol in renal cells, leading to lipid toxicity—accumulated lipids disrupt cell function and induce cellular stress and damage (50–52). Further studies have shown that lipid accumulation in renal cells can promote cellular dysfunction and damage through mechanisms such as oxidative stress and inflammation, common pathways exacerbating kidney disease. For instance, excessive lipid accumulation in renal cells is linked with increased production of reactive oxygen species (ROS), which intensifies oxidative stress and accelerates the progression of diabetic nephropathy. This stress not only impacts cell vitality but also triggers inflammatory responses, further deteriorating renal function (52). Additionally, statin drugs often elevate circulating levels of lipoprotein (a) despite reducing LDL cholesterol levels, potentially heightening residual cardiovascular risks and advancing CKD progression (53). Understanding LDLR’s dual role in cardiovascular and renal health is crucial for developing targeted therapies that mitigate the adverse effects of cholesterol accumulation in the kidneys while leveraging its cardiovascular benefits.

In the FinnGen database, PCSK9 inhibitors (OR [95%] = 1.404 [1.098, 1.795], p=0.007) were significantly associated with an increased risk of CKD occurrence. However, after meta-analyzing data from three databases (CKDGen, FinnGen, Ebi), PCSK9 inhibitors and other drug targets were found to have no significant correlation with the risk of CKD occurrence (OR[95%]=0.1.16 [0.90-1.50]), reflecting the advantages of meta-analysis and the credibility of our results. The association between PCSK9 levels and the occurrence and progression of CKD remains contentious, and there is still no direct data on PCSK9 inhibitor administration in CKD patients. Observational studies on PCSK9 levels in CKD patients have shown conflicting results. Rogavec et al. and Elewa et al. found that PCSK9 levels were higher in subjects receiving statin therapy within the same CKD group (p < 0.05) (54, 55). However, Elewa et al. also observed a positive correlation between PCSK9 levels and total cholesterol, although it was not statistically significant (p = 0.078) (55). Abujrad et al. and Konarzweski et al. found no significant correlation between lipid parameters in CKD patients undergoing hemodialysis and PCSK9 levels (56, 57). Current studies on PCSK9 levels in CKD patients are observational, lacking direct data on the impact of PCSK9 inhibitors on CKD outcomes. Our study fills this gap and validates the conclusions of current reviews, finding no significant correlation between PCSK9 levels and estimated GFR and CKD. Further research is still needed to confirm and elucidate the clinical significance of these observational findings (58).

In MR analysis with eGFR and BUN as outcomes, it was surprising to find that the impact of lipid-lowering drug targets on eGFR was negligible, suggesting that lipid-lowering drugs do not directly affect CKD progression by influencing eGFR levels. The latest meta-analysis of statins and CKD included 33 RCT studies, which similarly found no significant difference in eGFR and serum creatinine levels between the statin group and the control group (18). CKD patients undergoing statin therapy may improve kidney function by reducing urinary albumin and protein excretion or increasing creatinine clearance. The mechanistic insights provided by our mediation analysis further highlight the role of immune regulation in the context of CKD. CD14+ CD16+ monocytes are typically in an activated functional state in CKD patients, contributing to renal inflammation and immune-mediated damage (59). HLA DR, as an important antigen-presenting molecule, reflects the activation level of immune cells (60). In CKD, elevated expression of HLA DR is commonly associated with an overactive immune response and tissue damage. We observed that the protective effect of ANGPTL3 inhibitors may partially mediate through alterations in immune cell phenotypes, particularly the expression of HLA DR on CD14+ CD16+ monocytes. The mediated proportion of this effect was 4.69%, with a mediated effect size of -0.00899, underscoring a potential new pathway by which ANGPTL3 inhibition may confer kidney protection. However, the mediation effect was modest, and the results did not demonstrate significant correlation, warranting cautious interpretation of these findings.

Our study is subject to certain inevitable limitations. Firstly, MR analysis primarily evaluates causal relationships between exposures and outcomes. While it is adept at discerning the direction of these associations, it falls short in quantifying their magnitude and cannot substitute for clinical trials in practical settings. Secondly, drug-targeted MR analysis may not accurately capture the effects of short-term administration or different routes of administration. Lastly, due to limited GWAS data resources, our MR analysis was conducted exclusively on a European population, which may limit the generalizability of our findings to other ethnicities.




5 Conclusion

In conclusion, our drug-targeted MR analysis demonstrated that ANGPTL3 inhibitors significantly reduce the risk of CKD, while LDLR activators are significantly associated with an increased risk of CKD. Furthermore, the study found that lipid-lowering drugs do not significantly impact eGFR and BUN levels. These findings suggest that ANGPTL3 and LDLR are promising candidate drug targets for CKD treatment. However, further validation through basic and clinical research is necessary.
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