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Background: Chronic kidney disease (CKD) is often accompanied by alterations in the metabolic profile of the body, yet the causative role of these metabolic changes in the onset of CKD remains a subject of ongoing debate. This study investigates the causative links between metabolites and CKD by leveraging the results of genomewide association study (GWAS) from 486 blood metabolites, employing bulk two-sample Mendelian randomization (MR) analyses. Building on the metabolites that exhibit a causal relationship with CKD, we delve deeper using enrichment analysis to identify the metabolic pathways that may contribute to the development and progression of CKD.

Methods: In conducting the Mendelian randomization analysis, we treated the GWAS data for 486 metabolic traits as exposure variables while using GWAS data for estimated glomerular filtration rate based on serum creatinine (eGFRcrea), microalbuminuria, and the urinary albumin-to-creatinine ratio (UACR) sourced from the CKDGen consortium as the outcome variables. Inverse-variance weighting (IVW) analysis was used to identify metabolites with a causal relationship to outcome. Using Bonferroni correction, metabolites with more robust causal relationships are screened. Additionally, the IVW-positive results were supplemented with the weighted median, MR-Egger, weighted mode, and simple mode. Furthermore, we performed sensitivity analyses using the Cochran Q test, MR-Egger intercept test, MR-PRESSO, and leave-one-out (LOO) test. Pathway enrichment analysis was conducted using two databases, KEGG and SMPDB, for eligible metabolites.

Results: During the batch Mendelian randomization (MR) analyses, upon completion of the inverse-variance weighted (IVW) approach, sensitivity analysis, and directional consistency checks, 78 metabolites were found to meet the criteria. The following four metabolites satisfy Bonferroni correction: mannose, N-acetylornithine, glycine, and bilirubin (Z, Z), and mannose is causally related to all outcomes of CKD. By pathway enrichment analysis, we identified eight metabolic pathways that contribute to CKD occurrence and progression.

Conclusion: Based on the present analysis, mannose met Bonferroni correction and had causal associations with CKD, eGFRcrea, microalbuminuria, and UACR. As a potential target for CKD diagnosis and treatment, mannose is believed to play an important role in the occurrence and development of CKD.
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1 Introduction

Chronic kidney disease (CKD) results from a variety of etiologies, characterized by reduced renal function as a clinical manifestation and renal fibrosis as a pathologic feature (1, 2). According to the latest KDIGO Guidelines, the most widely recognized indicator of kidney damage is the marker of kidney damage or GFR > 60 mL/min/1.73 m2 for >3 months (3). According to the most recent epidemiological study on CKD on a global scale, approximately 700 million people suffer from CKD worldwide as of 2017 (4). Around the world, CKD has increased in incidence and mortality in recent years (5, 6), and CKD is predicted to become the fifth leading cause of death worldwide by 2040 (7). As CKD progresses, kidney function will gradually and irreversibly decline. CKD progresses to kidney failure when the glomerular filtration rate [GFR] < 15 mL/min/1.73 m2 (8). In the stage of kidney failure, there are only two treatment options left: dialysis and kidney transplantation (9). In a previous study of 228,552 patients with kidney failure, based on standardized mortality, kidney transplantation was associated with a survival advantage over dialysis (10). Patients who undergo surgery or under dialysis face a substantial financial burden as well as risks associated with the procedure (11). Therefore, early identification of risk factors and prevention of CKD are particularly important.

Metabolomics is a research method that analyzes metabolites (usually small molecules with a molecular weight < 1,000 Daltons) produced by various biological processes in a target sample (12). Levels of metabolite products are genetically determined and interact with environmental factors to ultimately create differences between individuals (13, 14). Patients with CKD, especially those who progress to kidney failure, are affected by the disease itself and subsequent interventions and suffer from metabolic disturbances, such as elevated lipids, abnormally hypercatabolic catabolism, and iron metabolism disorder (15–17). In recent years, more and more researchers have tried to explore the mechanisms of CKD progression and new diagnostic and therapeutic targets through the study of metabolites in patients’ biospecimens (18–20).

Using whole genome sequencing data, Mendelian randomization (MR) can be used to examine the causal relationship between exposure and outcome in disease etiology studies (21). This research method using innate genotype as the instrumental variable (IVs), imitating the RCT study in methodology, makes the final conclusion more reliable and greatly reduces the possibility of reverse causality (22, 23). Because of the above advantages of MR Analysis, more and more researchers are choosing to explore the etiology of diseases based on previous GWAS results. Based on the MR analysis, Ponte et al. investigated the causal relationship between uromodulin, blood pressure, and chronic kidney diseases (24). MR analysis by Kjaergaard et al. found that obesity affects kidney function and proteinuria caused by diabetes type 2 (25). With the establishment of an atlas of genetically determined metabotypes (GDMs) (26), we can investigate the causal relationship between blood metabolites and CKD through MR analysis.

In this study, as exposure factors, we used 486 blood metabolites, and CKD as well as its related test indicators as outcome factors, and then, MR analysis was conducted to determine which metabolites were causally associated with CKD. In order to identify the pathways that may cause CKD, an enrichment analysis of metabolic pathways was performed based on the positive results of the MR analysis. The results of this study provide a new target and direction for the screening of future CKD patients as well as early intervention and even treatment to delay the progression of the disease.



2 Materials and methods


2.1 Study design and data source

The MR analyses we perform follow the three assumptions underlying MR: (1) There is a strong association between IVs and exposures; (2) IVs are independent of confounding factors; (3) IVs affect outcomes only via exposures and are not directly related to outcome; the specific hypotheses regarding the MR analysis of this study are detailed in Supplementary Figure 1, while the overview of the research process for this study can be found in the flowchart (Supplementary Figure 2).

A previous GWAS analysis of 486 metabolites in human blood was used to assess exposure in this study (26), and then, we investigated the consequential impacts of each metabolite on CKD and CKD-related indicators using two-sample MR. A total of 7,824 Europeans were included in the metabolite GWAS study, including 1768 from the KORA F4 study in Germany and 6,056 from the UK Twin Study; specific GWAS results can be downloaded at metabolomics GWAS server.1 Apart from 107 metabolites of unknown function, the remaining 486 metabolites were organized into eight groups, namely: amino acid, carbohydrate, cofactors and vitamin, energy, lipid, nucleotide, peptide, and xenobiotic metabolism.

GWAS results for CKD, eGFR based on serum creatinine (eGFRcrea), microalbuminuria, and urinary albumin-to-creatinine ratio (UACR) obtained from the CKDGen Consortium, downloaded from the IEU OpenGWAS project,2 which are all European-ancestry samples. CKD and eGFRcrea were derived from the previous studies of Pattaro et al. (27). There were 117,165 samples in the CKD study (ncase = 12,385; ncontrol = 104,780) and 133,814 samples in the eGFRcrea study. Microalbuminuria and UACR come from previous studies by Teumer et al. (28). The study of UACR contains 54,450 samples, and the study of microalbuminuria contains 54,116 samples.



2.2 The selection of instrumental variables

Considering that the number of metabolite-related SNPs in the blood is not optimistic, we chose p < 10−5 as the screening criteria for strongly associated IVs with exposure factors. We then set the linkage disequilibrium parameter (R2 > 0.1 and within 500 kb) to ensure that the IVs are independent. Our next step was to eliminate weaker IVs by using F > 10 as the standard, and the specific F value was obtained using the following formula:
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Previous similar studies have explained the specific formula (29). Following removal of the IVs directly associated with the outcome (p = 1 × 10 5), we queried the IVs associated with confounders (hypertension, diabetes, kidney disease, and obesity) with Phenoscann. The harmonise_data function in the TwoSampleMR package is then used to perform data harmonization to ensure that the effect allele belongs to the same allele. Finally, we conducted MR analysis between metabolites with IVs greater than two and our outcome time.



2.3 MR analysis

All data analysis was based on R (version 4.1.1). First, based on the inverse-variance weighted (IVW) method, the Wald ratio of IVs was systematically evaluated using p < 0.05 as the screening condition. The TwoSampleMR package (version 0.5.7) was used to screen and analyze metabolites associated with CKD and its related indicators. Further analyses were conducted only on metabolites whose results were in the same direction as those obtained by all five methods (inverse-variance weighted, weighted median, MR-Egger, weighted mode, and simple mode). In order to evaluate heterogeneity and pleiotropy of IVs, Cochran’s Q test and MR-Egger intercept analysis were conducted, respectively, and those metabolites that passed the IVW test but had pleiotropy (p < 0.05) were excluded. Utilize MR-PRESSO (version 1.0) to identify and remove outlier SNP in IVs. By using the leave-one-out (LOO) analysis, we ensured that MR Results would not be impacted by any single SNP. The above analysis was conducted with CKD, eGFRcrea, UACR, and microalbuminuria as the outcomes, and then, we intersected the eligible results to examine the core metabolites contributing to CKD progression. Bonferroni correction was used to identify metabolites with obvious causal relationships, as the process of metabolite screening involved multiple MR analyses.



2.4 Enrichment analysis of metabolic pathway

The enrichment analysis of metabolic pathways was applied to the metabolites that have causal relationship with CKD, eGFRcrea, UACR, and microalbuminuria, which meet all the conditions for the above MR analysis, using MetaboAnalyst 5.0.3 To further explore the metabolic pathways associated with CKD, two databases were employed, KEGG and SMPDB.



2.5 Validation of MR results

To further validate our conclusions, we used the new GWAS database for validation. First, we extracted GWAS data for metabolites that met the Bonferroni correction in the MR results from a GWAS library containing 1,091 metabolites and 309 metabolite ratios as a validation of the exposure to MR analysis. We then used the GWAS results with study accession ID GCST008059 in the catalog database as a validation of the end of the MR analysis. The study included GWAS data of eGFR with 567,460 European-ancestry individuals. The criteria and steps for screening subsequent IVs were exactly the same as before.




3 Result


3.1 Preparation of IVs

In a series of screenings with a strong correlation to a metabolite but no correlation to CKD, LD analysis, and screening with F > 10, 8,167 SNPS met the criteria. As a result of searching Phenoscann, screening and deleting SNPS strongly associated with confounders, Supplementary Table 1 contained 8,147 SNPS for further MR analysis. Supplementary Table 2 shows SNPS associated with confounders and deleted. Finally, we removed blood metabolites with IVs less than three for subsequent MR analysis.



3.2 MR analysis

As the first step, we screened metabolites with p-values less than 0.05 in IVW analysis with CKD, eGFRcrea, microalbuminuria, and UACR as outcomes. In total, 116 metabolites were investigated, including 62 known substances and 54 unknown substances, which were visualized as heatmaps (Figure 1A). One hundred sixteen metabolites were then analyzed by four subsequent MR analyses (weighted median, MR-Egger, weighted mode, and simple mode). Supplementary Table 3 shows metabolites in the same direction as the screening results from the five methods. Seventy-eight metabolites that met the criteria, and their IVW analysis results are listed in Table 1, as well as their heterogeneity and pleiotropy test results in Supplementary Table 4. Following that, we intersected the four outcomes and drew the Venn diagram (Figure 1B). In addition to being causally related to all four outcomes, mannose is a risk factor for CKD, while being negatively correlated with the increase in eGFRcrea, UACR, and microalbuminuria. Four metabolites that are eligible for analysis after Bonferroni correction: mannose, N-acetylornithine, glycine, and bilirubin (Z, Z). This scatterplot shows the effects of these four metabolites on eGFRcrea changes in five different MR methods (Figure 2). Based on the LOO method (Figure 3), no single SNP would impact the MR Results of the four metabolites tested.

[image: Figure 1]

FIGURE 1
 Heatmaps and Venn diagram visualizing IVW analysis results for CKD, eGFRcrea, microalbuminuria, and UACR. (A) Heatmaps showing the p-values of the IVW analysis and the direction of the result. (B) Venn diagram showing the intersection of all positive MR results. CKD, Chronic Kidney Disease; eGFRcrea, eGFR based on serum creatinine; UACR, urinary albumin-to-creatinine ratio.




TABLE 1 The IVW results of metabolites were consistent with the sensitivity analysis in the same direction of the five MR analysis results.
[image: Table1]
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FIGURE 2
 Scatter plots of the four metabolites that conform to the Bonferroni correction show causal relationships with eGFRcrea. (A) Mannose, (B) glycine, (C) bilirubin (Z, Z), (D) N-acetylornithine.


[image: Figure 3]

FIGURE 3
 LOO analysis of four metabolites conforming to the Bonferroni correction. (A) Mannose, (B) glycine, (C) bilirubin (Z, Z), (D) N-acetylornithine. LOO analysis: leave-one-out analysis.




3.3 Analysis of metabolic pathway enrichment

The results of MR Analysis were enriched with the KEGG and SMPDB databases, resulting in eight meaningful pathways in Table 2. Caffeine metabolism, glycine serine and threonine metabolism, glycine and serine metabolism, glyoxylate and dicarboxylate metabolism, methionine metabolism, porphyrin and chlorophyll metabolism, porphyrin metabolism, and primary bile acid biosynthesis may be potential factors leading to the occurrence and even progression of CKD.



TABLE 2 Results of pathway enrichment analysis.
[image: Table2]



3.4 Validation of MR results

To verify the stability of our MR analysis results, we used two new GWAS data for validation. We extracted GWAS data for the metabolites of mannose, N-acetylornithine, glycine, and bilirubin (Z, Z) in a new metabolite database. N-acetylornithine in the 486 metabolites database corresponds to N-alpha-acetylornithine and N-delta-acetylornithine in the new metabolite database. Specific MR analysis results can be seen in Table 3. It can be seen that the value of ps calculated by IVW for mannose, N-delta-acetylornithine, and glycine were 1.86E-08, 4.94E-36, and 3.13E-45, respectively, and all showed a strong causal relationship with eGFR. However, bilirubin (Z, Z) did not perform well in the new dataset with a value of p of 0.950196 for IVW.



TABLE 3 Results of validation MR analysis.
[image: Table3]




4 Discussion

The integration of GWAS findings of CKD, along with three indicators associated with the severity of CKD and a total of 486 blood metabolites, was conducted in this research, and then, the outcome of MR analysis, which was performed and conducted in batches, involved CKD and its associated test indicators, while the exposure consisted of 486 metabolites. In light of the high frequency of MR analysis and the large number of meaningful metabolites, Bonferroni should be used to correct and screen metabolites with high confidence, which play a key role in the occurrence and progression of CKD. Finally, four metabolites with significant causal relationships with eGFRcrea were identified: mannose, N-acetylornithine, glycine, and bilirubin (Z, Z). As mannose is causally related to all four outcomes in this study, we conclude that it is an important factor contributing to the onset and progression of CKD.

Mannose, like glucose, is also a hexose involved in human energy metabolism and other complex metabolic processes (30). Due to the fact that the GWAS data we used as a variable are only related to blood mannose content, and mannose is involved in numerous metabolic activities, it is impossible to identify the primary factors leading to the change in blood mannose content. In light of this, we discuss the following biological processes involved in mannose in relation to CKD. As a carbohydrate, mannose is a source of energy in the body. Despite not being the body’s primary energy source, mannose can influence its energy metabolism. Researchers have found that mannose-6-phosphate produced by hexokinase can affect glucose absorption by cells and then affect energy metabolism (31). Under low mannose conditions, individuals with low phosphomannose isomerase (PMI) expression often showed inhibited glucose metabolism (31). In a previous review, individuals lacking PMI were more likely to suffer from digestive tract-related diseases and to develop diseases such as liver fibrosis, diabetes, and developmental delays (32). It is speculated that the high level of mannose in the blood may inhibit the energy metabolism of the kidney, resulting in decreased kidney function and even kidney fibrosis in CKD patients.

In addition to energy metabolism, mannose-related compounds are also involved in complement activation pathways in the immune system. The mannose-binding lectin (MBL) pathway is one of the three known pathways that activate the complement system (33). In response to an interaction between MBL and the carbohydrate motif of the bacteria, mannose-binding agglutinin serine protease (MASP) cleaves C4 and C2 to produce C3 convertase C4b2b. C4b2b catalyzes the conversion of C3 into C3a and C3b and combines with C3b to form C4b2bC3b, which catalyzes the formation of C5b, thus promoting the formation of membrane attack complex (MAC) (34–36). The complement system and related immune-related products play a crucial role in glomerulonephritis progression, including IgA nephropathy (IgAN), membranous nephropathy (MN), focal segmental glomerular sclerosis (FSGS), lupus nephritis (LN), and antineutrophil cytoplasmic autoantibody-associated vasculitis (AAV) (37). According to a previous study of kidney biopsy specimens from MN patients, complement activation in the kidneys of MN patients is mainly dependent on the MBL pathway or bypass pathway, rather than the classic pathway (38). The risk of renal failure increased as C3 levels in kidney biopsy samples increased in a previous study using multivariate logistic regression (39). After all, many factors can affect the concentration level of mannose in the blood, whether it comes from oral intake or endogenous production. Whether it is from the perspective of energy metabolism or immune complement activation, the results of MR analysis can only be inferred from the existing studies, and the specific mechanism needs to be explored by subsequent experiments.

To substantiate the existing findings, we conducted additional Mendelian randomization (MR) analyses by utilizing an alternative metabolite GWAS repository as the exposure and a separate eGFR GWAS dataset as the outcome. The results reinforced the statistical robustness of mannose, N-delta-acetylornithine, and glycine, each demonstrating strong significance. However, bilirubin (Z, Z) failed to reach statistical significance in these subsequent analyses. N-delta-acetylornithine is a metabolic product synthesized by a liver- and kidney-specific N-acetyltransferase during its role in biotransformation and detoxification metabolism, involving the generation of thiol groups (40). Previous research has also identified an association between elevated circulating levels of N-delta-acetylornithine and kidney failure (41). Glycine is the simplest and most stable amino acid constituent of proteins in the human body, participating in numerous physiological and biochemical processes. However, there is no direct literature report correlating serum glycine levels with renal function in humans, offering a novel direction for future research endeavors.

MR analysis with microalbuminuria and UACR as the outcome were both enriched in the pathway for caffeine metabolism in the subsequent enrichment analysis. Furthermore, a previous study also found a causal link between coffee consumption and CKD using MR analysis, which took CKD GWAS data of CKDGen as the outcome and coffee consumption GWAS data of UK Biobank as the exposure (42). Despite using metabolite-related GWAS data as exposure, which is unrelated to the exposure data used by Kennedy et al., the same conclusion is reached, which is sufficient to demonstrate the methodological superiority of MR analysis. In addition, pathway enrichment analyses for metabolites with significant MR positive findings, using CKD, eGFRcrea, and UACR as outcomes, consistently highlighted porphyrin metabolism as a pathway of interest, regardless of whether the KEGG or the SMPDB was employed as the database. In the human body, hemochrome (ferroprotoporphyrin) is the most common porphyrin, involved in the formation of a range of proteins related to REDOX reactions, such as hemoglobin, myoglobin, cytochrome P-450 and mitochondrial cytochrome in muscle cells, and other hemoproteins in liver cells (43). A common complication of CKD is anemia, which requires iron supplementation and erythropoiesis-stimulating agents (ESAs) and even blood transfusions (17, 44). Patients with CKD will suffer from iron metabolism disorders from both the disease and subsequent treatments, and a previous study found that a significant number of dialysis patients had abnormal iron metabolisms (45). Catalytically active free iron can generate toxic reactive oxygen species (ROS), which can damage cells and their proteins (46). It is now accepted that kidney fibrosis is formed as a result of the healing response of the body (47). ROS is a recognized fibrosis-promoting molecule that promotes mesangial and fibroblast activation and tubular epithelial-to-mesenchymal cell transformation (EMT) (48). The final result is a large amount of extracellular matrix (ECM) deposition, leading to the destruction of the normal structure of the kidney and the loss of kidney function (49).

Additional metabolic pathways identified through enrichment analysis predominantly focus on primary bile acid synthesis and associated metabolite processing, which includes the metabolism of compounds such as glycine, serine, threonine, methionine, pyruvate, and dicarboxylic acids. Interestingly, glycine, serine, threonine, and methionine are all involved in the synthesis of one-carbon units, which are biologically active molecules. The primary source of one-carbon units is the carbon skeleton oxidation of amino acids, notably glycine, and both threonine and serine can be converted into glycine, thereby generating one-carbon units. The methyl group within the methionine molecule also constitutes a one-carbon unit. With the involvement of ATP, methionine is converted to S-adenosylmethionine (SAM), which is known as active methionine. Acting as a reactive methyl donor (50, 51). One-carbon units predominantly contribute to cellular proliferation through the biosynthesis of purines and deoxythymidine monophosphate (dTMP) (52). The proliferation and activation of early immune cells consequently affect renal function, while the excessive proliferation of fibroblasts during the chronic progression phase is a common pathological hallmark of chronic kidney disease (53, 54). Research on the association between bile acid synthesis-related pathways and chronic kidney disease is limited, and bilirubin (Z, Z) lacked statistical significance in subsequent validation datasets.

However, our study has some limitations. The condition selection for SNP screening is relatively loose in order to provide sufficient instrumental variables for subsequent MR analysis, although we eliminate weaker IVs by using F > 10. Additionally, this study made use of a large number of two-sample MR analyses, which are susceptible to multiple test errors, although we corrected our results with Bonferroni correction. Finally, it cannot be denied that MR analysis is an effective tool for the study of etiology. However, metabolites that have a causal relationship with CKD screened in this study lack further experimental verification and exploration of their specific mechanisms, which also needs to be further improved in this study.



5 Conclusion

As a result of MR analysis, 78 metabolites were found to have causal relationships with CKD or its related indicators. After Bonferroni correction, mannose, N-acetylornithine, glycine, and bilirubin (Z, Z) remained robust. Eight metabolic pathways were identified after enrichment analysis of metabolic pathways related to CKD occurrence and progression. It is these metabolites and their subsequent metabolic pathways that can be used to identify high-risk patients in the early stages of CKD and take preventative measures or to prevent the progression of CKD later on. In addition, it provides direction for further research on the etiology and pathogenesis of CKD.



Data availability statement

Publicly available datasets were analyzed in this study. This data can be found at: https://gwas.mrcieu.ac.uk/ and https://www.metaboanalyst.ca.



Ethics statement

Ethical approval was not required for the study involving humans in accordance with the local legislation and institutional requirements. Written informed consent to participate in this study was not required from the participants or the participants' legal guardians/next of kin in accordance with the national legislation and the institutional requirements.



Author contributions

YY: Conceptualization, Data curation, Formal analysis, Writing – original draft, Investigation, Methodology, Resources, Software, Supervision, Visualization. CS: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Resources, Software, Supervision, Visualization, Writing – original draft. QH: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. CC: Methodology, Validation, Writing – review & editing. ZW: Supervision, Validation, Writing – review & editing. ZHu: Supervision, Validation, Writing – review & editing. HC: Supervision, Validation, Writing – review & editing. LS: Supervision, Validation, Writing – review & editing. SF: Supervision, Validation, Writing – review & editing. JT: Supervision, Validation, Writing – review & editing. ZHa: Supervision, Validation, Writing – review & editing. RT: Supervision, Validation, Writing – review & editing. MG: Funding acquisition, Project administration, Resources, Writing – review & editing. XJ: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This work was supported by the National Natural Science Foundation of China (grant numbers 82270790, 82170769, 82070769, 81900684, and 81870512), the “333 High Level Talents Project” in Jiangsu Province (grant numbers BRA2015469 and BRA2016514), Jiangsu Province Natural Science Foundation Program (grant number BK20191063).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnut.2023.1274078/full#supplementary-material


SUPPLEMENTARY TABLE 1 | IVs for MR Analysis. Notes: IVs: Instrumental Variables, MR Analysis: Mendelian Randomization Analysis.



SUPPLEMENTARY TABLE 2 | Deleted SNPs associated with confounding factors.



SUPPLEMENTARY TABLE 3 | All MR Analysis results of 5 MR Analysis methods with the same direction.



SUPPLEMENTARY TABLE 4 | Sensitivity analysis results of metabolite which was meaningful for MR Analysis.



SUPPLEMENTARY FIGURE 1 | Three underlying assumptions of MR analysis.



SUPPLEMENTARY FIGURE 2 | The underlying assumptions of MR analysis.




Footnotes

1   
https://metabolomics.helmholtz-muenchen.de/gwas/


2   
https://gwas.mrcieu.ac.uk/


3   
https://www.metaboanalyst.ca/




References

 1. Mazidi,M, Gao,HK, and Kengne,AP. Food patterns are associated with likelihood of CKD in US adults. Sci Rep. (2018) 8:10696. doi: 10.1038/s41598-018-27365-6 

 2. Guan,Y, Nakano,D, Zhang,Y, Li,L, Tian,Y, and Nishiyama,A. A mouse model of renal fibrosis to overcome the technical variability in ischaemia/reperfusion injury among operators. Sci Rep. (2019) 9:10435. doi: 10.1038/s41598-019-46994-z 

 3. Stevens,PE, and Levin,A. Evaluation and management of chronic kidney disease: synopsis of the kidney disease: improving global outcomes 2012 clinical practice guideline. Ann Intern Med. (2013) 158:825–30. doi: 10.7326/0003-4819-158-11-201306040-00007 

 4. GBD Chronic Kidney Disease Collaboration. Global, regional, and national burden of chronic kidney disease, 1990-2017: a systematic analysis for the global burden of disease study 2017. Lancet. (2020) 395:709–33. doi: 10.1016/S0140-6736(20)30045-3

 5. Li,Y, Ning,Y, Shen,B, Shi,Y, Song,N, Fang,Y , et al. Temporal trends in prevalence and mortality for chronic kidney disease in China from 1990 to 2019: an analysis of the global burden of disease study 2019. Clin Kidney J. (2023) 16:312–21. doi: 10.1093/ckj/sfac218 

 6. Xie,Y, Bowe,B, Mokdad,AH, Xian,H, Yan,Y, Li,T , et al. Analysis of the global burden of disease study highlights the global, regional, and national trends of chronic kidney disease epidemiology from 1990 to 2016. Kidney Int. (2018) 94:567–81. doi: 10.1016/j.kint.2018.04.011 

 7. Foreman,KJ, Marquez,N, Dolgert,A, Fukutaki,K, Fullman,N, McGaughey,M , et al. Forecasting life expectancy, years of life lost, and all-cause and cause-specific mortality for 250 causes of death: reference and alternative scenarios for 2016-40 for 195 countries and territories. Lancet. (2018) 392:2052–90. doi: 10.1016/S0140-6736(18)31694-5

 8. Levey,AS, Eckardt,KU, Dorman,NM, Christiansen,SL, Hoorn,EJ, Ingelfinger,JR , et al. Nomenclature for kidney function and disease: report of a kidney disease: improving global outcomes (KDIGO) consensus conference. Kidney Int. (2020) 97:1117–29. doi: 10.1016/j.kint.2020.02.010 

 9. Li,PK, Garcia-Garcia,G, Lui,SF, Andreoli,S, Fung,WWS, Hradsky,A , et al. Kidney health for everyone everywhere-from prevention to detection and equitable access to care. Kidney Int. (2020) 97:226–32. doi: 10.1016/j.kint.2019.12.002

 10. Wolfe,RA, Ashby,VB, Milford,EL, Ojo,AO, Ettenger,RE, Agodoa,LYC , et al. Comparison of mortality in all patients on dialysis, patients on dialysis awaiting transplantation, and recipients of a first cadaveric transplant. N Engl J Med. (1999) 341:1725–30. doi: 10.1056/NEJM199912023412303 

 11. Augustine,J. Kidney transplant: new opportunities and challenges. Cleve Clin J Med. (2018) 85:138–44. doi: 10.3949/ccjm.85gr.18001

 12. Holmes,E, Wilson,ID, and Nicholson,JK. Metabolic phenotyping in health and disease. Cells. (2008) 134:714–7. doi: 10.1016/j.cell.2008.08.026

 13. Gieger,C, Geistlinger,L, Altmaier,E, Hrabé de Angelis,M, Kronenberg,F, Meitinger,T , et al. Genetics meets metabolomics: a genome-wide association study of metabolite profiles in human serum. PLoS Genet. (2008) 4:e1000282. doi: 10.1371/journal.pgen.1000282

 14. Kettunen,J, Tukiainen,T, Sarin,AP, Ortega-Alonso,A, Tikkanen,E, Lyytikäinen,LP , et al. Genome-wide association study identifies multiple loci influencing human serum metabolite levels. Nat Genet. (2012) 44:269–76. doi: 10.1038/ng.1073 

 15. Vaziri,ND. Dyslipidemia of chronic renal failure: the nature, mechanisms, and potential consequences. Am J Physiol Renal Physiol. (2006) 290:F262–72. doi: 10.1152/ajprenal.00099.2005 

 16. Raj,DS, Sun,Y, and Tzamaloukas,AH. Hypercatabolism in dialysis patients. Curr Opin Nephrol Hypertens. (2008) 17:589–94. doi: 10.1097/MNH.0b013e32830d5bfa

 17. Nakanishi,T, Kuragano,T, Nanami,M, Otaki,Y, Nonoguchi,H, and Hasuike,Y. Importance of ferritin for optimizing anemia therapy in chronic kidney disease. Am J Nephrol. (2010) 32:439–46. doi: 10.1159/000320733 

 18. Rhee,EP, Clish,CB, Wenger,J, Roy,J, Elmariah,S, Pierce,KA , et al. Metabolomics of chronic kidney disease progression: a case-control analysis in the chronic renal insufficiency cohort study. Am J Nephrol. (2016) 43:366–74. doi: 10.1159/000446484 

 19. Sato,E, Kohno,M, Yamamoto,M, Fujisawa,T, Fujiwara,K, and Tanaka,N. Metabolomic analysis of human plasma from haemodialysis patients. Eur J Clin Investig. (2011) 41:241–55. doi: 10.1111/j.1365-2362.2010.02398.x

 20. Rhee,EP, Souza,A, Farrell,L, Pollak,MR, Lewis,GD, Steele,DJR , et al. Metabolite profiling identifies markers of uremia. J Am Soc Nephrol. (2010) 21:1041–2051. doi: 10.1681/ASN.2009111132 

 21. Zuccolo,L, and Holmes,MV. Commentary: Mendelian randomization-inspired causal inference in the absence of genetic data. Int J Epidemiol. (2017) 46:962–5. doi: 10.1093/ije/dyw327 

 22. Richmond,RC, and Davey Smith,G. Mendelian randomization: concepts and scope. Cold Spring Harb Perspect Med. (2022) 12:a040501. doi: 10.1101/cshperspect.a040501

 23. Burgess,S, Butterworth,A, and Thompson,SG. Mendelian randomization analysis with multiple genetic variants using summarized data. Genet Epidemiol. (2013) 37:658–65. doi: 10.1002/gepi.21758 

 24. Ponte,B, Sadler,MC, Olinger,E, Vollenweider,P, Bochud,M, Padmanabhan,S , et al. Mendelian randomization to assess causality between uromodulin, blood pressure and chronic kidney disease. Kidney Int. (2021) 100:1282–91. doi: 10.1016/j.kint.2021.08.032 

 25. Kjaergaard,AD, Teumer,A, Witte,DR, Stanzick,KJ, Winkler,TW, Burgess,S , et al. Obesity and kidney function: a two-sample Mendelian randomization study. Clin Chem. (2022) 68:461–72. doi: 10.1093/clinchem/hvab249

 26. The Multiple Tissue Human Expression Resource (MuTHER) ConsortiumShin,SY, Fauman,EB, Petersen,AK, Krumsiek,J, Santos,R , et al. An atlas of genetic influences on human blood metabolites. Nat Genet. (2014) 46:543–50. doi: 10.1038/ng.2982 

 27. Pattaro,C, Teumer,A, Gorski,M, Chu,AY, Li,M, Mijatovic,V , et al. Genetic associations at 53 loci highlight cell types and biological pathways relevant for kidney function. Nat Commun. (2016) 7:10023. doi: 10.1038/ncomms10023 

 28. Teumer,A, Tin,A, Sorice,R, Gorski,M, Yeo,NC, Chu,AY , et al. Genome-wide association studies identify genetic loci associated with albuminuria in diabetes. Diabetes. (2016) 65:803–17.

 29. Yun,Z, Guo,Z, Li,X, Shen,Y, Nan,M, Dong,Q , et al. Genetically predicted 486 blood metabolites in relation to risk of colorectal cancer: a Mendelian randomization study. Cancer Med. (2023) 12:13784–99. doi: 10.1002/cam4.6022 

 30. Hannou,SA, Haslam,DE, McKeown,NM, and Herman,MA. Fructose metabolism and metabolic disease. J Clin Invest. (2018) 128:545–55. doi: 10.1172/JCI96702 

 31. Gonzalez,PS, O’Prey,J, Cardaci,S, Barthet,VJA, Sakamaki,JI, Beaumatin,F , et al. Mannose impairs tumour growth and enhances chemotherapy. Nature. (2018) 563:719–23. doi: 10.1038/s41586-018-0729-3

 32. Lieu,EL, Kelekar,N, Bhalla,P, and Kim,J. Fructose and mannose in inborn errors of metabolism and Cancer. Metabolites. (2021) 11:479. doi: 10.3390/metabo11080479 

 33. Ricklin,D, Hajishengallis,G, Yang,K, and Lambris,JD. Complement: a key system for immune surveillance and homeostasis. Nat Immunol. (2010) 11:785–97. doi: 10.1038/ni.1923 

 34. Conigliaro,P, Triggianese,P, Ballanti,E, Perricone,C, Perricone,R, and Chimenti,MS. Complement, infection, and autoimmunity. Curr Opin Rheumatol. (2019) 31:532–41. doi: 10.1097/BOR.0000000000000633

 35. Mathern,DR, and Heeger,PS. Molecules great and small: the complement system. Clin J Am Soc Nephrol. (2015) 10:1636–50. doi: 10.2215/CJN.06230614 

 36. Garred,P, Genster,N, Pilely,K, Bayarri-Olmos,R, Rosbjerg,A, Ma,YJ , et al. A journey through the lectin pathway of complement-MBL and beyond. Immunol Rev. (2016) 274:74–97. doi: 10.1111/imr.12468 

 37. Genest,DS, Bonnefoy,A, Khalili,M, Merlen,C, Genest,G, Lapeyraque,AL , et al. Comparison of complement pathway activation in autoimmune glomerulonephritis. Kidney Int Rep. (2022) 7:1027–36. doi: 10.1016/j.ekir.2022.02.002

 38. Ayoub,I, Shapiro,JP, Song,H, Zhang,XL, Parikh,S, Almaani,S , et al. Establishing a case for anti-complement therapy in membranous nephropathy. Kidney Int Rep. (2021) 6:484–92. doi: 10.1016/j.ekir.2020.11.032 

 39. Oto,OA, Demir,E, Mirioglu,S, Dirim,AB, Ozluk,Y, Cebeci,E , et al. Clinical significance of glomerular C3 deposition in primary membranous nephropathy. J Nephrol. (2021) 34:581–7. doi: 10.1007/s40620-020-00915-w 

 40. Veiga-da-Cunha,M, Tyteca,D, Stroobant,V, Courtoy,PJ, Opperdoes,FR, and van Schaftingen,E. Molecular identification of NAT8 as the enzyme that acetylates cysteine S-conjugates to mercapturic acids. J Biol Chem. (2010) 285:18888–98. doi: 10.1074/jbc.M110.110924 

 41. Luo,S, Surapaneni,A, Zheng,Z, Rhee,EP, Coresh,J, Hung,AM , et al. NAT8 variants, N-acetylated amino acids, and progression of CKD. Clin J Am Soc Nephrol. (2020) 16:37–47. doi: 10.2215/CJN.08600520 

 42. Kennedy,OJ, Pirastu,N, Poole,R, Fallowfield,JA, Hayes,PC, Grzeszkowiak,EJ , et al. Coffee consumption and kidney function: a Mendelian randomization study. Am J Kidney Dis. (2020) 75:753–61. doi: 10.1053/j.ajkd.2019.08.025 

 43. Bonkovsky,HL, Guo,JT, Hou,W, Li,T, Narang,T, and Thapar,M. Porphyrin and heme metabolism and the porphyrias. Compr Physiol. (2013) 3:365–401. doi: 10.1002/cphy.c120006 

 44. Macdougall,IC, Bircher,AJ, Eckardt,KU, Obrador,GT, Pollock,CA, Stenvinkel,P , et al. Iron management in chronic kidney disease: conclusions from a “kidney disease: improving global outcomes” (KDIGO) controversies conference. Kidney Int. (2016) 89:28–39. doi: 10.1016/j.kint.2015.10.002 

 45. Nakanishi,T, Hasuike,Y, Otaki,Y, Nanami,M, and Kuragano,T. Dysregulated iron metabolism in patients on hemodialysis. Contrib Nephrol. (2015) 185:22–31. doi: 10.1159/000380967 

 46. McCord,JM. Iron, free radicals, and oxidative injury. Semin Hematol. (1998) 35:5–12.

 47. Eddy,AA. Molecular basis of renal fibrosis. Pediatr Nephrol. (2000) 15:290–301. doi: 10.1007/s004670000461

 48. Liu,Y. New insights into epithelial-mesenchymal transition in kidney fibrosis. J Am Soc Nephrol. (2010) 21:212–22. doi: 10.1681/ASN.2008121226 

 49. Liu,Y. Renal fibrosis: new insights into the pathogenesis and therapeutics. Kidney Int. (2006) 69:213–7. doi: 10.1038/sj.ki.5000054

 50. Pan,S, Fan,M, Liu,Z, Li,X, and Wang,H. Serine, glycine and one-carbon metabolism in cancer (review). Int J Oncol. (2021) 58:158–70. doi: 10.3892/ijo.2020.5158 

 51. Wani,NA, Hamid,A, and Kaur,J. Folate status in various pathophysiological conditions. IUBMB Life. (2008) 60:834–42. doi: 10.1002/iub.133

 52. Hayden,MR. The mighty mitochondria are unifying organelles and metabolic hubs in multiple organs of obesity, insulin resistance, metabolic syndrome, and type 2 diabetes: An observational ultrastructure study. Int J Mol Sci. (2022) 23:4820. doi: 10.3390/ijms23094820 

 53. An,HJ, Kim,JY, Kim,WH, Han,SM, and Park,KK. The protective effect of Melittin on renal fibrosis in an animal model of unilateral ureteral obstruction. Molecules. (2016) 21:1137. doi: 10.3390/molecules21091137 

 54. Schroll,A, Eller,K, Huber,JM, Theurl,IM, Wolf,AM, Weiss,G , et al. Tim3 is upregulated and protective in nephrotoxic serum nephritis. Am J Pathol. (2010) 176:1716–24. doi: 10.2353/ajpath.2010.090859 



OPS/xhtml/Nav.xhtml




Contents





		Cover



		Causal effects of human serum metabolites on occurrence and progress indicators of chronic kidney disease: a two-sample Mendelian randomization study



		1 Introduction



		2 Materials and methods



		2.1 Study design and data source



		2.2 The selection of instrumental variables



		2.3 MR analysis



		2.4 Enrichment analysis of metabolic pathway



		2.5 Validation of MR results









		3 Result



		3.1 Preparation of IVs



		3.2 MR analysis



		3.3 Analysis of metabolic pathway enrichment



		3.4 Validation of MR results









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Supplementary material



		Footnotes



		References



















OPS/images/cover.jpg
’ frontiers | Frontiers in Nutrition

Causal effects of human serum
metabolites on occurrence and
progress indicators of chronic
kidney disease: a two-sample
Mendelian randomization study












OPS/images/crossmark.jpg
(®) Check for updates







OPS/images/logo.jpg
’frontiers ‘ Frontiers in Nutrition






OPS/images/fnut-10-1274078-g003.jpg
rssesr
e
0608
s
rssesn
[
e
masats
o
tearsas
mesirens
st
e
ez
s
tasraoes
o204
e,

e
tasreaso
e
oo
arsaneo
wtoresss
w2
manaeaso
a7
sassers
esscees
areseser
nereosse

oo 002 oo
R leaso-ono-ausenity oty o
i (3.2) o0 eGPReey

waurarss
e
wa0s2iro

D

wrsrsars
estaee2
atastson?
mrsooszs
ez
P
e
e
tesso
atassa0n
oBi0113
e
erassors

0100

o

Ll

| AR

R ———

R leav-one-aut sensityanalys o
s on wFRres

oo
MR leave-one-out sty amlys o
Pt o

oo





OPS/images/fnut-10-1274078-t001.jpg
Malate
4-acetamidobutanoate
Glycerate

Citrulline

Myristoleate (14:1n5)
X-01911

X-11787
2-methoxyacetaminophen sulfate
X-12040

Lathosterol

X-12189

X-10346

X-12524

X-12833

X-13549

Hydrosyisovaleroyl carnitine
Caffeine

Allantoin
Gamma-glutamyltyrosine
Seyllo-Inositol

X-11792

X-11845

X-12063

p-acetamidophenylglucuron
Isobutyrylcarnitine
X-12100-hydroxytryptophan
X-12188

Bradykinin, des-arg(9)

Stearate (18:0)

Urate

Acetylphosphate

N-acetylomnithine

X-04357

X-05426

X-08402

I-linoleoylglycerol (1-monolinolein)
Hexanoylcarnitine
Glycochenodeoxycholate

Bilirubin (E,E)
C-glycosyltryptophan

X-11491

X-11530

X-11552
X-12244-N-acetylcarnosine
X-12441-12-hydroxyeicosatetraenoate
(12-HETE)

Bilirubin (E,Z or Z,E)

L-arachidonoylglycerophosphoinositol
X-1269%

X-12704

X-12712

X-13069

X-13429

X-13435

X-13859
X-14189-leucylalanine
X-14304-leucylalanine
X-14473
Octadecanedioate
2-hydroxyglutarate
Arachidonate (20:4n6)
X-02269

X-11469

X-11478

Salicyluric glucuronide
X-12116

X-12253
X-12442-5,8-tetradecadienoate
1-methylxanthine
X-13671
1-myristoylglycerophosphocholine
Glycine

Biliverdin

X-11799

X-11876

X-12206

Bilirubin (2,2)
Betaine

Mannose

(¢(]

OR(95%Cl)

0.45(0.21,0.98)

2.16(1.29,3.63)
0.46(0.22,1)
230132401
2,04(1.26,3.29)
0.64(0.5,0.83)
0.4(0.21,0.74)
0.96(0.94,0.99)
111(1.02,1.21)
0.67(050.91)
113(1.02,1.24)
1.22(1.01,1.48)
0.3(0.11,0.82)
11(1,1.22)
0.38(0.15,0.98)
0.44(0.21,0.95)

191(1.08,3.39)

1.31(1.04,1.65)

0.66(0.44,0.99)

0.62(0.43,0.89)

176(1.0

0.48(0.28,0.81)

1.81(1.05,3.11)

0.0438

0.0035

0.0496

0.0031

0.0036

0.0005

0.0036

0.0027

0.0153

0.0095

0.0134

0.0389

0.0185

0.0422

0.0459

0.037

0.0264

0.0225

0.0455

0.0096

0.0062

0.0329

Microalbuminuria

OR(95%Cl)

1.42(1.04,1.93)
0.65(0.43,0.96)
0.4(0.20.8)
1.94(1.03,3.67)
0.73(0.59,0.91)
1.23(1.01,1.49)
0.82(0.68,1)
0.96(0.93,0.99)
0.67(0.460.97)
236(1.15.4.81)
1.23(1.03,1.46)

0.81(0.7,0.94)

0.76(0.59,0.98)
1.38(1.06,1.8)
0.56(0.33,0.96)

3.37(1.45,7.83)

03(0.15,0.6)

P

0.0279
00297
0.0093
0.0415
0.0046
0.0414
0.0458
0.0181
0.0354
0.0189
0023

0.0066

0.0362
0.0156
0.0356

0.0048

0.0007

eGFRcrea

OR(95%CI)

109(1.02,1.16)

095(0.92,0.99)
093(0.89,0.98)
107(1,1.14)
0.96(0.96,0.97)
095(0.91,0.99)
097(0.94,0.99)
103(1.01,1.06)
0.98(0.97,1)
098(0.96,0.99)
0.99(0.98,1)
098(0.97,0.99)

0

(0.86,098)
1.01(1,1.03)
0.98(0.96,0.99)
0.98(0.96,1)
095(0.92,0.99)

1.01(1,1.02)

098(0.97,0.99)
1.03(1,1.06)
103(1.01,1.06)
097(0.96,0.99)
0.99(0.99,1)
103(1.01,1.06)
L01(1,1.02)
1.03(1,1.06)
1.03(1,1.05)
0.99(0.97,1)
0.98(0.97,1)
1.04(1.02,1.06)
1.03(1.01,1.06)

1.04(1.01,1.09)

093(0.91,0.96)
0.98(0.96,0.99)

0.98(0.97,0.99)
105(1,1.1)

0.93(0.9,0.96)

P

0.0081

00129
0.0095
00365
254E-19
0.0099
0.0082
00028
0.0479
0.009
00303
0.0014
00103
00491
0.0094
0.0191
0.0061

00305

0.0031
0.021
00025
0.0088
0.0476
0.002
0.0334
00245
00313
0.0393
00142
0.0002
00184

00269

155E-06

0.0003

0.0001
0.0377

384E-05

Urinary albumin-
to-creatinine ratio

OR(95%Cl)

0.84(0.71,0.99)

1.34(1.06,1.7)
0.88(0.79,0.98)

0.91(0.83,1)
0.83(0.7.097)
0.93(0.87,0.98)
0.81(0.69094)

0.84(0.71,1)
1.18(1.02,1.36)
)
0.64(0.49,0.85)

L12(1

0.76(0.59,097)
0.91(0.83,099)
1.11(1.02,1.2)
0.83(0.7,098)
158(1.17,2.13)
0.92(0.87,097)
0.78(0.62,0.99)

0.79(0.64,0.97)

00324

00149
00149
00483
00203
00136
00062
00457
00272
00451
00016
00297
0022
00109
00283
0.003
00035
00396

00228





OPS/images/fnut-10-1274078-g001.jpg
category
Amino acis
 Carvonyoiate
Gotacors and viamins
Energy

b0 Uoia

Nucotdo

Pepte

nknonn

 xenotiotcs

P=008 posiie

P<008 negatve

lcadienoate
oxymcosmovacnaate 12-HETE)
nw»uu s

ociadecanes
Soarie (160)

e
SeE

=) r-uumw-wmw-
"eGFRorea  Urinary albumin-to-cratinine (3!






OPS/images/fnut-10-1274078-g002.jpg
SNP effect on eGFRcrea

SNP effect on eGFRerea

o002

0000-

0004~

MR Test
s oo vaigied / Wasiod
/e Wighod mode

7/ Svamote

o o ot abs
SN effecton manmose
MR Test
s oo agied /Wi masion

Weightod made

s

Simplo mode.

oo
SNP effect on bilirubin (2.2)

o004

‘SNP effect on eGFRerea

-0004-

-0008-

o003

SNP effect on eGFRerea

-0009-

MR Test
[ LT —
/ namw L

* simple mose

001 o0b2 ob: 004
SNP efctongyine
MR Test
——— T
Wt 7/ Wi mote
[ s

00 ols
SNP effect on N-acetylomithine.





OPS/images/fnut-10-1274078-t002.jpg
Metabolic Pathway

Caffeine metabolism

Glycine serine and threonine metabolism

Glycine and serine metabolism

Glyoxylate and dicarboxylate metabolism

Methionine metabolism

Porphyrin and chlorophyll metabolism

Porphyrin metabolism

imary bile acid biosynthesis

Trait

Microalbuminuria

Urinary albumin-to-creatinine ratio
CKD

¢GFRerea

CKD

CKD

CKD

eGFRerea

CKD

€GFRerea

Urinary albumin-to-creatinine ratio
CKD

eGFRerea

Urinary albumin-to-creatinine ratio

eGFRerea

Database

KEGG
KEGG
KEGG
KEGG
SMPDB
KEGG
SMPDB
SMPDB.

SMPDB
SMPDB
KEGG
KEGG

P
0019243
0.031885
0.000678
0017783
0.007794
0.000618
0.044153
0.044153
0.011986
0.000717
0.003494
0.038069
0.003027
0011572

0033327





OPS/images/fnut-10-1274078-t003.jpg
Exposure  Method SE Pval Lo_ClI  Up_Cl OR OR_Lo_ OR_Up_

CI95 CI95

Inverse-variance

35 ~0007835  0.001393  186E-08 0010565 -0.005104 0992196 0989491 0.9949087
Mannose weighted
Mannose MR Egger 35 —0009861  0.003263 0004826 0016257 -0.003166 0990187 0983875 09965405
Mannose Weighted median 35 ~0006214 000153  489E-05 0009213 -0003215 0993805 0990829 0.9967902
Nealpha- Inverse-variance
20 00066402 0002759 0016084 0001233 0012047 1006662 1001234 10121202
acetylo weighted
N-alpha-
MR Egger 20 00022917 0006314 072088 | -0010084 0014668 1002294 0989966 LOL47759
acetylornithine
Nealpha-
Weighted median 20 00012664 0001446 0381061 = -0001567 00041 1001267 0998434 10041084
acetylornithine
Inverse-variance
53 ~0005601  0.000447  494E36 0006477  -0.004725 0994414 | 0993544 09952858
weighted
MR-Egger 53 0006901  0.000669  444E-14 0008212 000559 0993123 0991821 0994426
N-delta-
Weighted median 53 ~0006074 0000546  853E-29 0007143 -0005005 0993944 0992882 09950076
acetylornithine
Inverse-variance
56 -0009993 0000708 = 3A3E-45 0011381 0008606 0990056 = 0988683 09914313
Glycine weighted
Glycine MR-Egger 56 -0014202 0000991 = 484E20  -0016144 -0012259 0985899 = 0983985 09878159
Glycine Weighted median 56 -0011306 0000658 ~425E-66  -0.012596 -0010015 0988758 = 0987483 0.9900348
Inverse-variance
61 —287E05 000046 0950196  —000093 0000873 0999971 0.99907 10008733
Bilirubin (,7)  weighted
Bi (Z.2)  MREgger 61 00006046 0000753 0425441  -0.000872 0002081 1000605 0999129 10020831

Bilirubin (Z,7) ~ Weighted median 61 -0000362 = 0000538 = 0501106 ~—-0.001416 0000692 0999638 0998585 10006927





OPS/images/fnut-10-1274078-e001.jpg
2 32 *EAF »(1- EAF)

R2=
[Z*ﬂz*EAFt(leAF)Vl*(sc( ﬁ))thtEAFv(FEAF)}






OPS/images/fnut-10-1274078-e002.jpg





