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Abstract
Objective Patients with diabetic nephropathy (DN) often present with lipid profile abnormalities. While associations 
between these parameters and DN have been suggested, confounding factors obscure causal relationships. This 
study employed bidirectional Mendelian randomization (MR) to explore these links.

Methods Using genome-wide association study (GWAS) data, the primary analysis used the inverse-variance 
weighted (IVW) method, which was supported by MR-Egger regression and a weighted median estimator (WME). 
Sensitivity analyses, including heterogeneity, pleiotropy tests, leave-one-out, and reverse causality analyses, were 
conducted.

Results The IVW model revealed the following: (1) causal relationships between triglycerides (TG) (OR: 1.5807, 
95% CI: 1.2578–1.9865, P = 0.0001), high-density lipoprotein cholesterol (HDL-C) (OR: 0.7342, 95% CI: 0.5729–0.9409, 
P = 0.0146), and apolipoprotein A1 (ApoA1) (OR: 0.6506, 95% CI: 0.5190–0.8156, P = 0.0002) and DN; (2) causal 
relationships between TG (OR: 1.0607, 95% CI: 1.0143–1.1093, P = 0.0098), HDL-C (OR: 0.9453, 95% CI: 0.9053–1.9871, 
P = 0.0109), and apolipoprotein B (ApoB) (OR: 1.0672, 95% CI: 0.0070–1.1310, P = 0.0280) and the urinary albumin–
creatinine ratio (UACR); (3) no causal relationship between total cholesterol (TC), low-density lipoprotein cholesterol 
(LDL-C), ApoB and DN, or between TC, LDL-C, ApoA1 and UACR; (4) none of the results showed reverse causality.

Conclusion TG is a risk factor for DN and UACR; HDL-C is protective for both; ApoA1 protects against DN; and ApoB 
is a risk factor for UACR. To further explore the underlying mechanisms between TG, HDL-C, ApoA1, ApoB, and their 
associations with DN and UACR, and to provide reference for the selection of lipid management and treatment 
strategies for clinical DN patients. This study demonstrated that causal relationships between TG, HDL-C, and ApoA1 
with DN and between TG, HDL-C, and ApoB with the UACR.

Keywords Lipid profile, Diabetic nephropathy, Urine albumin-to-creatinine ratio, Mendelian randomization

Association of diabetic nephropathy with lipid 
metabolism: a Mendelian randomization 
study
Pengfei Xie1,2†, Weinan Xie1,2†, Zhaobo Wang1†, Ziwei Guo1, Rumeng Tang1, Haoyu Yang1, Yu Wei1,2, Ling Zhou1,2, 
Yishan Huang3, Linhua Zhao1 and Lili Zhang1*

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13098-025-01641-8&domain=pdf&date_stamp=2025-3-25


Page 2 of 16Xie et al. Diabetology & Metabolic Syndrome          (2025) 17:102 

Introduction
Diabetic nephropathy (DN) is a chronic kidney disease 
caused by structural and functional damage to the kid-
neys due to diabetes [1]. It is a common microvascular 
complication of diabetes. According to the latest data 
released by the International Diabetes Federation (IDF), 
approximately 537  million adults aged 20–79 years 
worldwide had diabetes in 2021, with China having the 
highest number of diabetic patients, totaling 140.9  mil-
lion [2]. Approximately 20–40% of diabetic patients will 
develop DN, which is the leading cause of end-stage renal 
disease (ESRD). Globally, DN accounts for approximately 
30–50% of all ESRD cases [3]. By 2030, the global demand 
for renal replacement therapy is expected to double, pos-
ing a significant challenge to public health systems world-
wide [4, 5]. The urinary albumin–creatinine ratio (UACR) 
is closely related to the degree of kidney damage and 
is a sensitive indicator of renal injury, serving as a pri-
mary screening marker for early DN damage. Clinically, 
patients with dyslipidemia are often considered to be at 
risk for cardiovascular events [6]; however, patients with 
DN also commonly exhibit dyslipidemia. Research has 
reported that an imbalance in lipid metabolism homeo-
stasis is a major mechanism leading to the development 
and progression of DN [7]. Multiple clinical studies have 
shown that dyslipidemia is closely associated with DN 
and is one of its risk factors. Dyslipidemia may damage 
the renal microvasculature, leading to the development 
of proteinuria and accelerating the onset and progres-
sion of DN [8–10]. Other studies suggest that decreased 
high-density lipoprotein cholesterol (HDL-C) levels and 
increased triglycerides (TG) levels are independent risk 
factors for the development and progression of DN [11]. 
Total cholesterol (TC) and low-density lipoprotein cho-
lesterol (LDL-C) are closely related to the progression of 
UACR, and TG levels are positively correlated with the 
progression of UACR [12, 13]. However, owing to the 
presence of confounding factors, the causal relationships 
between the six lipid profile parameters and DN remain 
uncertain.

Current research is limited to individual or a few lipid 
profile parameters, and there has been no comprehen-
sive evaluation of the causal relationships between the 
six lipid profile parameters and DN or UACR. Moreover, 
clinical studies are prone to various confounding factors, 
and observational studies often suffer from biases related 
to sample size and population diversity. Mendelian ran-
domization (MR) is a statistical model that uses genetic 
variation as an instrumental variable (IV) to infer poten-
tial causal relationships [14]. It employs single-nucleotide 
polymorphisms (SNPs) as IVs for exposure factors to 
estimate the causal relationship between the exposure 
and the outcome [15]. MR is considered a natural ran-
domized controlled trial (RCT). Compared with RCTs, 

the primary advantage of MR is that the SNPs used as 
IVs for the exposure factors are randomly assigned, and 
the formation of genetic variations is independent of the 
social environment, lifestyle, and other traits. This theo-
retically avoids the influence of potential confounding 
factors or reverse causation [16]. Therefore, MR can infer 
causality on the basis of observational studies, making it 
an effective method for determining disease etiology [17]. 
This study utilized publicly available genome-wide asso-
ciation study (GWAS) databases to perform MR analysis, 
exploring the causal relationships between six lipid pro-
file parameters (TC, TG, HDL-C, LDL-C, apolipopro-
tein A1 (ApoA1), and apolipoprotein B (ApoB)) and both 
DN and UACR. By focusing on these lipid-related indi-
cators, we address a significant gap in genetic research 
regarding the role of lipid metabolism in the develop-
ment and progression of DN. Our findings not only 
enhance the understanding of the genetic underpinnings 
of lipid abnormalities in DN but also provide a founda-
tion for future genetic studies, offering new directions for 
improving lipid management strategies in clinical prac-
tice for DN patients. This study makes a valuable contri-
bution to filling the existing gaps in the genetic research 
on DN and lipid disorders.

Materials and methods
Data resources
In this study, the exposure factors are set as the levels 
of six lipid profile parameters (TC, TG, HDL-C, LDL-C, 
ApoA1, and ApoB), and the outcome variables are DN 
and the UACR. These parameters are used to explore dif-
ferent aspects of kidney function impairment, enabling a 
comprehensive evaluation [18]. The GWAS data for TC 
(met-d-Total_C), TG (ieu-b-111), LDL-C (ieu-b-5089), 
HDL-C (ieu-b-4844), ApoA1 (ieu-b-107), ApoB (ieu-
b-108), DN (ebi-a-GCST90018832), and UACR (ieu-a-
1107) were obtained from the IEU OpenGWAS project 
(mrcieu.ac.uk). The sample sizes for the lipid profile data-
sets are as follows: TC, 115,078; TG, 441,016; LDL-C, 
201,678; HDL-C, 77,409; ApoA1, 393,193; and ApoB, 
439,214. The respective SNP counts are 12,321,875 for 
TC, 12,321,875 for TG, 12,321,875 for LDL-C, 7,892,377 
for HDL-C, 12,321,875 for ApoA1, and 12,321,875 for 
ApoB. For DN and UACR, the sample sizes are 452,280 
and 54,450, with SNP counts of 24,190,738 and 2,190,189, 
respectively.

Due to the extensive genomic research conducted in 
European populations and the large accumulation of SNP 
data, as well as the widespread validation and applica-
tion of SNP findings in European populations interna-
tionally, many GWAS and MR studies are based on data 
from European populations. Therefore, the data used in 
this study are primarily from European populations, and 
all studies were approved by the respective institutional 
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ethics review boards. Since all analyses in this study 
are based on publicly available data, institutional ethics 
review board approval was not required.

IVs selection
SNPs associated with the six lipid profile parameters 
were selected as IVs. The selection process involved the 
following steps: [1] Avoiding bias from linkage disequi-
librium (LD): To avoid potential bias due to strong LD 
between SNPs, independent SNPs with genome-wide 
significant associations with the six lipid parameters 
were chosen as IVs. The selection criteria were set as fol-
lows: P < 5 × 108, r2 = 0.001, and kb = 10,000. This ensured 
the independence of each SNP and minimized the influ-
ence of pleiotropy on the results [19] [2]. Filtering SNPs 
from GWAS data: From the GWAS data for DN and the 
urinary albumin-to-creatinine ratio, SNPs related to the 
exposures were selected. Missing SNPs were replaced 
with highly linked SNPs, and SNPs without replacements 
were excluded [3]. Combining datasets: The datasets 
for the six lipid parameters were merged with those for 
DN and the urinary albumin-to-creatinine ratio. SNPs 
directly associated with DN and the urinary albumin-to-
creatinine ratio (P < 5 × 108) were excluded [20]. The final 
dataset comprised the necessary IVs for this study.

Principles of MR study
This study design strictly adheres to three fundamen-
tal assumptions of MR research (Fig.  1): (1) Relevance 
Assumption: IVs are strongly associated with exposure 
factors. (2) Independence Assumption: IVs are inde-
pendent of other confounding factors. (3) Exclusivity 
Assumption: Genetic variants influence the outcome only 
through exposure factors. To test the relevance assump-
tion, the explanatory power of the IVs for the exposure 
factors was calculated via the F statistic. If F > 10, the like-
lihood of weak instrument bias violating the relevance 
assumption is minimal. Heterogeneity tests and pleiot-
ropy tests were assessed through sensitivity analyses. 

This study is reported following the STROBE-MR guide-
lines [21].

MR analysis
Three regression models—MR-Egger regression, 
weighted median estimator (WME), and the inverse 
variance weighted (IVW) method—were employed in 
this study. Using SNPs as IVs, these models assessed the 
causal relationships between the six lipid profile parame-
ters and DN as well as the urinary albumin-to-creatinine 
ratio. These MR methods test the robustness and cred-
ibility of the causal relationships under different assump-
tions, IVW is the most commonly used method in MR 
studies, providing consistent estimates of causal effects 
with high statistical power and the most accurate causal 
effect estimates. However, it is highly sensitive to pleiot-
ropy, and the presence of pleiotropy may lead to biased 
estimates. MR-Egger, while less powerful than IVW in 
terms of testing efficacy, can detect and correct for pleio-
tropic bias, making it useful for sensitivity analysis when 
pleiotropy is suspected. WME provides consistent causal 
effect estimates by giving more weight to valid IVs, but 
it has lower power for detecting causal effects. Therefore, 
in this study, IVW was chosen as the primary method 
for causal relationship assessment, with MR-Egger and 
WME serving as supplementary methods. Additionally, 
attention should be given to the 95% confidence interval 
(CI) of the odds ratio (OR). When the 95% CI of the OR 
does not include 1, it typically indicates statistical signifi-
cance. If the CI includes 1, it suggests a lack of significant 
association. If results from different instruments show 
significant discrepancies, heterogeneity analysis may be 
required.

Sensitivity analysis
Several sensitivity analyses were conducted to ensure 
the robustness of the MR results: (1) Horizontal pleiot-
ropy detection: MR-Egger intercept analysis was used to 
detect horizontal pleiotropy. If the intercept term from 
MR-Egger intercept analysis is statistically significant 

Fig. 1 Three major assumptions of MR studies
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compared with zero, it indicates the presence of hori-
zontal pleiotropy in the study [22]. (2) Heterogeneity 
assessment: Cochran’s Q test was employed to evaluate 
the heterogeneity among SNPs. A statistically signifi-
cant Cochran’s Q statistic indicates notable heteroge-
neity among SNPs, warranting particular attention to 
the results from the random-effects IVW method [23]. 
(3) Leave-one-out sensitivity test: This test assesses the 
robustness of the MR results by sequentially excluding 
each SNP and recalculating the MR results. If the recal-
culated MR results are not substantially different from 
the complete MR results, the MR results are considered 
robust [24].

Reverse causality detection
To detect potential reverse causality, SNPs were selected 
for bidirectional MR analysis via GWAS data. The causal 
effects were estimated via MR-IVW, MR-Egger, weighted 
median, simple mode, and weighted mode methods. Stei-
ger filtering was conducted to ensure the directionality of 
the association between lipid profiles and DN. The results 
were considered statistically significant at P < 0.05.

All data analyses in this study were conducted via the 
TwoSampleMR package in R software (version 4.3.2).

Results
The six lipid profiles and DN
According to the IV selection criteria of this study, the 
following SNPs were identified for the six lipid profile 
parameters when the outcome variable was DN: The 
MR-Egger regression intercepts were as follows: bTC = 
0.0928 (P = 0.6405), bTG = -0.0890 (P = 0.6165), bLDL−C = 
0.0805 (P = 0.7161), bHDL−C=0.0892 (P = 0.7102), bApoA1 
= 0.0335 (P = 0.8557), and bApoB = -0.0597 (P = 0.7365).
There was no evidence of pleiotropy for the SNPs asso-
ciated with the DN outcome, indicating that the MR 
method is effective for causal inference in this context 
(Table 1).

MR analysis
The regression results of the 3 methods are shown in 
Table  2 and Fig.  2. Model IVW revealed that (1) TG 
(OR: 1.5807, 95% CI: 1.2578–1.9865, P = 8.58 × 105), 
HDL-C (OR: 0.7342, 95% CI: 0.5729–0.9409, 
P = 0.0146), and ApoA1 (OR: 0.6506, 95% CI: 0.5190–
0.8156, P = 0.0002) were causally associated with DN; 
and (2) there was no causal association between TC, 
LDL-C, ApoB and DN.

Table 1 Intercept test of the MR-Egger regression model for six lipid profile parameters
Exposure ID Outcome ID SNPs Intercept term b P-value
TC met-d-Total_C Diabetic nephropathy ebi-a-GCST90018832 73 0.0928 0.6405
TG ieu-b-111 350 -0.0890 0.6165
LDL-C ieu-b-5089 95 0.0805 0.7161
HDL-C ieu-b-4844 86 0.0892 0.7102
ApoA1 ieu-b-107 354 0.0335 0.8557
ApoB ieu-b-108 238 -0.0597 0.7365

Table 2 Regression results of three MR methods for six lipid profile parameters
Outcome Exposure Method β SE OR(95%CI) P-val
DN TC MR-Egger 0.0928 0.1979 1.0973 (0.7445~1.6172) 0.6405

WME 0.0275 0.1932 1.0279 (0.7038~1.5011) 0.8868
IVW -0.0722 0.1234 0.9304 (0.7305~1.1850) 0.5587

TG MR-Egger -0.0890 0.1776 0.9148 (0.6459~1.2957) 0.6165
WME 0.0479 0.1950 1.0490 (0.7158~1.5373) 0.8061
IVW 0.4579 0.1166 1.5807 (1.2578~1.9865) 0.000086

LDL-C MR-Egger 0.0805 0.2208 1.0839 (0.7032~1.6706) 0.7161
WME 0.0058 0.1892 1.0058 (0.6941~1.4574) 0.9757
IVW -0.1558 0.1541 0.8558 (0.6326~1.1577) 0.3124

HDL-C MR-Egger 0.0892 0.2393 1.0933 (0.6840~1.7475) 0.7102
WME -0.1866 0.1722 0.8298 (0.5921~1.1628) 0.2784
IVW -0.3090 0.1266 0.7342 (0.5729~0.9409) 0.0146

ApoA1 MR-Egger 0.0335 0.1844 1.0341 (0.7205~1.4842) 0.8557
WME -0.0452 0.1806 0.9558 (0.6708~1.3618) 0.8023
IVW -0.4299 0.1153 0.6506 (0.5190~0.8156) 0.0002

ApoB MR-Egger -0.0597 0.1772 0.9420 (0.6656~1.3332) 0.7365
WME -0.1308 0.1830 0.8774 (0.6130~1.2559) 0.4747
IVW -0.1417 0.1182 0.8679 (0.6884~1.0942) 0.2306
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Heterogeneity test
Scatter plots and funnel plots are shown in Figs.  3 and 
4. The funnel plot indicates that all included SNPs are 
essentially symmetrical, suggesting that the causal 
effect inferred using SNPs as IVs is minimally affected 
by potential bias. However, the Cochran Q test results 
revealed some heterogeneity among the included IVs; 
thus, the results of the random-effects IVW should be 
emphasized (Table 3).

Sensitivity analysis
A sensitivity analysis was conducted via the leave-one-
out method. The results indicate that the overall findings 
are not driven by any single SNP. Removing any indi-
vidual SNP does not substantially affect the outcomes, 
suggesting that the MR results in this study are robust 
(Fig. 5).

Reverse causality detection
Reverse MR-Egger suggested that all the identified 
plasma proteins had reliable directionality (P > 0.05). 
Reverse MR analysis also did not detect possible reverse 
confounding factors, revealing robust directionality 
(Tables 4 and 5).

The six lipid profiles and UACR
IVs
When the outcome variable was UACR, the final selec-
tion of IVs yielded 39 SNPs for TC, 226 SNPs for TG, 
51 SNPs for LDL-C, 62 SNPs for HDL-C, 224 SNPs 
for ApoA1, and 140 SNPs for ApoB. The MR-Egger 
regression intercepts were as follows: bTC = -0.0455 
(P = 0.5015), bTG = 0.0748 (P = 0.0497), bLDL−C = 0.0010 
(P = 0.9845), bHDL−C = -0.0910 (P = 0.0542), bApoA1 = 
-0.0340 (P = 0.3410), and bApoB = 0.1281 (P = 0.0140).
However, there was some evidence of pleiotropy 

for the SNPs associated with the UACR outcome 
(Table 6).

MR analysis
The regression results of the 3 methods are shown in 
Table 7 and Fig. 6. Model IVW revealed that (1) there was 
a causal association between TG (OR: 1.0607, 95% CI: 
1.0143–1.1093, P = 0.0098), HDL-C (OR: 0.9453, 95% CI: 
0.9053–1.9871, P = 0.0109), ApoB (OR: 1.0672, 95% CI: 
0.0070–1.1310, P = 0.0280) and UACR; and (2) there was 
no causal associations between TC, LDL-C, ApoA1 and 
UACR.

Heterogeneity test
Scatter plots and funnel plots are shown in Figs.  7 and 
8. The funnel plot indicates that all included SNPs are 
essentially symmetrical, suggesting that the causal 
effect inferred using SNPs as IVs is minimally affected 
by potential bias. However, the Cochran Q test results 
revealed some heterogeneity among the included IVs; 
thus, the results of the random-effects IVW should be 
emphasized (Table 8).

Sensitivity analysis
A sensitivity analysis was conducted via the leave-one-out 
method. The results indicate that the overall findings are 
not driven by any single SNP. Removing any individual 
SNP does not substantially affect the outcomes, suggest-
ing that the MR results in this study are robust (Fig. 9).

Reverse causality detection
Reverse MR-Egger suggested that all the identified 
plasma proteins had reliable directionality (P > 0.05). 
Reverse MR analysis also did not detect possible reverse 
confounding factors, revealing robust directionality 
(Tables 9 and 10).

Fig. 2 Causal effects of six lipid profile parameters on DN
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Discussion
In this study, we utilized MR models and GWAS data to 
systematically evaluate the causal relationships between 
six lipid parameters and DN as well as UACR. The results 
demonstrated causal relationships between TG, HDL-
C, and ApoA1 with DN and between TG, HDL-C, and 
ApoB with the UACR. Specifically, TG was positively 
associated with DN, whereas HDL-C and ApoA1 were 
negatively associated with DN. Furthermore, TG and 
ApoB were positively associated with the UACR, whereas 
HDL-C was negatively associated with the UACR. No 
causal relationships were identified between TC, LDL-C, 
or ApoB and DN or between TC, LDL-C, or ApoA1 and 
the UACR.

When TG levels exceed their storage capacity in adi-
pose tissue, they can exacerbate lipid deposition within 
the glomerulus, leading to inflammatory responses and 
oxidative stress (OS) that impair renal function. Addi-
tionally, elevated TG levels may induce the proliferation 

of glomerular basal cells and stimulate monocytes and 
macrophages within the glomerulus to produce foam 
cells, further aggravating glomerular damage and sclero-
sis and ultimately resulting in increased urinary albumin 
excretion [25]. The literature has reported that dysregu-
lated lipid metabolism within renal podocytes can cause 
podocyte dysfunction, leading to cytoskeletal remodel-
ling, inflammatory responses, and podocyte apoptosis, 
thereby affecting renal function [26]. Recent studies have 
also identified high TG levels as an independent risk fac-
tor for DN. Elevated TG levels increase the risk of DN 
and increase the UACR, showing a positive correlation 
with the occurrence of DN and the UACR [27, 28]. These 
findings align with the results of the present study, fur-
ther reinforcing the causal relationship between TG and 
both DN and UACR.

HDL-C can transport harmful substances such as 
LDL-C, TC, and TG deposited in the vascular intima 
to the liver for recirculation or excretion in the form of 

Fig. 3 Scatter plots of MR analysis for six lipid profile parameters. Panels A, B, C, D, E, and F correspond to TC, TG, LDL-C, HDL-C, ApoA1, and ApoB, 
respectively
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bile acids. Studies have shown that HDL-C possesses 
anti-inflammatory and antioxidant properties, which 
can reduce OS and inflammation, thereby protecting 
the kidneys. HDL-C can also bind with free cholesterol 
in the body to form esterified substances, reducing lipid 
deposition in renal podocytes, alleviating podocyte dys-
function, and subsequently inhibiting the onset and pro-
gression of renal vascular damage, thus offering renal 
protection [26].Multiple studies have shown that low 
levels of HDL-C can lead to the deposition of cholesterol 

and other lipids in renal podocytes and blood vessels, 
causing a decline in renal function and the occurrence 
of proteinuria. Low HDL-C is recognized as an inde-
pendent risk factor for DN and is negatively correlated 
with DN and the UACR, serving as a protective factor 
against these conditions [9, 29, 30]. Research findings 
suggest that sodium-glucose cotransporter 2 inhibitors 
(SGLT-2i) can protect renal function by increasing the 
concentration of HDL-C particles in circulating metabo-
lites, further corroborating the protective role of HDL-C 
in the kidneys [31]. This study further substantiates the 
causal relationship between HDL-C and both DN and the 
UACR.

ApoA1 is the primary structural and functional pro-
tein of HDL-C, accounting for approximately 65–70% of 
HDL-C protein content. It is the characteristic apolipo-
protein of HDL-C, and its levels are strongly positively 
correlated with HDL-C levels [32]. ApoA1 interacts with 
ATP-binding cassette transporter A1 (ABCA1) within 

Table 3 Cochran’s Q test results for six lipid profile parameters
Outcome Exposure Cochran Q result P-val
DN TC 64.406 0.7259

TG 422.663 0.0042
LDL-C 147.733 0.0003
HDL-C 116.138 0.0140
ApoA1 422.719 0.0063
ApoB 254.792 0.2038

Fig. 4 Funnel plots of MR  analysis for six lipid profile parameters.Panels A, B,  C, D, E, and F correspond to TC, TG, LDL-C, HDL-C, ApoA1, and ApoB, 
respectively.
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cells, facilitating the transport of cholesterol from the 
vascular wall back to the liver, where it is ultimately 
excreted as bile acid. The kidney, a crucial organ for cho-
lesterol metabolism, benefits from the role of ApoA1 
in reversing cholesterol transport, maintaining cellular 
cholesterol homeostasis within the kidney and prevent-
ing abnormal cholesterol accumulation, thereby helping 
to maintain normal UACR levels and protecting renal 
function. Moreover, ApoA1 possesses anti-inflamma-
tory properties, reducing inflammation-related kidney 

damage caused by lipid metabolism disorders and pre-
venting increases in the UACR. As a vital component 
of the glomerular filtration barrier, podocytes may also 
benefit from the ability of ApoA1 to regulate intracel-
lular lipid metabolism, mitigating podocyte injury and 
further protecting renal function [9]. Studies suggest 
that increasing HDL-C levels or enhancing ApoA1 func-
tionality has a protective effect on the kidneys [33, 34].
In this study, ApoA1 was found to be negatively associ-
ated with DN, but no causal relationship was identified 

Table 4 MR-Egger intercept test for DN
Exposure ID Outcome ID SNPs intercept term b P-val
DN ebi-a-GCST90018832 TC met-d-Total_C 15 -0.0126 0.1626

TG ieu-b-111 15 -0.0126 0.1626
LDL-C ieu-b-5089 14 -0.0047 0.6382
HDL-C ieu-b-4844 9 0.0182 0.2068
ApoA1 ieu-b-107 14 0.0045 0.5654
ApoB ieu-b-108 14 -0.0070 0.3169

Fig. 5 The results of the leave-one-out sensitivity analysis are shown in Panels A, B, C, D, E, and F, which correspond to TC, TG, LDL-C, HDL-C, ApoA1, and 
ApoB, respectively
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with UACR. This suggests that the negative association 
between ApoA1 and DN may indicate a protective role, 
while its lack of association with UACR implies a limited 
effect on early kidney damage.

ApoB is a key structural protein of atherogenic lipo-
proteins and is composed primarily of the two subunits 
ApoB100 and ApoB48. Its concentration serves as a bio-
logical marker for both macrovascular and microvascular 

Table 5 Regression results from three MR methods for DN
Outcome Exposure Method β SE OR(95%CI) P
TC DN MR-Egger -0.0126 0.0085 0.9875 (0.9712~1.0041) 0.1626

WME -0.0076 0.0054 0.9924 (0.9820~1.0029) 0.1535
IVW -0.0075 0.0056 0.9925 (0.9817~1.0034) 0.1784

TG MR-Egger -0.0141 0.0067 0.9860 (0.9731~0.9990) 0.0580
WME -0.0019 0.0030 0.9981 (0.9923~1.0039) 0.5128
IVW 0.0080 0.0067 1.0080 (0.9949~1.0213) 0.2332

LDL-C MR-Egger -0.0047 0.0097 0.9953 (0.9767~1.0143) 0.6382
WME -0.0040 0.0051 0.9960 (0.9860~1.0060) 0.4299
IVW -0.0063 0.0060 0.9938 (0.9821~1.0056) 0.3002

HDL-C MR-Egger 0.0182 0.0131 1.0184 (0.9926~1.0449) 0.2068
WME 0.0013 0.0086 1.0013 (0.9845~1.0184) 0.8811
IVW -0.0112 0.0113 0.9889 (0.9671~1.0111) 0.3229

ApoA1 MR-Egger 0.0045 0.0076 1.0045 (0.9897~1.0196) 0.5654
WME -0.0023 0.0029 0.9977 (0.9920~1.0034) 0.4273
IVW -0.0070 0.0055 0.9930 (0.9825~1.0037) 0.1994

ApoB MR-Egger -0.0071 0.0068 0.9930 (0.9799~1.0062) 0.3169
WME -0.0008 0.0029 0.9992 (0.9935~1.0049) 0.7872
IVW -0.0007 0.0045 0.9993 (0.9906~1.0081) 0.8738

Table 6 Intercept test of the MR-Egger regression model for six lipid profile parameters
Exposure ID Outcome ID SNPs Intercept term b P-value
TC met-d-Total_C Urinary albumin-to-creatinine ratio ieu-a-1107 39 -0.0455 0.5015
TG ieu-b-111 226 0.0748 0.0497
LDL-C ieu-b-5089 51 0.0010 0.9845
HDL-C ieu-b-4844 62 -0.0910 0.0542
ApoA1 ieu-b-107 224 -0.0340 0.3410
ApoB ieu-b-108 140 0.1281 0.0140

Table 7 Regression results of three MR methods for six lipid profile parameters
Outcome Exposure Method β SE OR(95%CI) P-val
UACR TC MR-Egger -0.0455 0.0670 0.9556 (0.8380~1.0896) 0.5015

WME 0.0343 0.0395 1.0349 (0.9577~1.1182) 0.3859
IVW 0.0294 0.0321 1.0299 (0.9670~1.0968) 0.3600

TG MR-Egger 0.0748 0.0379 1.0776 (1.0005~1.1607) 0.0497
WME 0.0394 0.0333 1.0402 (0.9745~1.1103) 0.2369
IVW 0.0590 0.0228 1.0607 (1.0143~1.1093) 0.0098

LDL-C MR-Egger 0.0010 0.0512 1.0010 (0.9054~1.1067) 0.9845
WME 0.0145 0.0423 1.0146 (0.9338~1.1024) 0.7325
IVW 0.0549 0.0324 1.0564 (0.9914~1.1257) 0.0901

HDL-C MR-Egger -0.0911 0.0464 0.9129 (0.8336~0.9998) 0.0542
WME -0.0596 0.0316 0.9421 (0.8855~1.0024) 0.0594
IVW -0.0562 0.0220 0.9453 (0.9053~1.9871) 0.0109

ApoA1 MR-Egger -0.0340 0.0356 0.9666 (0.9014~1.0365) 0.3410
WME -0.0092 0.0333 0.9908 (0.9282~1.0578) 0.7824
IVW -0.0249 0.0210 0.9754 (0.9360~1.0164) 0.2350

ApoB MR-Egger 0.1281 0.0515 1.1367 (1.0276~1.2573) 0.0140
WME 0.0498 0.0402 1.0511 (0.9714~1.1373) 0.2157
IVW 0.0651 0.0296 1.0672 (0.0070~1.1310) 0.0280
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Fig. 7 Scatter plots of MR analysis for six lipid profile parameters. Panels A, B, C, D, E, and F correspond to TC, TG, LDL-C, HDL-C, ApoA1, and ApoB, 
respectively

 

Fig. 6 Causal effects of six lipid profile parameters on UCAR
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complications of diabetes [35]. Elevated levels of ApoB 
can induce vascular damage in the kidneys, leading to 
hemodynamic changes that impair the renal blood sup-
ply and promote the development and progression of 
DN. Clinical studies have demonstrated the critical role 
of ApoB in DN. Existing cross-sectional studies indicate 
a positive correlation between elevated serum ApoB lev-
els and DN. Among various lipid parameters, the LDL-C/
ApoB ratio shows the strongest association with DN. 
A lower LDL-C/ApoB ratio significantly increases the 

risk of DN in patients with T2DM [36–38]. Prospective 
research further reveals that low estimated glomeru-
lar filtration rate (eGFR) is significantly associated with 
high levels of ApoB and its related lipoproteins [8].The 
mechanisms underlying ApoB’s involvement in the onset 
and progression of DN are complex and multifaceted. 
Elevated ApoB-containing lipoproteins exacerbate ath-
erosclerosis. When plasma LDL-C and very-low-density 
lipoprotein (VLDL) levels rise, the number of ApoB par-
ticles penetrating the arterial wall increases. These par-
ticles cannot diffuse back into circulation but instead 
interact with arterial wall proteoglycans, leading to lipid 
accumulation in the subendothelial space. This triggers 
oxidative stress and inflammatory responses, accelerat-
ing tissue damage. Moreover, high ApoB levels disrupt 
lipid metabolism, resulting in abnormal lipid deposition 
both within and outside the kidney. This lipid accumula-
tion induces oxidative stress and inflammation, impair-
ing podocyte function and compromising the integrity 

Table 8 Cochran’s Q test results for six lipid profile parameters
Outcome Exposure Cochran Q result P-val
UACR TC 52.110 0.0633

TG 309.772 0.0002
LDL-C 73.394 0.0172
HDL-C 75.926 0.0944
ApoA1 269.127 0.0187
ApoB 212.363 6.15 × 10− 5

Fig. 8 Funnel plots of MR analysis for six lipid profile parameters. Panels A, B, C, D, E, and F correspond to TC, TG, LDL-C, HDL-C, ApoA1, and ApoB, 
respectively
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of the glomerular filtration barrier, thereby leading to 
kidney injury and proteinuria. Elevated ApoB concen-
trations also heighten oxidative stress and inflammatory 
responses in glomerular endothelial cells and renal vascu-
lature. Arteriosclerosis in small and medium-sized blood 
vessels further contributes to declining eGFR and accel-
erates DN progression [36]. Additionally, ApoB100 exerts 
direct toxic effects on renal cells, leading to structural 
and functional damage. These mechanisms collectively 
underscore the pivotal role of ApoB in the pathogenesis 

of DN. A study has demonstrated that the inhibition of 
TGF-β can decrease lipoproteins binding affinity, thereby 
preventing renal ApoB accumulation [39]. Furthermore, 
studies have indicated that ApoB may be a risk factor for 
DN, with its levels showing a significant positive correla-
tion with the UACR [38, 40].

Previous studies have suggested that cholesterol accu-
mulation in podocytes plays a central role in podocyte 
injury and may be a risk factor for the development and 
progression of DN [25, 41]. Lipid-lowering therapy has 

Table 9 MR-Egger intercept test for UACR
Exposure ID Outcome ID SNPs intercept term b P-val
UACR ieu-a-1107 TC met-d-Total_C 7 0.2228 0.2655

TG ieu-b-111 7 -0.0667 0.7097
LDL-C ieu-b-5089 7 -0.0859 0.7226
HDL-C ieu-b-4844 6 -0.0631 0.8045
ApoA1 ieu-b-107 7 0.1963 0.2518
ApoB ieu-b-108 7 -0.0258 0.9071

Fig. 9 The results of the leave-one-out sensitivity analysis are shown in Panels A, B, C, D, E, and F, which correspond to TC, TG, LDL-C, HDL-C, ApoA1, and 
ApoB, respectively
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been shown to improve renal function and reduce pro-
teinuria [42]. A meta-analysis proposed that for every 
10 mg/dL increase in HDL-C, the risk of DN decreases by 
6%, while there is a clear linear dose‒response relation-
ship between TG levels and DN onset. However, LDL-C 
(63914 patients; 9 studies) and TC (26367 patients; 6 
studies) were not associated with DN incidence. The 
findings of this study corroborate these results, indicat-
ing that there was no causal relationship between TC or 
LDL-C and DN or UACR among the six lipid parameters 
analysed [43].Regrettably, the current KDIGO guidelines 
primarily focus on the use of statins to manage LDL-C 
levels in order to reduce cardiovascular events, with 
less emphasis on other lipid parameters [44, 45]. In the 
2024 edition of the Chinese Guidelines for the Preven-
tion and Treatment of Diabetes, for patients with DN, the 
use of SGLT-2i is recommended due to its cardiorenal 
benefits, aiming to delay the progression of nephropa-
thy and reduce the risk of cardiovascular mortality, and 
related animal studies also support this clinical applica-
tion [46]. Regarding the management of dyslipidemia, the 
guidelines also primarily advocate the use of statins, with 
fibrates considered for dose reduction in cases of mild 
to moderate renal insufficiency and contraindicated in 
severe renal insufficiency [47]. As a result, while existing 
guidelines prioritize the management of dyslipidemia to 
mitigate cardiovascular mortality risk, they tend to over-
look the influence of dyslipidemia on the progression of 
nephropathy in DN patients, especially the impact of tri-
glyceride abnormalities on renal function and UACR. It is 
imperative that future research explore the potential ben-
efits of modulating triglyceride levels in slowing the pro-
gression of nephropathy in DN patients at an early stage.

In summary, TG is a common risk factor for both DN 
and the UACR, and HDL-C is a common protective fac-
tor. ApoB has been identified as a risk factor for UACR 
but has no causal relationship with DN, whereas ApoA1 
is protective against DN and unrelated to UACR. TC and 
LDL-C have no causal relationship with either DN or the 
UACR. There is no evidence of reverse causality in any of 
these relationships. UACR is highly sensitive in the early 
stages of kidney injury and can reflect micro-damage to 
the renal tubules and glomeruli, making it of greater clin-
ical significance in the early stages of DN. The causal rela-
tionships between different lipids and UACR may reflect 
the varying roles of lipids at different stages of DN. In the 
early stages of kidney injury, lipid profiles may affect the 
function of the renal tubules or glomeruli, leading to the 
leakage of urinary albumin and, consequently, impacting 
UACR. However, in the later stages of kidney injury, the 
effects of lipids may be overshadowed by other factors, 
such as blood glucose levels, blood pressure, and inflam-
matory responses. The relationship between TG, ApoB, 
and UACR offers potential targets for early interven-
tion in DN, while increasing HDL-C and ApoA1 levels 
may help slow the progression of DN. Further research 
should explore the mechanisms of HDL-C, ApoA1, and 
ApoB at different stages of DN, and investigate whether 
these markers can serve as new therapeutic targets for 
slowing or reversing the onset of DN. In clinical prac-
tice, treatment strategies may vary slightly depending on 
abnormal lipid parameters. For patients with high TG 
levels, dietary control, increased physical activity, and, if 
necessary, the use of fibrates are recommended [48]. For 
patients with low HDL-C, smoking cessation, moderate 
alcohol intake [49], and, if appropriate, the use of niacin 

Table 10 Regression results from three MR methods for UACR
Outcome Exposure Method β SE OR(95%CI) P
TC UACR MR-Egger 0.2228 0.1778 1.2496 (0.8819~1.7706) 0.2655

WME -0.0623 0.0590 0.9396 (0.8369~1.0548) 0.2910
IVW -0.0584 0.0445 0.9433 (0.8644~1.0293) 0.1898

TG MR-Egger -0.0667 0.1693 0.9354 (0.6713~1.3035) 0.7097
WME -0.0172 0.0343 0.9829 (0.9190~1.0513) 0.6155
IVW -0.0327 0.0389 0.9678 (0.8968~1.0445) 0.4003

LDL-C MR-Egger -0.0859 0.2287 0.9177 (0.5862~1.4366) 0.7226
WME -0.0543 0.0505 0.9471 (0.8579~1.0456) 0.2819
IVW -0.0139 0.0529 0.9862 (0.8890~1.0939) 0.7923

HDL-C MR-Egger -0.0631 0.2386 0.9389 (0.5881~1.4987) 0.8045
WME -0.0013 0.0752 0.9987 (0.8617~1.1574) 0.9859
IVW 0.0059 0.0573 1.0059 (0.8990~1.1255) 0.9186

ApoA1 MR-Egger 0.1963 0.1515 1.2168 (0.9042~1.6376) 0.2518
WME 0.0352 0.0341 1.0358 (0.9689~1.1074) 0.3019
IVW 0.0072 0.0400 1.0072 (0.9313~1.0893) 0.8579

ApoB MR-Egger -0.0258 0.2104 0.9745 (0.6452~1.4719) 0.9072
WME -0.0128 0.0308 0.9872 (0.9294~1.0487) 0.6772
IVW -0.0124 0.0481 0.9876 (0.8988~1.0852) 0.7959
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may be considered. For patients with low ApoA1, since 
ApoA1 is positively correlated with HDL-C, strategies to 
increase ApoA1 are similar to those for increasing HDL-
C. For patients with high ApoB levels, statins should be 
prioritized, and combination therapy with other lipid-
lowering medications may be considered when necessary.

This study employs Mendelian randomization (MR) to 
elucidate the causal relationship between lipids and dia-
betic nephropathy (DN) from a genetic perspective, pro-
viding a deeper understanding of this association. While 
previous research has primarily focused on the effects of 
blood glucose and blood pressure on DN, our findings 
emphasize the significant role of lipid-related indicators 
in the onset and progression of the disease. By clarify-
ing treatment strategies targeting abnormal lipid param-
eters, this study offers new insights for clinical practice 
and holds the potential to improve treatment outcomes 
for DN. Finally, the study has several limitations. The 
development of DN is influenced by multiple factors, 
including not only lipid metabolism but also long-term 
hyperglycemia, hypertension, and renal tubular damage. 
Therefore, the relationship between lipid parameters and 
DN or UACR may be influenced by these factors, and 
focusing solely on lipid parameters may not fully reveal 
the lipid metabolic aspects of DN. Moreover, the data 
for both exposure factors and outcome variables were 
derived from GWAS datasets, predominantly involving 
European populations. Given the differences in genetic 
variation frequencies and distributions across ethnic 
groups, as well as environmental, lifestyle, and medical 
practice differences between regions, the results may be 
influenced by ethnic differences. How to apply these find-
ings to other populations and analyze them across dif-
ferent groups is an important issue to address in future 
research.This study presents overlapping CIs, which may 
be attributed to the small sample size, which might not 
have been sufficient to accurately differentiate between 
group differences, or the presence of uncontrolled con-
founding factors that interfered with the results. In the 
future, increasing the sample size or adopting more rig-
orous experimental designs to control confounding fac-
tors could help more accurately assess the significance of 
the results.

Conclusion
The importance of lipid homeostasis in DN has long 
been recognized. Lipid metabolism disorders can partici-
pate in the occurrence and development of DN through 
mechanisms such as inflammation, OS, and autophagy 
[50], which are reflected mainly in increases in TG and 
LDL-C and decreases in HDL-C. We used MR to reduce 
the impact of confounding factors and reverse causality 
and verified that the mechanisms involved in the pro-
gression of DN due to lipid metabolism disorders include 

inflammation, OS, and podocyte apoptosis while further 
clarifying the key factors affecting DN and the UACR. 
Our findings indicate that regulating lipid metabolism 
disorders can control the progression of DN at an early 
stage, which may help reduce the mortality rate of DN 
patients. Our study fills the gap in the research on the 
relationship between DN and lipid metabolism, reveal-
ing that lipid metabolism may play distinct roles at dif-
ferent stages of kidney injury. The association between 
TG, ApoB, and UACR provides potential targets for early 
intervention in DN. Furthermore, increasing HDL-C and 
ApoA1 levels may help slow the progression of DN. In 
the future, greater attention should be paid to the role of 
lipid management in the early intervention of DN. Fur-
ther studies are needed to explore the specific mecha-
nisms underlying these lipid features at various stages of 
DN, and to determine whether fibrates can improve kid-
ney lesions in DN patients at an early stage, which would 
have significant implications for managing dyslipidemia 
comorbidities and the early prevention and treatment of 
DN.
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