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Metabolome-wide Mendelian randomization reveals causal effects of betaine and N-acetylornithine on impairment of renal function
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Background: Chronic kidney disease (CKD) is a common public health problem, which is characterized as impairment of renal function. The associations between blood metabolites and renal function remained unclear. This study aimed to assess the causal effect of various circulation metabolites on renal function based on metabolomics.

Methods: We performed a two-sample Mendelian randomization (MR) analysis to estimate the causality of genetically determined metabolites on renal function. A genome-wide association study (GWAS) of 486 metabolites was used as the exposure, while summary-level data for creatinine-based estimated glomerular filtration rate (eGFR) or CKD occurrence were set the outcomes. Inverse variance weighted (IVW) was used for primary causality analysis and other methods including weight median, MR-egger, and MR-PRESSO were applied as complementary analysis. Cochran Q test, MR-Egger intercept test, MR-PRESSO global test and leave-one-out analysis were used for sensitivity analysis. For the identified metabolites, reverse MR analysis, linkage disequilibrium score (LDSC) regression and multivariable MR (MVMR) analysis were performed for further evaluation. The causality of the identified metabolites on renal function was further validated using GWAS data for cystatin-C-based eGFR. All statistical analyses were performed in R software.

Results: In this MR analysis, a total of 44 suggestive associations corresponding to 34 known metabolites were observed. After complementary analysis and sensitivity analysis, robust causative associations between two metabolites (betaine and N-acetylornithine) and renal function were identified. Reverse MR analysis showed no causal effects of renal function on betaine and N-acetylornithine. MVMR analysis revealed that genetically predicted betaine and N-acetylornithine could directly influence independently of each other. The causal effects of betaine and N-acetylornithine were also found on cystatin-C-based eGFR.

Conclusion: Our study provided evidence to support the causal effects of betaine and N-acetylornithine on renal function. These findings required further investigations to conduct mechanism exploration and drug target selection of these identified metabolites.
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Introduction

Chronic kidney disease (CKD) is a common public health problem which affects up to 10% of the adults population worldwide (1). It is often characterized by decreased glomerular filtration rate (GFR) which can be estimated from the serum creatinine or cystatin-C level. Various factors play a role in renal function, including cytokines, metabolites, vascular regulation and renal innervation (2). Although many underlying causes such as hypertension, diabetes and drugs with renal toxicity are known, CKD etiology still remains at least partially unclear, which deserves further investigations.

So far, metabolomics is used widely to detect small molecules in serum, urine or other biosamples, which provides a novel insight for the mechanistic understanding of diseases (3). Metabolites, produced by upstream genes and proteins, may act as important nutrients or harmful products for human health. Previous studies indicated some gut microbiota derived metabolites such as arginine (4), butenoylcarnitine (5) and tryptophan metabolism (6) may participate in the development of chronic kidney disease, underlying the associations between blood metabolites and renal function. Identification of blood metabolites beneficial to renal function may provide novel insight into renal nutrition treatment.

Mendelian randomization (MR) analysis is a novel method using genetic variants to estimate causal effects of exposure on clinical outcomes. It is less likely to be affected by confounding factors and reverse causation, therefore overcoming the limitations of conventional observational studies (7). Recently, genome-wide association studies (GWAS) were extended to metabolic phenotypes which determined genetic variants for metabolite traits including non-targeted metabolomics (8). This allows researchers to analyze causal interaction of blood metabolites on diseases.

In this study, we performed metabolome-wide MR analysis based on GWAS datasets of 486 metabolites and meta-analysis of renal function from CKD Genetic Consortium and UK Biobank. We aimed to assess causal effects of metabolites on renal function and to identify potential metabolites that could increase or decrease the risk of renal function impairment, which may become nutritional treatment targets of CKD.



Materials and methods


Study design

We systematically assessed the causal association between human blood metabolites and renal function using two-sample MR analysis. The instrumental variables (IVs) should comply with 3 fundamental assumptions (9):(1) the genetic instruments are supposed to have direct associations with exposure; (2) the genetic instruments are supposed to be unrelated with the outcome (i.e., eGFR or CKD in this study) or its confounding factors; (3) the genetic instruments does not affect the outcome except potentially via the exposures of interest. The flowchart of this study was demonstrated in Figure 1.
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FIGURE 1
 Flowchart of the study design.




GWAS data for human blood metabolites as exposures

The summary data for blood metabolites were obtained from the metabolomics GWAS server.1 In brief, it was a GWAS meta-analysis consisting of two European cohorts (TwinsUK and KORA cohorts) with 7,824 European adult individuals (10). 486 metabolites were identified and approximately 2.1 million SNP were included in this dataset. Among the 486 metabolites, 309 were known metabolites which could be classified into eight biochemical classes (peptides, nucleotides, amino acids, energy, cofactors and vitamins, lipids, carbohydrates, and xenobiotics). Another 177 were unknown metabolites with undetermined chemical identity. More detailed information could be obtained from the previous study. In this study, we adopted the genetic associations and pathway information of 309 known metabolites for MR analysis so as to identify the metabolites potentially related with renal function impairment.



Selection of instrumental variables

Single nucleotide polymorphisms (SNPs) selected as IVs should satisfy the three fundamental assumptions. For each metabolite, SNPs were extracted at a relaxed association thresholds at p < 1 × 10−5. Linkage-disequilibrium threshold was set r2 < 0.01 within a window of 500 kb in the European 1,000 Genomes Project Phase 3 reference panel. Then we calculated F statistic of each SNP and excluded SNPs with F statistic below 10 to avoid weak instruments bias (11). Palindromic SNPs or SNPs with missing values were removed in the process of harmonizing (12). We also checked IVs for metabolites at the Phenoscanner V2 website2 to exclude SNPs associated with renal function or CKD trait (p < 1 × 10−5).



GWAS data for renal function outcome

The CKDGen consortium provides a publicly available database for GWAS meta-analysis of renal function.3 eGFR values are commonly used for the evaluation of renal function. We used three eGFR outcome datasets as follows for main analysis: (1) the meta-analysis of the CKDGen and UKB data from 2021 using creatinine-based log-eGFR values; (2) the phase 4 CKDGen study from 2019 using creatinine-based log-eGFR values; (3) CKDGen study from 2019 including CKD cases and controls, in which CKD was define as creatinine-based eGFR<60 mL/min/1.73m2. The population of the three datasets were European ancestry. To enhance the reliability of the results, we also adopted an additional dataset from CKDGen and UKB from 2021 using cystatin-C-based log-eGFR values. The population of this dataset was also European ancestry. This may help to make our conclusions more convincible. More detailed information could be found in the previous studies (13, 14).




Statistical analysis


Mendelian randomization analysis

The causal interactions between blood metabolites and renal function were preliminarily assessed by standard inverse variance weighted (IVW) method. If p value of IVW was less than 0.05 in either of the datasets for main analysis, the metabolite was selected as candidate metabolite. Then MR-PRESSO was applied to detect outliers of the instrumental variables. After remove of the outliers (or keeping all SNPs as instrumental variables if no outliers were found), we estimated the causal effect of candidate metabolites on renal function using four methods including IVW, MR-Egger, Weighted Median and MR-PRESSO test. Several sensitivity analyses were performed for validation of validity of IVs. The Cochran’s Q test and associated p-values were calculated to examine the presence of heterogeneity and pleiotropy. If the null hypothesis was rejected, random-effect IVW was performed instead of fixed-effect IVW. MR-Egger intercept, MR-PRESSO global test and the funnel plot was applied to estimated horizontal pleiotropy. For all the sensitivity analysis, a two-tailed p < 0.05 was considered statistically significant. Leave-one-out analysis was performed to test if the causal associations were dramatically affected by individual SNPs. To exclude the possibly bi-directional associations between metabolites and renal function, we also performed reverse MR analysis regarding the three renal function datasets and identified metabolites, respectively.



Genetic correlation analysis

To estimate the overall genetic correlation between blood metabolites and renal function, we conducted a bivariable linkage disequilibrium score (LDSC) regression for identified metabolites in the MR analysis (15).



Multivariable MR analysis

To further confirm the direct effects of each identified metabolite on renal function (independent of each other), multivariable MR analysis (MVMR) was applied. MVMR could correct for interactions of genetic variant between exposures by incorporating multiple exposures that may interact with each other (16). MVMR was performed using IVW, MR-Lasso Feature and MR-PRESSO. The IVW method of multivariate MR is to regress all exposed SNPs with the outcome, weighting for the inverse variance of the outcome. MR-Lasso could exclude collinearity of IVs. MR-PRESSO could remove outliers to correct for the pleiotropy of IVs.



Analysis software

The analyses were carried out using R (version 4.3.0). The R packages included TwoSampleMR, MRPRESSO, ggplot2, pheatmap, ldscr and forest plot.




Results


Causal effects of metabolites on renal function from three European ancestry datasets

Using selected IVs, we estimated causal effects of 309 metabolites with known structures and functions on renal function. After remove of outliers, we identified a total of 44 suggestive associations (p < 0.05, corresponding to 34 known metabolites) as shown in Figure 2 and Supplementary Table S1. Details of IVW, sample size and p value were demonstrated in Figures 3A–C. Using Venn diagram (shown in Figure 3D) we found that two metabolites showed significant causal interactions with renal function phenotype from all three datasets. They were betaine and N-acetylornithine OR (95% CI) = 1.031 (1.013–1.049), p = 0.00051 for betaine and OR (95% CI) = 0.990 (0.985–0.996), p = 0.0012 for N-acetylornithine in analysis with Creatinine-based log-eGFR values provided by CKDGen and UKB; OR (95% CI) = 1.036 (1.017–1.054), p = 0.00010 for betaine and OR (95% CI) = 0.989 (0.982–0.997), p = 0.0041 for N-acetylornithine in analysis with Creatinine-based log-eGFR values provided by CKDGen; OR (95% CI) = 0.601 (0.430–0.842), p = 0.0031 for betaine and OR (95% CI) = 1.228(1.088–1.386), p = 0.00091 for N-acetylornithine in analysis with CKD outcome provided by CKDGen. Details of instrumental variables were shown in Supplementary Table S2.
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FIGURE 2
 Mendelian randomization associations of known metabolites with various renal function phenotype (derived from the fixed-effect or random-effect IVW analysis according to the Cochran’s Q test). IVW, inverse-variance weighted.
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FIGURE 3
 The causal estimates of the candidate metabolites on various renal function phenotype using IVW method. (A) Candidate metabolites with creatinine-based eGFR from CKDGen and UKB; (B) candidate metabolites with creatinine-based eGFR from CKDGen; (C) candidate metabolites with CKD from CKDGen; (D)Venn diagram showing the two metabolites (betaine and N-acetylornithine) were significantly correlated with renal function phenotype from all three datasets.




Sensitivity analysis

Sensitivity analysis was performed to assess the robustness of the causal effects. The results of sensitivity analysis for betaine and N-acetylornithine were shown in Table 1. For the IVW method, p value of Cochran’s Q statistic for betaine was 0.0013 in analysis with creatinine-based log-eGFR values provided by CKDGen and UKB and 0.015 in analysis with creatinine-based log-eGFR values provided by CKDGen and random-effect IVW was performed instead of fixed-effect IVW. Other p values of Cochran’s Q statistic did not show statistically significant. We screened out horizontal pleiotropy in all associations by MR-Egger’s intercept term and MR-PRESSO’s global test.



TABLE 1 Sensitivity analysis of the identified metabolites on renal function phenotype.
[image: Table1]

In addition, scatter plots (Figure 4) and funnel plots (Figure 5) were also applied to rule out the possibility of potential outliers and horizontal pleiotropy for betaine and N-acetylornithine. Leave-one-out analysis was used to avoid the heavy influence of a single SNP for betaine and N-acetylornithine (shown in Figure 6). By discarding each instrument variable in turn and performing MR analysis again, we found that the causal effects of betaine and N-acetylornithine on renal function were not driven by a single SNP. Generally, the causal effects of betaine and N-acetylornithine on renal function or CKD were robust because statistical significances (p < 0.05) were still observed in two additional MR tests, the Weighted Median (WM) test and the MR-PRESSO test. The association of betaine on CKD showed non-significant in the Weighted Median test (p = 0.15), but it still could be considered as a causal association as the significance observed in IVW method (p = 0.0031) and MR-PRESSO test (p = 0.0073).

[image: Figure 4]

FIGURE 4
 Scatter plots showing the genetic associations of the identified metabolites with various renal function phenotype. (A) Betaine on creatine-based eGFR from CKDGen and UKB; (B) betaine on creatine-based eGFR from CKDGen; (C) betaine on CKD phenotype; (D) N-acetylornithine on creatine-based eGFR from CKDGen and UKB; (E) N-acetylornithine on creatine-based eGFR from CKDGen; (F) N-acetylornithine on CKD phenotype.
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FIGURE 5
 Funnel plots representing IVs for each significant causal association between the identified metabolites and renal function phenotype. (A) Betaine on creatine-based eGFR from CKDGen and UKB; (B) betaine on creatine-based eGFR from CKDGen; (C) betaine on CKD phenotype; (D) N-acetylornithine on creatine-based eGFR from CKDGen and UKB; (E) N-acetylornithine on creatine-based eGFR from CKDGen; (F) N-acetylornithine on CKD phenotype.
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FIGURE 6
 Leave-one-out sensitivity analysis showing the causal effect of the identified metabolites on renal function phenotype excluding that certain variant from the analysis. (A) Betaine on creatine-based eGFR from CKDGen and UKB; (B) betaine on creatine-based eGFR from CKDGen; (C) betaine on CKD phenotype; (D) N-acetylornithine on creatine-based eGFR from CKDGen and UKB; (E) N-acetylornithine on creatine-based eGFR from CKDGen; (F) N-acetylornithine on CKD phenotype.




Reverse MR analysis

We performed reverse MR analysis to rule out the possibility of causal effects of renal function on betaine and N-acetylornithine. The results were shown in Table 2. Consistently, all the exposures showed no causal association with betaine and N-acetylornithin in the IVW method, MR-PRESSO test and WM test (p > 0.05), except the association of CKD on betaine in the weighted median test (p = 0.038).



TABLE 2 Reverse MR analysis of renal function phenotype on the identified metabolites.
[image: Table2]



Genetic correlation analysis

The LDSC analysis found that N-acetylornithine showed a genetic correlation with creatinine-based log-eGFR values provided by CKDGen and UKB(rg = −0.49, p = 0.019) and creatinine-based log-eGFR values provided by CKDGen(rg = −0.47, p = 0.033) but no statistically significance with CKD outcome provided by CKDGen(rg = 0.67, p = 0.072). No genetic correlations was found between betaine and renal function due to negative heritability (as shown in Table 3).



TABLE 3 The genetic correlations between the identified metabolites and renal function phenotype.
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Multivariable MR analysis

We performed MVMR analysis to adjust for interactions of genetic variant between betaine and N-acetylornithine. Details of the results were shown in Table 4. Both betaine and N-acetylornithine showed causal associations with CKD outcome provided by CKDGen (IVW method: OR (95% CI) = 0.533(0.388–0.733), p = 0.00011 for betaine and OR (95% CI) = 1.227(1.096–1.375), p = 0.00039 for N-acetylornithine; MR-Lasso feature: OR (95% CI) = 0.579(0.419–0.799), p = 0.00089 for betaine and OR (95% CI) = 1.222(1.091–1.369), p = 0.00052 for N-acetylornithine; MR-PRESSO: OR (95% CI) = 0.533(0.368–0.772), p = 0.00086 for betaine and OR (95% CI) = 1.227(1.078–1.398), p = 0.0020 for N-acetylornithine).



TABLE 4 Multivariable MR analysis of the identified metabolites on CKD.
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Validation of the causal effects of the identified metabolites on renal function phenotype using cystatin-C-based eGFR

To further validate the associations between identified metabolites and renal function, we further assessed causal effects of betaine and N-acetylornithine on cystatin-C-based log-eGFR values. As shown in Table 5, betaine and N-acetylornithine were also found to have suggestive associations with cystatin-C-based eGFR (IVW: OR (95% CI) =1.025 (1.002–1.049), p = 0.035 for betaine and OR (95% CI) =0.986 (0.978–0.994), p = 0.00046 for N-acetylornithine). Sensitivity analysis showed the robustness of the causal effects using MR-Egger’s intercept term (p = 0.86 for betaine; p = 0.066 for N-acetylornithine), MR-PRESSO’s global test (p = 0.56 for betaine; p = 0.12 for N-acetylornithine). Scatter and funnel plots as well as leave-one-out analysis were displayed in Figure 7. Two additional MR tests including the Weighted Median (WM) test and the MR-PRESSO test also showed statistically significant (WM: OR (95% CI) =1.027(1.002–1.053), p = 0.037 for betaine and OR (95% CI) =0.980 (0.972–0.989), p = 0.000018 for N-acetylornithine; MR-PRESSO: OR (95% CI) =1.025(1.002–1.049), p = 0.048 for betaine and OR (95% CI) =0.986(0.979–0.994), p = 0.0019 for N-acetylornithine).



TABLE 5 The causal effects of the identified metabolites on cystatin-C-based eGFR from CKDGen and UKB for validation analysis.
[image: Table5]

[image: Figure 7]

FIGURE 7
 The funnel plot, scatter plot and leave-one-out analysis of the causal interactions of the identified metabolites with cystatin-C-based eGFR from CKDGen and UKB. (A) The funnel plot of betaine; (B) the scatter plot of betaine; (C) leave-one-out analysis of betaine; (D) the funnel plot of N-acetylornithine; (E) the scatter plot of N-acetylornithine; (F) leave-one-out analysis of N-acetylornithine.





Discussion

In this study, we assessed the causal associations between metabolites and renal function using GWAS statistics. We found significant causal effects of betaine and N-acetylornithine on renal function. Higher genetically predicted levels of betaine were significantly associated with higher eGFR and lower incidence of CKD in the three population-scale genetic datasets for main analysis and one additional dataset for validation, consistent with the results of the different MR methods and various MR sensitivity analyses. On the contrary, higher genetically predicted levels of N-acetylornithine were significantly associated with lower eGFR and higher incidence of CKD. MVMR analysis further confirmed the causal effects of betaine and N-acetylornithine on CKD development. N-acetylornithine showed a possible genetic correlation with eGFR using LDSC analysis. Our study may shed new light on the role of gene–environment interactions in the pathogenesis of renal function impairment and provide potential inspiration for further precision treatments.

Blood and urine are typical sample sources for metabolomic identification. Blood is recognized as a good source because it contains numerous detectable metabolites and can easily be obtained. Thus, metabolites have the potential to be biomarkers of treatment and disease progression. In the recent decade, metabolomics has been applied to explore the relationship between blood metabolomic profiling and kidney disease (17). Several metabolic studies indicated that some metabolites such as tiglylcarnitine, kynurenine, arginine metabolites and tryptophan-related metabolism identified from serum or urine samples may be related with progression of CKD (4, 5, 18). But it is not easy to determine the causal association using cress-sectional or longitudinal observational studies due to high costs for measurements of all blood metabolites and the difficulty in explaining the intrinsic relationships. In this regards, Mendelian randomization may be a good tool to interpret the causal effects of metabolites on renal function. The present study was the first of its kind to investigate the causal effects of metabolites on renal function based on metabolomics. Moreover, it provided the first evidence for the causal associations between renal function and two identified metabolites using several population-scale genetic datasets.

Betaine is a methyl group donor involved in the remethylation of homocysteine to produce methionine. It acts as a cell-compatible osmolyte which plays an essential role in regulation of osmotic pressure and is important for maintenance of enzymatic functions, cell metabolism stability, and electrical signaling (19). In addition, betaine was reported to inhibit NF-κB, an essential activator of the inflammatory response, possibly through the suppression of mitogen-activated protein kinases and the IκB kinase (IKK) complex (20, 21). It could also suppress the NLR family pyrin domain containing 3 (NLRP3) inflammasome by inhibiting mature caspase-1 and IL-1β formation (22, 23). What’s more, betaine could increase the production of antioxidants such as SOD and CAT and subsequently ameliorated the oxidative stress (24). Thus, betaine may help to protect against consistent inflammation and excessive oxidative stress, which play an important role in renal fibrosis and renal function impairment. Previous reports suggested that plasma levels of betaine in patients with CKD decreased with progression of renal failure, whereas patients with end stage renal disease (ESRD) had lower plasma betaine levels compared with early-stage patients and healthy volunteers (25, 26). This was consistent with our findings. The association between betaine intake and renal function has not been deeply studied. A cross-over controlled trial with small sample size indicated that supplementation of betaine for 3 months decreased plasma homocysteine concentrations after methionine loading in CKD patients (27). Recently a randomized controlled trial found that a mediterranean dietary pattern with high intake of betaine from fish, eggs, vegetables, nuts, and whole-grain cereals may improve some renal parameters such as urine albumin creatinine ratio (UACR) (28). In this study, we also found causal effects of betaine on renal function estimated by both creatinine-based and cystatin-C-based eGFR through application of genetic variants, which further supported the idea that betaine may protect against impairment of renal function with the use of population-scale datasets for the first time. Notably, in addition to the protective roles of betaine, recent studies also pointed out that betaine was one of the precursors of trimethylamine N-oxide (TMAO), a pro-atherogenic metabolite (29). For CKD patients, gut dysbiosis was reported to result in an abnormal metabolism of betaine and TMAO and lead to excessive production of TMAO, which possibly increased the mortality of CKD patients from cardiovascular causes (30). It remains unclear whether supplementation of betaine would affect plasma TMAO concentrations. Considering the findings that increased betaine intake due to increased consumption of fruits and decreased consumption of refined-grain cereals and red meat gave rise to improvement of cardiometabolic parameters (31), the food source of betaine should be valued and supplementation of betaine may be potential treatment for CKD patients to ameliorate renal function worsening regardless of concerns about TMAO.

N-acetylornithine is the production of arginine metabolism. A previous study found that plasma levels of N-acetylornithine were significantly higher in type 2 diabetes patients with diabetic nephropathy compared with type 2 diabetes patients without diabetic nephropathy (32). Consistently, another investigation showed negative correlation between circulating levels of N-acetylornithine and eGFR based on several African American cohorts with relatively small sample size (33). But the causal effect of N-acetylornithine on renal function remained unclear. In this study, through Mendelian randomization, we found that increased plasma levels of N-acetylornithine may contribute to the impairment of renal function based on four population-scale datasets. It deserves further investigations whether N-acetylornithine could be employed as a causal determinant or treatment target of CKD progression. Function research and follow-up cohort studies with large sample were likely to be required to bridge the gap between this statistical causation and clinical translation.

The present study had several strengths. First, the most significant strength of this study was the large scale of genetic variables we covered to analyze the relationship between blood metabolites and renal function. A total of 309 metabolites were covered after exclusion of unidentified metabolites. Meanwhile, four GWAS datasets for the genetic variables of renal function were applied including up to 1,004,040 individuals classified by creatinine-based eGFR or cystatin-C-based eGFR. Benefiting from these GWAS datasets, we made our study a relatively comprehensive and systematic analysis of the metabolic profile related to renal function impairment. Second, using the MR design including reverse MR analysis, our study avoided reverse causality and residual confounding factors. Additional sensitivity analysis and multivariable MR analysis were undertaken to confirm the robustness of our study. Third, previous MR studies on renal function mainly assessed the causal effect of gut microbiota and its associated metabolites on renal function. Our study was the first MR study to systematically explore the causal effects of blood metabolites on renal function based on metabolomics.

There were still some limitations in our study. First, we only estimated the linear effect of metabolites on renal function but we could not exclude the possibility of a nonlinear effect for some metabolites. Second, the analysis were mainly based on European ancestry samples, which limited the cross-ethnic extrapolation of our findings. Third, since the overall effect sizes in the results were small especially when the outcome was log-eGFR values, a rapid and dramatic change of metabolites may have different effects on renal function. Fourth, the functions and mechanisms of the identified metabolites in the disease were not fully elucidated, which restricted our interpretation of the findings from this MR analysis.

In conclusion, this was the first systematic metabolome-wide MR analysis to estimate the causal relationship between blood metabolites and renal function using GWAS datasets. We found out some candidate metabolites with potential effects on renal function in various datasets. Betaine and N-acetylornithine were identified as the causal metabolites which passed main MR analysis and sensitivity analysis in all the datasets. This provided preliminary evidence on the impact of such metabolites levels on the risk of renal function impairment. Further studies may be warranted for biomarker validation, mechanism exploration and drug target selection of these identified metabolites.
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