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Rationale & Objective: Additional investigations 
into the causal effects of kidney function on various 
metabolites, particularly lipoprotein lipids in 
detailed subfractions of lipoprotein particles, in the 
general population are warranted.

Study Design: Integrated cross-sectional 
observational and Mendelian randomization (MR) 
analyses.

Setting & Participants: We included 157,541 
participants aged 40-69 years from the UK Bio-
bank study, a population-scale prospective cohort. 
Genetic instruments for estimated glomerular 
filtration rate (eGFR) were developed from the 
Chronic Kidney Disease Genetics genome-wide 
association study meta-analysis results, which 
comprised 567,460 individuals of European 
ancestry.

Exposure: eGFR for observational analysis and 
genetically predicted eGFR for MR analysis. 

Outcomes: Each of the 178 metabolites from 
recently updated metabolomics data, including 
detailed lipoprotein components within 14 sub-
classes of lipoprotein particles.

Analytical Approach: Observational analysis was 
performed using multivariate linear regression

adjusted for various clinicodemographic charac-
teristics. A 2-sample MR analysis was performed 
using the random-effects inverse-variance 
weighted method as the main MR method. 

Results: In the integrated results of the observa-
tional and MR analyses, 25 metabolites were 
causally associated with eGFR. A lower eGFR 
causally decreased lipoprotein components of 
high-density lipoprotein and several of its 
subclasses, particularly medium-sized high-
density lipoprotein. Conversely, a lower eGFR 
causally increased triglyceride levels in smaller-
sized very low–density lipoprotein and 
intermediate-density lipoprotein, as well as 
increased lipoprotein particle concentrations and 
total lipids in small very low–density lipoprotein. 
Additionally, a lower eGFR causally increased the 
ratio of monounsaturated fatty acids to total fatty 
acids and that of apolipoprotein B to 
apolipoprotein A-1.

Limitations: Possibility of false-negative findings 
when integrating observational and MR analyses. 

Conclusions: Decreased kidney function causally 
aggravates lipoprotein lipid profiles; therefore, cli-
nicians should closely monitor the lipid profiles of 
individuals with impaired kidney function.

INTRODUCTION
The kidney plays an important role in various metabolic 
processes, and impaired kidney function may contribute to 
diverse metabolic disturbances. 1,2 Among various meta-

bolic processes, the association between lipoprotein lipid 
metabolism and kidney function has been extensively 
investigated, as dysregulation of lipoprotein metabolism is 
a risk factor for cardiovascular disease and chronic kidney 
disease (CKD). 3

Understanding the causal effects of impaired kidney 
function on lipoprotein metabolites may aid the interpre-

tation of common dyslipidemia profiles in individuals with 
compromised kidney function. Among patients with CKD, 
lipid profiles often exhibit a distinct pattern compared with 
those of healthy individuals, featuring reduced levels of 
high-density lipoprotein (HDL) cholesterol and elevated 
levels of triglycerides (TGs) and TG-rich lipoprotein 
particles (TRLs) (ie, chylomicrons, very low–density

lipoprotein [VLDL], and intermediate-density lipoprotein 
[IDL]). 4,5

Nevertheless, the causal effects of kidney function on 
lipoprotein metabolites are difficult to identify through 
observational analyses owing to the possibility of reverse 
causation and residual confounding effects. Mendelian 
randomization (MR) analysis, an analytical tool that en-

ables causal inference while limiting reverse causation and 
environmental confounding effects, 6,7 can mitigate the 
limitations of observational analysis. Although previous 
studies using MR analysis focused on the causal effects of 
lipoprotein metabolites on kidney function using the 
estimated glomerular filtration rate (eGFR), 8,9 few studies 
have focused on the causal effects of eGFR on diverse 
specific lipoprotein lipids. Furthermore, there were no 
significant causal effects in the direction of eGFR toward 
lipoprotein lipids in previous studies using bidirectional 
MR analyses. 10,11
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In this study, we aimed to establish the causal effects of 
eGFR on various metabolites, particularly lipoprotein lipids 
measured by high-throughput nuclear magnetic resonance 
(NMR)–based spectrometry recently released by the UK 
Biobank. We hypothesized that a lower eGFR is causally 
linked to diverse metabolites, including detailed subclasses 
of lipoprotein lipids.

METHODS

Ethics Considerations
This study was approved by the Institutional Review Board 
of the Seoul National University Hospital (approval num-

ber: H-2203-053-1303) and UK Biobank Consortium 
(approval number: 53799). This study was conducted in 
accordance with the principles of the Declaration of Hel-

sinki. The requirement for informed consent was waived 
owing to the study’s use of anonymous public databases 
and genetic summary statistics.

Study Setting
This study mainly comprised 2 parts. First, a cross-sectional 
observational analysis was performed to investigate the 
association between eGFR and each metabolite using data 
from the UK Biobank to investigate real-world associations. 
In the second part, we further performed 2-sample 
summary-level MR analyses for each metabolite using ge-

netic instruments for eGFR developed from the Chronic 
Kidney Disease Genetics genome-wide association study 
data (Fig 1). Finally, we identified the intersection of me-

tabolites that were statistically significant in both the 
observational and MR analyses for the integration of results. 

The UK Biobank is a population-scale prospective cohort 
study that recruited >500,000 participants aged 40-69 years 
with baseline visits performed from 2006 to 2010 at

multiple assessment centers in the United Kingdom. This 
database includes various clinical demographic and geno-

type data; thus, it has been widely used in numerous clinical 
and genetic studies, including MR analyses. The details of 
the database have been previously described. 12

Study Population
For the observational analysis, we included participants 
with a baseline laboratory assessment of eGFR values and 
NMR metabolomics; those with missing essential infor-

mation were excluded. Furthermore, for genetic analysis, 
participants of White British ancestry passing the basic 
quality control filter were included. Those with outliers in 
terms of heterozygosity or missing rates, those with sex 
chromosome aneuploidy, and those with excess kinship 
were excluded based on information determined by the 
UK Biobank Consortium. Finally, we included 157,541 UK 
Biobank participants for both cross-sectional observational 
analysis and MR analysis.

NMR Metabolomics and Data Collection
High-throughput NMR spectroscopy, one of the major 
technologies used in metabolomics, which is useful for large 
cohort studies, 13 was used for metabolic biomarker profiling. 
A total of 249 metabolites from various metabolic pathways, 
including 168 absolute levels and 81 ratio measures, were 
quantified using the baseline ethylenediaminetetraacetic acid 
plasma sample. The metabolites included lipoprotein lipids in 
14 subclasses (Fig 1), fatty acids (FAs), and various low-

molecular-weight metabolites, including amino acids, ke-

tone bodies, and glycolysis metabolites. A subset of 178 
metabolites was selected for this analysis, excluding 75 ratios 
of lipoprotein lipids to focus on directly measured lipopro-

tein lipids in 14 subclasses. Other details on the data collec-

tion are presented in Item S1.

Statistical Methods for Observational Analysis
Categorical variables are presented as frequencies (per-

centages), and continuous variables are presented as means 
(± standard deviations). We performed multivariate linear 
regression analysis to investigate the association between 
log-transformed eGFR and metabolites. The scale of the 
exposure was 1 log-eGFR increase. Considering the po-

tential confounding effects, age, sex, waist circumference, 
body mass index, smoking, alcohol consumption, physical 
activity, and history of diabetes mellitus, hypertension, 
and dyslipidemia were adjusted. For sensitivity analysis, 
the same analysis was performed on the participants who 
did not use medication for dyslipidemia. A generalized 
additive model was used to plot the observational associ-

ation between eGFR and metabolites using the “mgcv” 
package in R (The R Foundation for Statistical Computing). 
All observational statistical analyses were performed using 
R (version 4.3.0). The Bonferroni-adjusted P value (0.05/ 
178), a favored approach in metabolomics analysis owing 
to its conservative nature, was considered to indicate sta-

tistical significance. 14

PLAIN-LANGUAGE SUMMARY
The kidney plays an essential role in body metabolism 
and interacts with metabolic risk factors that can lead to 
adverse clinical outcomes. We aimed to identify how 
declining kidney function affects various metabolites, 
including lipids within detailed subclasses of lipopro-

teins, by integrating observational and Mendelian 
randomization analyses. We used a large, published 
genetic dataset and a database including 157,541 par-

ticipants in the United Kingdom. We found that 
reduced kidney function causally leads to an unhealthy 
lipid profile, characterized by lower lipids in high-

density lipoproteins, especially medium-sized ones, 
and higher triglycerides in very low–density lipopro-

teins, especially small-sized ones. As these findings are 
linked to atherogenic risk, our study highlights the 
importance of early intervention for dyslipidemia in 
individuals with impaired kidney function.

Kim et al
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Genetic Instruments for Kidney Function Trait in 
MR Analysis
We used the Chronic Kidney Disease Genetics phase 4 
genome-wide association study meta-analysis results, 
which comprised 567,460 individuals of European 
ancestry, to develop genetic instruments for kidney

function. To perform a robust 2-sample MR analysis, we 
used Chronic Kidney Disease Genetics data that are inde-

pendent of the UK Biobank data, thereby ensuring no 
sample overlap and reducing potential false-positive bias. 
The 256 single nucleotide polymorphisms (SNPs) with 
genome-wide significant association with log-transformed

Figure 1. Study flow diagram, lipoprotein subclasses, and composition. (A) In this study, genetic instruments for estimated glomer-
ular filtration rate (eGFR) were developed from the Chronic Kidney Disease Genetics data of European ancestry (N = 567,460). 
Cross-sectional observational analysis and 2-sample Mendelian randomization (MR) analysis were performed on 178 metabolites 
measured in 157,541 UK Biobank participants of White British ancestry. The metabolites, which have significant association 
with eGFR in observational analysis and for which the causal estimates were significant in all of 3 MR methods—random-effect 
inverse-variance weighted (RE-IVW), weighted median, and MR-Egger—were considered to be causally affected by eGFR. (B) 
The metabolomics data include lipoprotein components in 14 subclasses of lipoprotein particles divided by particle size. (C) The 
metabolomics data contain detailed components of lipoprotein particles, composed of lipoprotein lipids and apolipoprotein. The li-
poprotein lipids are composed of phospholipids, triglycerides, and total cholesterols, which include esterified cholesterol and free 
cholesterol. Abbreviations: GWAS, genome-wide association study; HDL, high-density lipoprotein; IDL, intermediate-density lipo-
protein; LDL, low-density lipoprotein; QC, quality control; SNP, single nucleotide polymorphism; VLDL, very low–density lipoprotein.
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creatinine-based eGFR were screened; 115 of which 
showed weak or irrelevant association with cystatin C-

based eGFR and were excluded, following our previous 
studies. 15,16 As MR analysis is primarily designed to assess 
the presence of a causal effect between exposure and 
outcome, rather than to estimate the exact magnitude of 
the effect, we prioritized the selection of genetic in-

struments that were associated with both creatinine-based 
and cystatin C-based eGFR to construct genetic instruments 
that more accurately represent true kidney function. 17 

Furthermore, to robustly attain the independence 
assumption of MR, we excluded SNPs with a strong as-

sociation (P < 1×10 −8 ) with the potential confounders, 
which included diabetes, hypertension, dyslipidemia, 
obesity, and smoking, identified in the genome-wide as-

sociation study in the UK Biobank data described earlier. 15 

Finally, 112 SNPs present in the UK Biobank were used as 
genetic instruments for kidney function (Table S1). For 
sensitivity analysis, we performed the same genetic anal-

ysis using 141 SNPs as genetic instruments without 
excluding SNPs strongly associated with potential 
confounders.

MR Assumptions
We made efforts to verify the attainment of the 3 key MR 
assumptions necessary for enabling causal inference. 6 First, 
we addressed the relevance of the assumption that the 
genetic instruments are strongly associated with the 
exposure of interest. The genetic instruments were the 
SNPs that showed genome-wide significant associations 
with log(eGFR) values; thus, the relevance assumption was 
fulfilled. Second, we addressed the independence 
assumption that genetic instruments should not be asso-

ciated with confounding phenotypes that could affect the 
outcomes. As mentioned above, we excluded SNPs with 
strong associations with potential confounders to attain the 
independence assumption. Third, we addressed the 
exclusion restriction assumption that genetic effects should 
occur through the exposure of interest. To address the 
second and third assumptions, which indicate the absence 
of a horizontal pleiotropic pathway, we performed 
pleiotropy-robust MR analysis methods to yield causal 
estimates that sufficiently attained the assumptions. 17

Steiger Filtering
As lipid profiles or metabolites may affect kidney func-

tion, 9-11 robust consideration of the reverse-directional 
effect among genetic instruments is important. Thus, we 
used Steiger filtering to selectively include variants with 
causal effects directed from eGFR toward metabolites, 
excluding those with reverse-directional effects, thereby 
ensuring the directionality of genetic effects. 18

Summary-Level MR Analysis
As the main MR analysis, we first applied the multiplicative 
random-effects inverse-variance weighted method, as 
recommended in the guidelines for MR analysis. 17 As a

pleiotropy-robust MR sensitivity analysis, we performed 
MR-Egger regression analysis with bootstrapped error, 19 

which allows pleiotropic effects for implemented genetic 
instruments and can assess the presence of directional 
pleiotropy through MR-Egger intercepts. The possibility of 
directional pleiotropy was assessed by a P value <0.05 for 
the MR-Egger intercept. Additionally, we used the 
weighted median method, 20 which can yield valid esti-

mates of causal effects even when up to half of the 
instrumented genetic weights are invalid. When per-

forming MR analysis, all palindromic SNPs were discarded 
for a more conservative analysis. 21 The metabolites 
demonstrating significant associations, as assessed by the 
random-effects inverse-variance weighted method and 
consistently supported by significant results in both the 
MR-Egger and weighted median methods, were consid-

ered to be causally affected by genetically predicted eGFR. 
The summary-level MR analysis was performed using the 
“TwoSampleMR” package in R (version 0.5.7), and a 2-

sided P value <0.05 was considered significant.

RESULTS

Baseline Characteristics of the Study Population
The baseline characteristics of the 157,541 White British 
UK Biobank participants included in this study are pre-

sented in Table 1. The mean age of the study population 
was 57 years, and 47.5% were men. Regarding past 
medical history, 4.9% of the study population had dia-

betes, and 21.2% and 17.6% of the population had a 
history of hypertension and dyslipidemia medication, 
respectively. Mean eGFR value was 90.2 mL/min/ 
1.73 m 2 , and 2.4% of the study population had 
eGFR <60 mL/min/1.73 m 2 . Those with eGFR <60 mL/min/ 
1.73 m 2 were older and exhibited higher body mass index; 
blood pressure; and prevalence of diabetes, hypertension, and 
dyslipidemia compared with those with eGFR ≥60 mL/min/ 
1.73 m 2 . Baseline NMR metabolomics data of all 178 me-

tabolites measured in the study population are presented in 
Table S2.

Observational Associations of Kidney Function 
With Various Metabolites
In an observational analysis using multivariate linear 
regression, higher eGFR values were significantly associ-

ated with lower levels of TG in VLDL, IDL, and HDL 
particles, although TG in several subclasses of VLDL and 
HDL did not show significant associations (Table S3). 
Moreover, higher eGFR values were significantly associated 
with lower levels of lipoprotein lipid components in 
several VLDL subclasses. Conversely, higher eGFR values 
were significantly associated with higher levels of lipo-

protein particle components, except for TG, comprising 
lipoprotein particle concentration, total lipids, total 
cholesterol, esterified cholesterol, free cholesterol, and 
phospholipids, in HDL, low-density lipoprotein, and most 
of their subclasses. Furthermore, higher eGFR values were
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significantly associated with lower ratios of mono-

unsaturated FAs (MUFAs) to total FAs (MUFA/total FA), 
and apolipoprotein (Apo) B to ApoA-1 (ApoB/ApoA-1). 
In addition to lipid metabolites, higher eGFR was signifi-

cantly associated with lower levels of amino acid metab-

olites. Detailed results of the observational analysis of all 
178 metabolites are presented in Table S3.

Estimates of the Causal Effects of eGFR on Various 
Metabolites
A genetically predicted higher eGFR was significantly 
associated with lower TG values in most lipoproteins and 
their subclasses, as well as with lower levels of lipoprotein 
lipid components in VLDL and most of its subclasses 
(Table S4). Conversely, a genetically predicted higher 
eGFR was significantly associated with higher levels of li-
poprotein particle components, except for TG, in HDL and 
several of its subclasses. Additionally, a genetically

predicted higher eGFR was significantly associated with 
lower MUFA, MUFA/total FA, ApoB, and ApoB/ApoA-1 
values. Among the amino acid metabolites, only glycine 
had significantly negative causal estimates. Detailed results 
of the summary-level 2-sample MR analysis of all 178 
metabolites are presented in Table S4.

Integrated Observational and MR Analysis Results
By integrating the results of the observational and MR 
analyses using the 3 MR methods, we identified the me-

tabolites that demonstrated consistently significant findings 
in both analyses. The integrated results of the effect size 
estimates of all 178 metabolites are illustrated in the forest 
plot in Fig S1. Among 26 metabolites that showed sig-

nificant associations with eGFR in both the observational 
and MR analyses, citrate was excluded due to the possi-

bility of horizontal pleiotropy. Finally, we identified 25 
metabolites (Tables 2 and 3). The integrated results

Table 1. Baseline Characteristics of the Study Population

Total eGFR ≥60 mL/min/1.73 m 2 eGFR <60 mL/min/1.73 m 2

N 157,541 153,823 3,718
Age, y 56.9 ± 8.0 56.8 ± 8.0 63.0 ± 5.5
Sex, male 74,771 (47.5%) 72,967 (47.4%) 1,804 (48.5%)
Waist circumference, cm 90.7 ± 13.4 90.6 ± 13.4 96.1 ± 14.1
Hip circumference, cm 103.6 ± 9.1 103.5 ± 9.1 106.3 ± 10.4
BMI, kg/m 2 27.5 ± 4.7 27.5 ± 4.7 29.4 ± 5.3
Blood pressure, mm Hg

Systolic 138.5 ± 18.5 138.4 ± 18.5 140.0 ± 19.2
Diastolic 82.4 ± 10.1 82.4 ± 10.0 80.7 ± 10.5

Smoking
Nonsmoker 85,835 (54.7%) 84,020 (54.8%) 1,815 (49.0%)
Ex-smoker 55,276 (35.2%) 53,650 (35.0%) 1,626 (43.9%)
Current smoker 15,875 (10.1%) 15,614 (10.2%) 261 (7.1%)

Alcohol frequency
Never 27,370 (17.4%) 26,332 (17.1%) 1,038 (27.9%)
Less than daily 97,688 (62.0%) 95,649 (62.2%) 2,039 (54.9%)
More than daily 32,380 (20.6%) 31,741 (20.6%) 639 (17.2%)

Regular physical activity a 58,150 (38.8%) 56,896 (38.8%) 1,254 (36.9%)
Low-income status (<£18,000) 30,718 (22.7%) 29,532 (22.3%) 1,186 (39.6%)
Past medical history

Hypertension 33,166 (21.2%) 31,134 (20.4%) 2,032 (55.0%)
DM 7,690 (4.9%) 7,161 (4.7%) 529 (14.3%)
Dyslipidemia 27,486 (17.6%) 25,920 (17.0%) 1,566 (42.4%)

Laboratory measurement
Serum albumin, g/L 45.2 ± 2.6 45.2 ± 2.6 44.2 ± 2.9
Total cholesterol, mmol/L 5.7 ± 1.1 5.7 ± 1.1 5.3 ± 1.3
TG, mmol/L 1.8 ± 1.0 1.8 ± 1.0 2.1 ± 1.1
HDL, mmol/L 1.4 ± 0.4 1.4 ± 0.4 1.3 ± 0.4
LDL, mmol/L 3.6 ± 0.9 3.6 ± 0.9 3.3 ± 0.9

Kidney function variables
Serum creatinine, μmol/L 72.7 ± 16.3 71.6 ± 13.4 118.4 ± 42.2
eGFR, mL/min/1.73 m 2 90.2 ± 13.2 91.2 ± 11.8 51.5 ± 8.7
UACR, mg/g 17.0 ± 70.4 15.9 ± 51.9 65.2 ± 310.5
Note: Data are presented as the mean (1 standard deviation) for continuous variables or n (%) for categorical variables.
Abbreviations: BMI, body mass index; DM, diabetes mellitus; eGFR, estimated glomerular filtration rate; HDL, high-density lipoprotein; LDL, low-density lipoprotein; 
TG, triglycerides; UACR, urinary albumin-to-creatinine ratio.
a Regular physical activity was defined as moderate-intensity physical activity for ≥5 days.
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indicated a causal increase in TG in small VLDL (S-VLDL), 
very small VLDL, and IDL, as well as in the lipoprotein 
particle concentration and total lipids of S-VLDL, with 
decreasing eGFR (Fig 2). Conversely, the integrated results 
indicated a causal decrease in the lipoprotein concentra-

tion, total cholesterol, esterified cholesterol, and free 
cholesterol in HDL and several of its subclasses with 
decreasing eGFR. Particularly, for medium-HDL (M-

HDL), the causal decreases with decreasing eGFR were not 
only found in cholesterol components but also in total 
lipid and lipoprotein particle concentrations. For the FA 
and apolipoprotein categories, lower eGFR values showed 
a causal increase in MUFA/total FA and ApoB/ApoA-1 
ratios and a causal decrease in the ratio of poly-

unsaturated FA to MUFA (PUFA/MUFA). In addition to 
lipid metabolites, lower eGFR values were associated with 
a causal increase in glycine and glycoprotein acetyl 
(GlycA) levels. We further investigated the shapes of as-

sociation between eGFR and the selected 25 metabolites 
using a general additive model. The 25 selected metabo-

lites that were significantly associated with eGFR in both 
the observational and MR analyses showed generally linear 
associations with eGFR (Fig 3).

Sensitivity Analysis
In the sensitivity analysis, which excluded participants 
using medication for dyslipidemia, 25 metabolites 
consistently exhibited significant associations with eGFR in 
the observational analysis (Table S5). In another sensitivity 
analysis, which included potential confounder-associated 
SNPs (Table S6 and Fig S2), we identified 18 metabolites 
that showed significant associations with eGFR in both the 
observational and MR analyses. Compared to the main 
analysis, the number of metabolites showing significant 
integrated results was lower, with most metabolites iden-

tified as significant in the main analysis and included in the 
sensitivity analysis with the same directions of the associ-

ations (Table S7).

DISCUSSION
In this study, we found that observational and genetically 
predicted eGFR values were significantly associated with 
various metabolites, particularly those related to lipopro-

tein lipids. From the integrated results of observational and 
MR analyses, we demonstrated that lower eGFR causally 
increases the levels of TG in several subclasses of

Table 2. Observational Association Between Kidney Function and Metabolites (Including Only Metabolites With Significant 
Integrated Results)

Category Metabolite β Coefficient Standard Error P
Amino acid Glycine −4.22E−02 1.08E−03 <0.001
Inflammation Glycoprotein acetyls −1.50E−02 1.94E−03 <0.001
Other lipids TG/phosphoglycerides ratio −3.92E−02 3.42E−03 <0.001
Fatty acid MUFA/total FA (%) −8.39E−01 4.02E−02 <0.001

PUFA/MUFA ratio 6.76E−02 5.11E−03 <0.001
Apolipoprotein ApoB/ApoA-1 ratio −2.22E−02 2.67E−03 <0.001
Lipoprotein concentration S-VLDL −1.25E−06 2.18E−07 <0.001

HDL 8.89E-−04 3.84E−05 <0.001
M-HDL 3.01E−04 1.42E−05 <0.001

Total cholesterol HDL 8.62E−02 4.63E−03 <0.001
L-HDL 1.93E−02 2.32E−03 <0.001
M-HDL 4.09E−02 1.85E−03 <0.001

Esterified cholesterol L-VLDL −1.44E−03 3.85E−04 <0.001
HDL 6.84E−02 3.64E−03 <0.001
L-HDL 1.48E−02 1.80E−03 <0.001
M-HDL 3.31E−02 1.49E−03 <0.001
S-HDL 1.91E−02 8.26E−04 <0.001

Free cholesterol HDL 1.77E−02 1.04E−03 <0.001
Triglycerides S-VLDL −6.45E−03 1.03E−03 <0.001

VS-VLDL −2.78E−03 3.67E−04 <0.001
IDL −2.06E−03 4.51E−04 <0.001
XL-HDL −2.74E−04 4.69E−05 <0.001

Phospholipids M-HDL 3.41E−02 1.58E−03 <0.001
Total lipids S-VLDL −8.36E−03 2.21E−03 <0.001

M-HDL 7.55E−02 3.49E−03 <0.001
Note: Multivariate linear regression adjusted for age, sex, waist circumference, body mass index, smoking, alcohol consumption, physical activity, and history of 
diabetes mellitus, hypertension, and dyslipidemia was performed.
Abbreviations: ApoA-1, apolipoprotein A-1; ApoB, apolipoprotein B; FA, fatty acid; HDL, high-density lipoprotein; IDL, intermediate-density lipoprotein; L-HDL, large 
high-density lipoprotein; L-VLDL, large very low–density lipoprotein; M-HDL, medium high-density lipoprotein; MUFA, monounsaturated fatty acid; PUFA, poly-
unsaturated fatty acid; S-HDL, small high-density lipoprotein; S-VLDL, small very low–density lipoprotein; TG, triglyceride; VS-VLDL, very small very low–density 
lipoprotein; XL-HDL, very large high-density lipoprotein.
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Table 3. Causal Estimates of Kidney Function on Metabolites by the 2-Sample MR Analysis (Including Only Metabolites With 
Significant Integrated Results)

Category Metabolites

N of 
Instrumented 
SNPs After 
Steiger Filtering

Cochran Q 
Statistic P

MR
Method β SE P

MR-Egger 
Intercept P

Amino acid Glycine 88 <0.001 RE-IVW −5.09E−02 9.68E−03 <0.001
Weighted
median

−5.05E−02 1.26E−02 <0.001

MR-Egger −6.61E−02 1.97E−02 <0.001 0.69
Inflammation Glycoprotein

acetyls
86 <0.001 RE-IVW −9.01E−02 2.18E−02 <0.001

Weighted
median

−6.95E−02 2.42E−02 0.004

MR-Egger −1.31E−01 3.69E−02 <0.001 0.40
Other lipid TG/

phosphoglycerides
ratio

86 <0.001 RE-IVW −1.96E−01 3.37E−02 <0.001
Weighted
median

−1.91E−01 4.30E−02 <0.001

MR-Egger −2.47E−01 6.65E−02 <0.001 0.06
Fatty acid MUFA/total FA (%) 89 <0.001 RE-IVW −2.05E+00 4.41E−01 <0.001

Weighted
median

−2.50E+00 5.08E−01 <0.001

MR-Egger −2.59E+00 7.64E−01 <0.001 0.71
PUFA/MUFA ratio 90 <0.001 RE-IVW 1.74E−01 5.69E−02 0.002

Weighted
median

2.35E−01 6.38E−02 <0.001

MR-Egger 2.66E−01 9.85E−02 <0.001 0.45
Apolipoprotein ApoB/ApoA-1 ratio 86 <0.001 RE-IVW −9.08E−02 2.83E−02 0.001

Weighted
median

−8.88E−02 3.47E−02 0.01

MR-Egger −1.26E−01 5.31E−02 0.008 0.27
Lipoprotein
concentration

S-VLDL 84 <0.001 RE-IVW −1.06E−05 2.35E−06 <0.001
Weighted
median

−1.03E−05 2.73E−06 <0.001

MR-Egger −1.72E−05 4.18E−06 <0.001 0.25
HDL 87 <0.001 RE-IVW 1.08E−03 4.02E−04 0.007

Weighted
median

1.09E−03 4.89E−04 0.03

MR-Egger 1.73E−03 7.19E−04 0.006 0.20
M-HDL 88 <0.001 RE-IVW 4.46E−04 1.57E−04 0.004

Weighted
median

4.54E−04 1.87E−04 0.02

MR-Egger 6.00E−04 2.75E−04 0.02 0.38
Total
cholesterol

HDL 88 <0.001 RE-IVW 2.09E−01 5.49E−02 <0.001
Weighted
median

2.21E−01 6.48E−02 <0.001

MR-Egger 2.63E−01 9.36E−02 <0.001 0.20
L-HDL 89 <0.001 RE-IVW 6.90E−02 2.50E−02 0.006

Weighted
median

1.08E−01 3.14E−02 <0.001

MR-Egger 7.71E−02 4.60E−02 0.04 0.27
M-HDL 88 <0.001 RE-IVW 6.58E−02 2.15E−02 0.002

Weighted
median

8.23E−02 2.49E−02 <0.001

MR-Egger 9.93E−02 3.64E−02 0.001 0.24
Esterified
cholesterol

L-VLDL 85 <0.001 RE-IVW −1.80E−02 4.04E−03 <0.001
Weighted
median

−1.86E−02 4.80E−03 <0.001

MR-Egger −2.55E−02 7.33E−03 <0.001 0.39

(Continued)
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Table 3 (Cont'd). Causal Estimates of Kidney Function on Metabolites by the 2-Sample MR Analysis (Including Only Metabolites 
With Significant Integrated Results)

Category Metabolites

N of 
Instrumented 
SNPs After 
Steiger Filtering

Cochran Q 
Statistic P

MR
Method β SE P

MR-Egger 
Intercept P

HDL 88 <0.001 RE-IVW 1.72E−01 4.40E−02 <0.001
Weighted
median

1.85E−01 5.00E−02 <0.001

MR-Egger 2.19E−01 6.79E−02 0.001 0.19
L-HDL 89 <0.001 RE-IVW 5.46E−02 1.96E−02 0.005

Weighted
median

8.83E−02 2.47E−02 <0.001

MR-Egger 6.51E−02 3.46E−02 0.03 0.25
M-HDL 86 <0.001 RE-IVW 5.44E−02 1.64E−02 <0.001

Weighted
median

7.17E−02 2.00E−02 <0.001

MR-Egger 8.16E−02 2.77E−02 0.001 0.22
S-HDL 89 <0.001 RE-IVW 2.41E−02 7.86E−03 0.002

Weighted
median

2.09E−02 9.99E−03 0.04

MR-Egger 4.04E−02 1.48E−02 0.007 0.42
Free
cholesterol

HDL 88 <0.001 RE-IVW 3.22E−02 1.19E−02 0.007
Weighted
median

3.40E−02 1.38E−02 0.01

MR-Egger 3.71E−02 2.08E−02 0.04 0.19
Triglycerides S-VLDL 88 <0.001 RE-IVW −4.74E−02 1.12E−02 <0.001

Weighted
median

−4.48E−02 1.31E−02 <0.001

MR-Egger −8.43E−02 1.92E−02 <0.001 0.14
VS-VLDL 86 <0.001 RE-IVW −1.79E−02 4.04E−03 <0.001

Weighted
median

−2.26E−02 4.68E−03 <0.001

MR-Egger −3.24E−02 6.83E−03 <0.001 0.15
IDL 86 <0.001 RE-IVW −2.02E−02 5.01E−03 <0.001

Weighted
median

−2.64E−02 5.77E−03 <0.001

MR-Egger −3.72E−02 8.11E−03 <0.001 0.25
XL-HDL 88 <0.001 RE-IVW −1.93E−03 4.82E−04 <0.001

Weighted
median

−2.21E−03 6.18E−04 <0.001

MR-Egger −3.59E−03 8.43E−04 <0.001 0.22
Phospholipids M-HDL 86 <0.001 RE-IVW 4.14E−02 1.56E−02 0.008

Weighted
median

5.26E−02 1.92E−02 0.006

MR-Egger 5.43E−02 2.96E−02 0.03 0.30
Total lipids S-VLDL 85 <0.001 RE-IVW −9.42E−02 2.39E−02 <0.001

Weighted
median

−9.57E−02 2.76E−02 <0.001

MR-Egger −1.67E−01 4.11E−02 <0.001 0.16
M-HDL 87 <0.001 RE-IVW 1.02E−01 3.63E−02 0.005

Weighted
median

9.65E−02 4.45E−02 0.03

MR-Egger 1.30E−01 6.88E−02 0.03 0.34
Abbreviations: ApoA-1, apolipoprotein A-1; ApoB, apolipoprotein B; FA, fatty acid; HDL, high-density lipoprotein; IDL, intermediate-density lipoprotein; L-HDL, large high-
density lipoprotein; L-VLDL, large very low–density lipoprotein; M-HDL, medium high-density lipoprotein; MR, Mendelian randomization; MUFA, monounsaturated fatty acid; 
PUFA, polyunsaturated fatty acid; RE-IVW, random-effect inverse-variance weighted; S-VLDL, small very low–density lipoprotein; SE, standard error; SNP, single nucleotide 
polymorphism; S-HDL, small high-density lipoprotein; TG, triglyceride; VS-VLDL, very small very low–density lipoprotein; XL-HDL, very large high-density lipoprotein.
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Figure 2. Forest plots demonstrating the estimate effect sizes of estimated glomerular filtration rate (eGFR) toward various metab-
olites derived from integrated observational and Mendelian randomization (MR) analysis results. The scale of the exposure was 1 
log-eGFR increase. The x-axis indicates the estimate effect sizes of eGFR toward metabolites by multivariate linear regression anal-
ysis (observational) and 3 MR analysis methods: random-effects inverse-variance weighted (IVW), weighted median, and MR-Egger. 
All metabolites presented in this figure have significant association with eGFR in observational analysis and consistently have sig-
nificant causal estimates in the summary-level MR. Abbreviations: ApoA-1, apolipoprotein A-1; ApoB, apolipoprotein B; FA, fatty 
acid; HDL, high-density lipoprotein; IDL, intermediate-density lipoprotein; L-HDL, large high-density lipoprotein; L-VLDL, large 
very low–density lipoprotein; M-HDL, medium high-density lipoprotein; MUFA, monounsaturated fatty acid; PUFA, polyunsaturated 
fatty acid; S-VLDL, small very low–density lipoprotein; S-HDL, small high-density lipoprotein; TG, triglyceride; VS-VLDL, very small 
very low–density lipoprotein; XL-HDL, very large high-density lipoprotein.

Kidney Med Vol 8 | Iss 3 | March 2026 | 101245 9

Kim et al



lipoprotein particles and lipoprotein lipids in VLDL and 
causally decreases the levels of lipoprotein lipids in HDL. 
Thus, our study suggests that a decline in kidney function 
may causally aggravate lipoprotein lipid profiles, providing 
novel insights into the interpretation of common meta-

bolic disorders in individuals with impaired kidney 
function.

The findings of this study have the potential clinical 
implications, particularly in the context of the recently 
proposed cardiovascular-kidney-metabolic syndrome, 
which emphasizes the pathophysiologic interaction among 
metabolic risk factors, CKD, and the cardiovascular system

that leads to adverse cardiovascular and kidney out-

comes. 22 In cardiovascular-kidney-metabolic syndrome, 
metabolic risk factors include hypertriglyceridemia and 
reduced HDL cholesterol levels, which overlap with lipid 
alterations commonly observed in CKD. Additionally, the 
presence and severity of CKD are recognized as equivalent 
to metabolic risk factors and subclinical cardiovascular 
disease in the cardiovascular-kidney-metabolic disease 
framework. In this context, our findings that reduced 
kidney function is causally associated with a shift toward 
an unhealthy lipid profile or metabolic status, character-

ized by decreased lipoprotein lipids in M-HDL, which

Figure 3. Generalized additive model demonstrating the associations between estimated glomerular filtration rate (eGFR) and me-
tabolites. The generalized additive model adjusted for age, sex, waist circumference, body mass index, smoking, alcohol consump-
tion, physical activity, and history of diabetes mellitus, hypertension, and dyslipidemia was used to plot the shapes of observational 
associations. The y-axes indicate the values predicted by the generalized additive model. The metabolites, which have significant 
association with eGFR in observational analysis and for which the causal estimates were consistently significant in the summary-
level Mendelian randomization, were assessed by the generalized additive model. The dashed lines indicate the 95% confidence 
intervals. Abbreviations: ApoA-1, apolipoprotein A-1; ApoB, apolipoprotein B; FA, fatty acid; HDL, high-density lipoprotein; IDL, 
intermediate-density lipoprotein; L-HDL, large high-density lipoprotein; L-VLDL, large very low–density lipoprotein; M-HDL, medium 
high-density lipoprotein; MUFA, monounsaturated fatty acid; PUFA, polyunsaturated fatty acid; S-VLDL, small very low–density lipo-
protein; S-HDL, small high-density lipoprotein; TG, triglyceride; VS-VLDL, very small very low–density lipoprotein; XL-HDL, very 
large high-density lipoprotein.
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exhibits a positive correlation with atheroprotective ef-

fects, 23 and increased TG in smaller-sized TRL, which has 
atherogenic effects, 24 underscore the potential necessity 
for more proactive dyslipidemia management in patients 
with CKD, even in early stages.

In detail, diverse aspects of the causal effects of kidney 
function on specific lipoprotein particles were reported in 
our study. Our study demonstrated a causal decrease in the 
cholesterol levels of HDL and their subclasses, particularly 
M-HDL, as kidney function declined. Notably, significant 
causal associations with eGFR were more evident for 
cholesteryl esters, the main form of cholesterol in HDL, 25 

compared with free cholesterol. While free cholesterol of 
total HDL solely showed a causal association with eGFR, 
cholesteryl esters of total HDL and their subclasses showed 
causal associations. Additionally, for M-HDL, our study 
showed a causal decrease not only in cholesterol but also in 
lipoprotein particle concentration, total lipids, and phos-

pholipids within M-HDL as eGFR declined. Although many 
HDL subclasses or subfractions have already been identified 
and quantitated, 26 their physiologic and pathophysiologic 
roles remain poorly understood. Considering the signifi-

cant negative associations between M-HDL particles and 
cardiovascular risk in previous studies, 27-29 further 
research investigating the impact of the causal decrease in 
lipoprotein lipids in M-HDL concomitant with declining 
renal function on adverse outcomes and the underlying 
mechanisms is warranted.

Additionally, the present study demonstrated a causal 
increase in TG within S-VLDL, very small VLDL, and IDL, 
as well as in lipoprotein particle concentrations and total 
lipids of S-VLDL, as renal function declined. Increased TRL 
levels can be mainly explained by reduced catabolism of 
TRL due to reduced lipoprotein lipase and hepatic TG 
lipase activities in individuals with impaired kidney func-

tion. 30,31 Lipoprotein lipase facilitates the lipolysis of 
chylomicrons and VLDL, resulting in the production of IDL 
and remnants, which are further processed by hepatic TG 
lipase to product low-density lipoprotein. 32 The increased 
TRL levels produced through the above mechanism even-

tually contribute to increased TG levels in those with 
decreased kidney function. 33,34 Smaller-sized TRL, which 
sufficiently infiltrates the endothelium and deposits within 
the tunica intima of the artery, conventionally has the 
potential to promote atherosclerosis. 24 Accordingly, 
further research to investigate the impact of a causal in-

crease in TG in smaller-sized TRL and lipids in S-VLDL 
concomitant with declining renal function on cardiovas-

cular disease is warranted.

Our study also identified that lower eGFR causally 
increased MUFA/total FA and decreased PUFA/MUFA ra-

tios, even though it was not significantly associated with 
total FA, MUFA, and PUFA, a result somewhat different 
from those of previous studies. 35,36 From these findings, 
our study suggests that the proportion of MUFA increases 
as kidney function declines. Because MUFAs are the main 
substrates of TG, 37,38 increased proportions of MUFAs may

be associated with increased TG levels, leading to increased 
TRL levels. Furthermore, our study identified that lower 
eGFR causally increased the ApoB/ApoA-1 ratio, support-

ing the results of a previous observational study. 39 ApoA-1 
is the main apolipoprotein in HDL, whereas ApoB is a 
protein constituent of potentially atherogenic lipoprotein 
particles (ie, VLDL, IDL, and low-density lipoprotein). 3 

Thus, our study suggests that a higher ApoB/ApoA-1 ratio 
reflects lower HDL and higher TRL levels, with decreasing 
eGFR.

Beyond the metabolites related to lipoprotein lipids, we 
additionally identified that 2 metabolites—glycine and 
GlycA—causally increased with decreasing eGFR. The 
kidneys play crucial roles in amino acid metabolism, 
including the conversion of glycine to serine in kidney. 40 

Thus, reduced kidney function could lead to higher levels 
of glycine, as supported by a previous observational 
study 41 and the results of our study. However, considering 
the potentially beneficial effects of glycine on car-

diometabolic diseases, 42,43 additional studies are necessary 
to investigate the actual effect of high glycine levels on 
kidney health. GlycA is a spectroscopic marker of systemic 
inflammation that is elevated during acute and chronic 
inflammation. 44 As persistent, low-grade inflammation 
plays an essential role in the pathophysiology of CKD, 45 

GlycA may be another biomarker of impaired kidney 
function, which is supported by previous studies indi-

cating that GlycA is inversely associated with eGFR 46 and 
associated with the risk of incident CKD. 47

This study has several limitations. First, as false-negative 
findings may occur when performing and integrating an 
observational analysis using Bonferroni-adjusted P values 
and 2-sample MR analysis, modest causal effects may also 
be present for other metabolites that were not identified to 
be causally affected by eGFR in the current analysis. Sec-

ond, the reverse-directional causal effect was not assessed 
in this study; therefore, our findings should not be inter-

preted as indicating the influence of metabolites on kidney 
function. Third, the study population was mainly of Eu-

ropean descent; thus, further studies comprising diverse 
ethnic groups to expand the generalizability of our find-

ings are warranted. Fourth, eGFR was the only marker used 
to evaluate kidney function in this study. Therefore, 
further studies incorporating additional markers of kidney 
function, such as albuminuria, are needed for a more 
comprehensive investigation. Finally, as the UK Biobank 
data were affected by healthy volunteer bias, the causal 
estimates may be subject to selection bias owing to the 
underrepresentation of severe kidney function decline in 
the sample.

In conclusion, eGFR causally affects various metabo-

lites, particularly lipoprotein lipids. A lower eGFR caus-

ally decreases lipoprotein lipids in HDL particles and 
increases TG and TRLs in the general population. Thus, 
clinicians should closely monitor the lipid profiles of 
individuals with impaired kidney function and interpret 
these findings along with our results. Future
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investigations are necessary to understand whether the 
causal effects of kidney function on metabolites are 
associated with adverse outcomes.
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