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Abstract 
Background: Gastric cancer (GC) is a major global health concern, and understanding its etiology is crucial 

for developing effective prevention strategies. Metabolites, as key intermediates in metabolic pathways, may 

play a significant role in cancer development. This study employs a Mendelian randomization approach to 

explore the causal relationship between circulating metabolic biomarkers and the risk of gastric cancer. 

Methods: An extensive two-sample MR analysis was enrolled in this study. Briefly, the publicly available 

genetic data were utilized for investigation of the causal association between 233 metabolites and GC; the 

inverse variance weighted (IVW) model and weighted medians were employed for MR analyses; and 

sensitivity analyses were adopted for heterogeneity and pleiotropy assessments. 

Results: Our analysis revealed a total of 49 circulating metabolic biomarkers associated with GC. Of them, 

Cholesteryl esters to total lipids ratio in large HDL [odds ratio (OR) = 1.850, 95% confidence interval (CI) = 

1.264– 2.709, P adjusted (P_FDR) = 0.010], Free cholesterol to total lipids ratio in medium LDL (OR = 

1.621, 95% CI=1.222–2.150, P_FDR = 0.008), Phospholipids to total lipids ratio in medium LDL (OR = 

1.556, 95% CI= 1.193 – 2.030, P_FDR= 0.008), Total cholesterol levels in small HDL (OR = 0.472, 95% 

CI= 0.302 – 0.739, P_FDR= 0.008), Cholesterol esters in small HDL (OR = 0.574, 95% CI= 0.391 – 0.843, 

P_FDR= 0.024),  and Phospholipids to total lipids ratio in large HDL (OR = 0.580, 95% CI= 0.416 – 0.809, 

P_FDR= 0.009) were strongly associated with GC. Notably, Cholesteryl esters to total lipids ratio in large 

HDL, Free cholesterol to total lipids ratio in medium LDL, and Phospholipids to total lipids ratio in medium 

LDL were linked to increased risk factors of GC, while Total cholesterol levels in small HDL, Phospholipids 

to total lipids ratio in large HDL, Cholesterol esters in small HDL, and Phospholipids to total lipids ratio in 

large HDL are the protective factor of GC. 

Conclusion: This study provides evidence for a causal relationship between circulating metabolic 

biomarkers and gastric cancer, emphasizing the importance of metabolic factors in cancer etiology. Our 

findings contribute to the understanding of gastric cancer mechanisms and may inform future research on 

prevention and treatment strategies. Further studies are warranted to validate these associations and explore 
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the underlying biological mechanisms. 

Keywords: Gastric cancer, circulating metabolic biomarkers, Mendelian randomization, UK Biobank, 

GWAS. 

Introduction  

Gastric cancer remains one of the leading causes 

of cancer-related morbidity and mortality 

worldwide, with complex etiological factors 

contributing to its development. With over 1 

million estimated new cases annually, gastric 

cancer is the fifth most 

diagnosed malignancy worldwide [1]. Among 

these factors, metabolites—small molecules 

involved in metabolic processes have garnered 

increasing attention for their potential role in 

cancer pathogenesis. Understanding the 

relationship between metabolites and gastric 

cancer can provide insights into the underlying 

mechanisms of the disease and identify potential 

biomarkers for early detection and intervention 

[2]. 

Recent advances in genetic research have enabled 

the application of Mendelian randomization (MR) 

as a powerful tool to investigate causal 

relationships between exposures (such as 

metabolites) and health outcomes (such as gastric 

cancer) [3, 4]. Unlike traditional observational 

studies, MR leverages genetic variants as 

instrumental variables, helping to mitigate 

confounding factors and reverse causation. This 

approach allows for a more robust assessment of 

whether metabolites truly influence the risk of 

developing gastric cancer [5]. 

In this study, we aim to elucidate the causal 

relationship between 233 circulating metabolic 

biomarkers and the risk of gastric cancer using a 

Mendelian randomization framework. By 

analyzing genetic data and metabolomic profiles 

from large population cohorts, we seek to clarify 

whether certain circulating metabolic biomarkers 

are causally linked to gastric cancer development. 

Our findings have the potential to contribute to the 

growing body of literature on the metabolic 

aspects of cancer and may pave the way for novel 

preventive strategies and therapeutic targets in the 

fight against gastric cancer. 

2 Materials and methods 

2.1 Study design 

The cause-and-effect relationship between 233 

types of circulating metabolic biomarkers and 

gastric cancer was assessed using two-sample MR 

analyses. MR leveraged genetic variations as 

proxies for risk factors. For ensuring reliable 

causal inference, instrumental variables (IVs) 

applied in MR must meet three key assumptions 

as follows: (1) There must be a direct association 

between the genetic variation and the exposure; 

(2) The genetic variant should not be linked to any 

potential confounders that existed between the 

exposure and the outcome; (3) The influence of 

the genetic variation on the outcome must occur 

exclusively through the exposure, avoiding 

alternative pathways (Figure 1). 

 

https://www.sciencedirect.com/topics/medicine-and-dentistry/cancer
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Figure 1. Study Design Flowchart. The initial assumption is that the instrument variables have a 

strong correlation with the exposure. The second assumption states that the instrument variables are 

not linked to any confounding factors. The third assumption asserts that the instrument variables 

affect the outcome exclusively through the exposure. 

 

2.2 Data sources for exposure and outcome 

The statistics summary of Genome-Wide 

Association Study (GWAS) data for each 

circulating metabolic biomarkers is publicly 

available from the European GWAS catalogue 

(https://www.ebi.ac.uk/gwas) (accession number: 

GCST90301941–GCST90302173) [6]. Cancer-

specific keywords were applied to search relevant 

data for gastric cancer was downloaded from UK 

Biobank database (https://pheweb.org/UKB-

SAIGE/). To be specific, ukb-saige-151 was 

selected for GC identification screening. Referring 

to the ID of each cancer, related data were 

downloaded from UK biobank 

(https://pheweb.org/UKB-SAIGE/) including 

393926 European individuals (n = 554 case 

patients and 475,308 control participants) for GC, 

and 233 circulating metabolic biomarkers were 

downloaded from GWAS catalogue 

(https://www.ebi.ac.uk/gwas) including 136,016 

European individuals. Finally, the relationship 

between circulating metabolic biomarkers and 

gastric cancer was analyzed. 

2.3 Instrument selection 

Considering the extensive number of single-

nucleotide polymorphisms (SNPs) demonstrating 

genome-wide significance (p < 5 × 10^-8) for 

circulating metabolic biomarkers traits, we 

implemented more stringent correlation thresholds 

(p < 5 × 10^-9) for the selection of genetic IVs. 

These IVs were identified by grouping them 

according to the reference panel of the Linkage 

Disequilibrium (LD) from the 1000 Genomes 

Project, with a threshold of R^2 < 0.001 at a 

distance of 1,000 kilobases (kb). Owing to the 

relatively limited size of the GWAS data for 

circulating metabolic biomarkers, we employed a 

p-value cutoff of 5 × 10^-8 and a less significant 

clustering threshold (R2 < 0.001 at a distance of 

1000 kb) [7]. To ensure the reliability of our tools, 

IVs with F-statistics exceeding 10 were selected 

and identified as strong instruments for 

subsequent analyses. Then, these IVs were 

extracted from the summary statistics pertaining 

to gastric cancer outcome, excluding any that 

showed potential pleiotropic effects (p < 10^-5) 

on gastric cancer, in line with methodologies from 

https://www.ebi.ac.uk/gwas/
https://pheweb.org/UKB-SAIGE/
https://pheweb.org/UKB-SAIGE/
https://pheweb.org/UKB-SAIGE/
https://www.ebi.ac.uk/gwas/
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previous studies [8]. To maintain consistency in 

our analysis, the SNPs between the exposure and 

outcome datasets were synchronized to ensure 

uniform effect estimates for the same effect allele 

[7]. 

 

2.4 Statistical analysis 

In our study, a range of genetic variants were 

employed as IVs, rather than relying solely on an 

allele score. This approach was chosen to 

thoroughly examine key assumptions, uncover 

potential pleiotropy, and facilitate more effective 

sensitivity and multivariable MR analyses [9]. 

Four distinct MR methodologies, including the 

inverse variance weighted (IVW; random-effects 

model), weighted median, MR-Egger, and MR-

pleiotropy residual sum and outlier (PRESSO), 

were utilized to assess the consistency of our 

findings under different assumptions about 

heterogeneity and pleiotropy. The IVW method, 

employing a random-effects model, served as the 

primary analysis framework for all four sets of 

IVs. As for heterogeneity, it was quantified using 

Cochran’s Q statistic. 

Our study also included analyses with more 

stringent conditions. Under the assumption that all 

genetic variants were valid, the IVW method may 

be biased if a significant number of SNPs were 

affected by horizontal pleiotropy [10]. 

Conversely, the weighted median approach, 

effective when less than 50% of variants exhibited 

horizontal pleiotropy, presumed that most genetic 

variants were valid [11]. In cases where over 50% 

of variants were affected by horizontal pleiotropy, 

the strength of our genetic instruments was 

evaluated through F statistics, considering a mean 

F-statistic of less than 10 indicative of weak IVs 

[12].  

Furthermore, the MR-Egger method was applied 

to assess potential directional pleiotropy. Here, a 

significant intercept would indicate a violation of 

IV assumptions, suggesting directional pleiotropy 

[13]. Also, the MR-PRESSO method was 

implement to minimize heterogeneity in causal 

effect estimates by excluding disproportionately 

influential SNPs (NbDistribution = 1,500) [14]. In 

addition, Steiger-filtering analyses were 

conducted to detect and eliminate genetic variants 

more strongly associated with the outcome than 

the exposure, indicating possible reverse causality 

[15]. All statistical analyses were performed using 

R version 4.3.1 (R Foundation) and specific R 

packages (―TwoSampleMR‖ and ―MR‖) tailored 

for MR analysis [16, 17].  

3 Results 

To assess the causal impact of various circulating 

metabolic biomarkers on GC, the IVW method 

was employed for a two-sample MR analysis. The 

assessment results showed that 49 circulating 

metabolic biomarkers were association with GC 

(Figure 2), highlighting some of the strongest 

associations. Briefly, the GC risk was strongly 

associated with Cholesteryl esters to total lipids 

ratio in large HDL [odds ratio (OR) = 1.850, 95% 

confidence interval (CI) = 1.264– 2.709, P_FDR= 

0.010], Free cholesterol to total lipids ratio in 

medium LDL (OR = 1.621, 95% CI=1.222–2.150, 

P_FDR = 0.008), Phospholipids to total lipids 

ratio in medium LDL (OR = 1.556, 95% CI= 

1.193 – 2.030, P_FDR= 0.008), Total cholesterol 

levels in small HDL (OR = 0.472, 95% CI= 0.302 

– 0.739, P_FDR= 0.008), Cholesterol esters in 

small HDL (OR = 0.574, 95% CI= 0.391 – 0.843, 

P_FDR= 0.024),  and Phospholipids to total lipids 

ratio in large HDL (OR = 0.580, 95% CI= 0.416 – 

0.809, P_FDR= 0.009) (Figure 3). Furthermore, a 

sensitivity analysis was performed. No 

heterogeneity was observed, with significant 

results from Cochran’s Q test (P >0.05), the causal 

estimates remained robust when analyzed using 

the random-effects inverse variance weighting 

(IVW) model (Table SI). The P-values for the 

MR-Egger intercept were above 0.05, indicating 

no significant pleiotropic effects (Table SII). 

Additionally, we further evaluated the data using 

scatter plots (Fig. 4A-F), funnel plots (Fig. 5A-F), 

and leave-one-out plots (Fig. 6A-F), which helped 

to eliminate the potential influence of outliers and 

horizontal pleiotropy on the identified circulating 

metabolic biomarkers. 
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Figure 2. The causal association between all circulating metabolic biomarkers and Gastric cancer 

(GC). We selected Inverse variance weighted (IVW) as a primary method p<0.05 showed statistically 

significant; OR value >1 indicated a risk factor, while OR value <1 indicated a protective factor. 
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Figure 3. The causal association between six circulating metabolic biomarkers and Gastric cancer 

(GC). We selected Inverse variance weighted (IVW) as a primary method p<0.05 showed statistically 

significant; OR value >1 indicated a risk factor, while OR value <1 indicated a protective factor. 

 

Table SI The heterogeneity of causal association between all circulating metabolic biomarkers and 

Gastric cancer (GC). The p-values for the Cochran's Q yielded were above 0.05, suggesting that no 

significant heterogeneity effects were found. 
exposure method Q Q_

df 

Q_pval 

Cholesteryl esters to total lipids ratio 

in large HDL 

MR Egger 42.4497

7805 

44 0.53819325

3 

Cholesteryl esters to total lipids ratio 

in large HDL 

Inverse variance 

weighted 

42.9238

4447 

45 0.56028271

8 

Free cholesterol to total lipids ratio in 

medium LDL 

MR Egger 76.8045

4528 

74 0.38883876

1 

Free cholesterol to total lipids ratio in 

medium LDL 

Inverse variance 

weighted 

76.9165

2255 

75 0.41702000

3 

Phospholipids to total lipids ratio in 

medium LDL 

MR Egger 62.1161

9353 

72 0.79057695

2 

Phospholipids to total lipids ratio in 

medium LDL 

Inverse variance 

weighted 

62.9916

265 

73 0.79207313

1 

Total cholesterol levels in small HDL MR Egger 33.0048

3538 

34 0.51624253

3 

Total cholesterol levels in small HDL Inverse variance 

weighted 

33.0989

7774 

35 0.56013513 

Cholesterol esters in small HDL MR Egger 35.7872

5584 

41 0.70108388

6 

Cholesterol esters in small HDL Inverse variance 

weighted 

35.9909

0877 

42 0.73108282

3 

Apolipoprotein B levels MR Egger 89.5286

9696 

83 0.29271862

7 

Apolipoprotein B levels Inverse variance 

weighted 

89.5556

2033 

84 0.31892356

8 

Esterified cholesterol levels MR Egger 74.9189

4175 

82 0.69750397

2 

Esterified cholesterol levels Inverse variance 

weighted 

74.9315

6255 

83 0.72426361

1 

Total Cholesterol in IDL MR Egger 89.1316

1559 

84 0.33020997

1 

Total Cholesterol in IDL Inverse variance 

weighted 

89.2353

6511 

85 0.35548821

8 

Cholesterol esters in IDL MR Egger 84.6586 82 0.39845345
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Cholesterol esters in IDL Inverse variance 

weighted 

84.6598

4394 

83 0.42870678

6 

Free cholesterol in IDL MR Egger 95.4877

4092 

90 0.32618518

3 

Free cholesterol in IDL Inverse variance 

weighted 

95.5012

2559 

91 0.35288335

5 

Total lipids in IDL MR Egger 72.7561

5322 

81 0.73178122 

Total lipids in IDL Inverse variance 

weighted 

72.7733

215 

82 0.75704798

5 

Concentration of IDL particles MR Egger 62.8979

1614 

78 0.89307594

4 

Concentration of IDL particles Inverse variance 

weighted 

62.9041

0012 

79 0.90750226 

Phospholipids in IDL MR Egger 75.1652

37 

81 0.66172911

9 

Phospholipids in IDL Inverse variance 

weighted 

75.2274

6723 

82 0.68853247

9 

Total cholesterol levels in LDL MR Egger 68.5209

8135 

81 0.83713580

5 

Total cholesterol levels in LDL Inverse variance 

weighted 

68.5935

2473 

82 0.85479803

7 

Phospholipids to total lipids ratio in 

large HDL 

MR Egger 42.4790

8362 

45 0.57933012

9 

Phospholipids to total lipids ratio in 

large HDL 

Inverse variance 

weighted 

42.8027

7804 

46 0.60695820

5 

Total cholesterol in large LDL MR Egger 74.3313

1529 

81 0.68661416

7 

Total cholesterol in large LDL Inverse variance 

weighted 

74.7020

6495 

82 0.70375486

2 

Total cholesterol to total lipids ratio 

in large LDL 

MR Egger 81.8635

7647 

67 0.10449134

2 

Total cholesterol to total lipids ratio 

in large LDL 

Inverse variance 

weighted 

83.3151

9299 

68 0.09990418 

Cholesterol esters in large LDL MR Egger 71.9952

0301 

81 0.75258092

2 

Cholesterol esters in large LDL Inverse variance 

weighted 

72.0737

0631 

82 0.77522650

4 

Cholesteryl esters to total lipids ratio 

in large LDL 

MR Egger 53.5918

2159 

61 0.73856315

8 

Cholesteryl esters to total lipids ratio 

in large LDL 

Inverse variance 

weighted 

53.6367

2986 

62 0.76642810

7 

Free cholesterol in large LDL MR Egger 82.6369

1431 

80 0.39789013

2 

Free cholesterol in large LDL Inverse variance 

weighted 

82.6824

0117 

81 0.42716484

4 
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Total lipids in large LDL MR Egger 77.4125

2552 

83 0.65237328

8 

Total lipids in large LDL Inverse variance 

weighted 

77.8276

5995 

84 0.66880369

1 

Concentration of large LDL particles MR Egger 76.1073

7256 

80 0.60253911

4 

Concentration of large LDL particles Inverse variance 

weighted 

76.4996

1796 

81 0.62084371

4 

Phospholipids in large LDL MR Egger 70.4135

1132 

81 0.79332944

9 

Phospholipids in large LDL Inverse variance 

weighted 

70.4383

3473 

82 0.81497831 

Phospholipids to total lipids ratio in 

large LDL 

MR Egger 74.9492

4705 

80 0.63870741

4 

Phospholipids to total lipids ratio in 

large LDL 

Inverse variance 

weighted 

76.5147

274 

81 0.62037469

6 

Total cholesterol in medium LDL MR Egger 64.7292

2211 

74 0.77065260

4 

Total cholesterol in medium LDL Inverse variance 

weighted 

64.8315

1336 

75 0.79273469

4 

Total cholesterol to total lipids ratio 

in medium LDL 

MR Egger 68.4176

9825 

61 0.24011164

4 

Total cholesterol to total lipids ratio 

in medium LDL 

Inverse variance 

weighted 

70.0377

3372 

62 0.22600231

6 

Cholesterol esters in medium LDL MR Egger 61.2051

5404 

73 0.83604234 

Cholesterol esters in medium LDL Inverse variance 

weighted 

61.2606

0196 

74 0.85507853

6 

Cholesteryl esters to total lipids ratio 

in medium LDL 

MR Egger 53.8624

9046 

59 0.66477812

8 

Cholesteryl esters to total lipids ratio 

in medium LDL 

Inverse variance 

weighted 

53.9400

3977 

60 0.69552327

7 

Free cholesterol in medium LDL MR Egger 73.1179

7131 

78 0.63519700

6 

Free cholesterol in medium LDL Inverse variance 

weighted 

74.4611

3361 

79 0.62358984

7 

Total lipid levels in medium LDL MR Egger 68.3019

6849 

80 0.82141346

6 

Total lipid levels in medium LDL Inverse variance 

weighted 

68.5463

3771 

81 0.83658699

2 

Concentration of medium LDL 

particles 

MR Egger 66.3157

2603 

79 0.84494747

2 

Concentration of medium LDL 

particles 

Inverse variance 

weighted 

66.3931

9944 

80 0.86215437

3 

Phospholipids in medium LDL MR Egger 64.3452

5189 

76 0.82732839

1 

Phospholipids in medium LDL Inverse variance 64.7866 77 0.83821153
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Remnant cholesterol (non-HDL, non-

LDL -cholesterol) 

MR Egger 86.4708

7818 

78 0.23945688

4 

Remnant cholesterol (non-HDL, non-

LDL -cholesterol) 

Inverse variance 

weighted 

86.4832

3978 

79 0.26428998

1 

Serum total cholesterol levels MR Egger 72.7776

5361 

79 0.67552698

6 

Serum total cholesterol levels Inverse variance 

weighted 

72.7811

9403 

80 0.70391154

1 

|| id:ebi-cfb233-GCST90302091 MR Egger 64.5406

1437 

80 0.89571961

9 

Total Cholesterol in small LDL Inverse variance 

weighted 

65.6364

2013 

81 0.89248509

3 

Total cholesterol to total lipids ratio 

in small LDL 

MR Egger 72.5423

9956 

66 0.27117963

3 

Total cholesterol to total lipids ratio 

in small LDL 

Inverse variance 

weighted 

73.3462

0741 

67 0.27792767

8 

Cholesterol esters in small LDL MR Egger 60.5344

1275 

74 0.87001501

9 

Cholesterol esters in small LDL Inverse variance 

weighted 

60.8073

343 

75 0.88216035

5 

Cholesteryl esters to total lipids ratio 

in small LDL 

MR Egger 60.3672

265 

65 0.63965231

7 

Cholesteryl esters to total lipids ratio 

in small LDL 

Inverse variance 

weighted 

60.5604

7837 

66 0.66590905

9 

Free cholesterol in small LDL MR Egger 75.0737

8374 

76 0.50848519

6 

Free cholesterol in small LDL Inverse variance 

weighted 

75.2417

2368 

77 0.53542790

3 

Free cholesterol to total lipids ratio in 

small LDL 

MR Egger 69.5782

7875 

75 0.65506092

1 

Free cholesterol to total lipids ratio in 

small LDL 

Inverse variance 

weighted 

70.7844

0022 

76 0.64754557

4 

Total lipids in small LDL MR Egger 69.6536

7027 

80 0.78895767

4 

Total lipids in small LDL Inverse variance 

weighted 

69.9395

0919 

81 0.80483030

7 

Concentration of small LDL particles MR Egger 70.8929

4693 

81 0.78135377

5 

Concentration of small LDL particles Inverse variance 

weighted 

70.8938

7906 

82 0.80430894

5 

Phospholipids in small LDL MR Egger 69.7592

6326 

79 0.76187400

4 

Phospholipids in small LDL Inverse variance 

weighted 

70.0390

3376 

80 0.77919123

7 

Phospholipids to total lipids ratio in 

small LDL 

MR Egger 58.1918

2376 

73 0.89682039

6 
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Phospholipids to total lipids ratio in 

small LDL 

Inverse variance 

weighted 

58.9588

1144 

74 0.89900759

4 

Cholesterol esters in small VLDL MR Egger 88.7109

1594 

73 0.10178395 

Cholesterol esters in small VLDL Inverse variance 

weighted 

88.9174

5014 

74 0.11385265

5 

Total cholesterol in very small VLDL MR Egger 68.3658

7262 

70 0.5329576 

Total cholesterol in very small VLDL Inverse variance 

weighted 

68.4087

4656 

71 0.56513519

9 

Cholesterol esters in very small 

VLDL 

MR Egger 65.6355

3453 

65 0.45460886

6 

Cholesterol esters in very small 

VLDL 

Inverse variance 

weighted 

65.6365

2264 

66 0.48946943

3 

Total lipids in very small VLDL MR Egger 89.9321

5258 

79 0.18806808

1 

Total lipids in very small VLDL Inverse variance 

weighted 

90.0178

3484 

80 0.20800819

8 

Phospholipids in very small VLDL MR Egger 70.1744

1897 

85 0.87675194

7 

Phospholipids in very small VLDL Inverse variance 

weighted 

70.5633

2268 

86 0.88575073 

 

Table SII The pleiotropy of causal association between all metabolites and Gastric cancer (GC). The 

p-values for the MR-Egger intercept were above 0.05, suggesting that no significant pleiotropy effects 

were found. 

 
exposure egger_intercept se pval 

Cholesteryl esters to total lipids ratio in large HDL -0.012524063 0.018189705 0.494736844 

Free cholesterol to total lipids ratio in medium LDL 0.004594276 0.013987168 0.743488785 

Phospholipids to total lipids ratio in medium LDL 0.012192473 0.013031079 0.352583258 

Total cholesterol levels in small HDL 0.006224478 0.020286655 0.760846948 

Cholesterol esters in small HDL 0.00782642 0.017342745 0.654166329 

Apolipoprotein B levels 0.002081163 0.013172966 0.874850419 

Esterified cholesterol levels 0.001434179 0.012766153 0.910826554 

Total Cholesterol in IDL 0.003948071 0.012626068 0.755289641 

Cholesterol esters in IDL 0.000438586 0.012857728 0.972871796 

Free cholesterol in IDL 0.001377397 0.012217752 0.910489889 

Total lipids in IDL -0.001628814 0.012431057 0.89607823 

Concentration of IDL particles 0.00101797 0.012944967 0.937521747 

Phospholipids in IDL -0.003082423 0.012356389 0.803636599 

Total cholesterol levels in LDL -0.003268732 0.012136137 0.78835391 

Phospholipids to total lipids ratio in large HDL -0.009738335 0.017116584 0.572224701 

Total cholesterol in large LDL -0.007507384 0.012329579 0.544299865 

Total cholesterol to total lipids ratio in large LDL 0.015922169 0.01460778 0.279627268 

Cholesterol esters in large LDL 0.003448235 0.012307018 0.78005035 

Cholesteryl esters to total lipids ratio in large LDL -0.003049406 0.014389713 0.832879275 
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Free cholesterol in large LDL -0.00259587 0.012370352 0.834321276 

Total lipids in large LDL -0.007853429 0.012188913 0.521151574 

Concentration of large LDL particles -0.007743603 0.012364146 0.53290447 

Phospholipids in large LDL 0.001944683 0.012342922 0.875199964 

Phospholipids to total lipids ratio in large LDL 0.016150842 0.012908369 0.214511174 

Total cholesterol in medium LDL -0.004101862 0.012825129 0.749998418 

Total cholesterol to total lipids ratio in medium LDL 0.01742318 0.014497211 0.234074598 

Cholesterol esters in medium LDL -0.003045577 0.012933826 0.814500335 

Cholesteryl esters to total lipids ratio in medium 

LDL 

0.003998034 0.014356796 0.781620085 

Free cholesterol in medium LDL -0.01445959 0.01247647 0.250012887 

Total lipid levels in medium LDL -0.006232562 0.012607917 0.622422826 

Concentration of medium LDL particles -0.003503637 0.012587596 0.78147826 

Phospholipids in medium LDL 0.008746417 0.013164892 0.508461496 

Remnant cholesterol (non-HDL, non-LDL -

cholesterol) 

0.001600828 0.015159852 0.916173554 

Serum total cholesterol levels 0.000781469 0.013133613 0.952702976 

Total Cholesterol in small LDL -0.013036399 0.012453483 0.298340917 

Total cholesterol to total lipids ratio in small LDL 0.011675254 0.013652564 0.395551186 

Cholesterol esters in small LDL -0.006669143 0.012765891 0.602939185 

Cholesteryl esters to total lipids ratio in small LDL -0.005994685 0.013636549 0.661681929 

Free cholesterol in small LDL -0.005339637 0.013029709 0.683102008 

Free cholesterol to total lipids ratio in small LDL 0.014480837 0.013185547 0.275614853 

Total lipids in small LDL -0.006876018 0.012861047 0.594382302 

Concentration of small LDL particles 0.000380897 0.012475827 0.975718822 

Phospholipids in small LDL 0.006897335 0.013040083 0.598334716 

Phospholipids to total lipids ratio in small LDL 0.011362656 0.012974352 0.384023199 

Cholesterol esters in small VLDL 0.006721372 0.016303808 0.681358624 

Total cholesterol in very small VLDL 0.003063268 0.01479409 0.836563975 

Cholesterol esters in very small VLDL 0.000480099 0.015347618 0.975140751 

Total lipids in very small VLDL -0.004000345 0.014581289 0.784533467 

Phospholipids in very small VLDL 0.007821334 0.012541797 0.534546179 
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Figure 4. Scatter plot showing the relationship of six circulating metabolic biomarkers with the risk of 

Gastric cancer (GC). (A) Cholesteryl esters to total lipids ratio in large HDL in GC. (B) Free 

cholesterol to total lipids ratio in medium LDL in GC. (C) Phospholipids to total lipids ratio in 

medium LDL in GC. (D) Total cholesterol levels in small HDL in GC. (E) Cholesterol esters in small 

HDL in GC. (F) Phospholipids to total lipids ratio in large HDL in GC. 
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Figure 5. Funnel plot showing instrumental variables for each significant causal association between 

six circulating metabolic biomarkers and GC. ((A) Cholesteryl esters to total lipids ratio in large HDL 

in GC. (B) Free cholesterol to total lipids ratio in medium LDL in GC. (C) Phospholipids to total 

lipids ratio in medium LDL in GC. (D) Total cholesterol levels in small HDL in GC. (E) Cholesterol 

esters in small HDL in GC. (F) Phospholipids to total lipids ratio in large HDL in GC. 
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Figure 6. Leave-one-out plot showing the genetic associations of six circulating metabolic biomarkers 

with the risk of GC. (A) Cholesteryl esters to total lipids ratio in large HDL in GC. (B) Free 

cholesterol to total lipids ratio in medium LDL in GC. (C) Phospholipids to total lipids ratio in 

medium LDL in GC. (D) Total cholesterol levels in small HDL in GC. (E) Cholesterol esters in small 

HDL in GC. (F) Phospholipids to total lipids ratio in large HDL in GC. 
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Discussion 

Current recommendations for the prevention and 

treatment of gastric cancer by intervening on risk 

factors still need to be refined. Meanwhile, the 

impact of available early biomarkers on gastric 

cancer treatment strategies is understudied. 

Therefore, matching modifiable risk factors with 

potential biomarkers and verifying the causal 

relationship between them and the disease are 

crucial for the prevention and treatment of gastric 

cancer. In this study, we conducted a 

comprehensive MR study to elucidate the causal 

relationship between 233 circulating metabolic 

biomarkers and gastric cancer. We found that 

Cholesteryl esters to total lipids ratio in large 

HDL, Free cholesterol to total lipids ratio in 

medium LDL, and Phospholipids to total lipids 

ratio in medium LDL were significantly 

associated with a higher risk of gastric cancer. 

While Total cholesterol levels in small HDL and 

Cholesterol esters in small HDL were associated 

with lower risk of gastric cancer.       Gastric 

cancer (GC), a primary epithelial malignant 

tumour originating from the stomach, is a 

complex and heterogeneous disease with multiple 

risk factors. Risk factors associated with gastric 

carcinogenesis include Helicobacter pylori 

infection, obesity, unhealthy dietary habits and 

lifestyle, smoking and alcohol consumption, and 

chemical, radiation, or viral exposure [18]. Poor 

dietary habits such as processed foods, processed 

meats, red meat, alcohol, foods high in dietary fat 

and dietary cholesterol grow the risk of gastric 

cancer [19]. In obese patients, peritoneal-derived 

adipocytes induce robust lipid droplet (LD) 

accumulation and fatty acid oxidation in GC cells 

by up-regulating diacylglycerol acyltransferase 2 

(DGAT2) in a C/EBPα-dependent manner, and, 

importantly, overexpression of DGAT2 has been 

identified as an independent predictor of low 

survival, which promotes lung and peritoneal 

metastasis of GC and correlates with poor 

prognosis of gastric cancer [20]. It is evident that 

the correlation between obese patients and gastric 

cancer is of significant clinical value. 

High-density lipoprotein (HDL) particles are 

heterogeneous plasma lipoproteins, varying in size 

and composition, that mediate the reverse 

cholesterol transport (ReCT) from peripheral cells 

to the liver [21]. In cancer, HDL promotes 

cholesterol clearance from cancer cells, thereby 

altering their homeostasis. HDL-associated 

apolipoproteins and enzymes also exert 

antioxidant, anti-inflammatory, anti-angiogenic, 

anti-apoptotic, and immunomodulatory activities, 

resulting in an overall anti-tumourigenic effect 

[22], which is negatively correlated with cancer 

risk. Low-density lipoprotein (LDL) is a 

lipoprotein primarily responsible for the 

distribution of cholesterol in extrahepatic tissues 

and body cells [23], and in breast cancer, LDL 

promotes tumourigenesis by a mechanism that 

may be attributed to the activation of HER2 by 

LDL, which grows oncogenic signalling 

pathways, Akt and extracellular signal-regulated 

kinase (ERK) [24], and activation of these 

pathways by LDL can mediate tumour cell 

proliferation, and LDL is also positively 

correlated with tumour size and lymph node 

metastasis. In colorectal cancer, elevated LDL 

levels are associated with increased risk of 

colorectal cancer development and poor 

prognosis, and can promote migration of 

colorectal cancer cells and upregulate the 

expression of tumour stem cells. In addition, LDL 

mediates increased p38 protein expression thereby 

promoting MAPK signalling pathway gene 

expression, and LDL also grows stemness genes 

such as Sox2, Oct4, Nanog and Bmi1 in CRC 

cells [25]. 

Several previous case-control studies have 

observed that increased intake of cholesterol 

increases the risk of gastric cancer, and that blood 

cholesterol levels are positively associated with 

the development of gastric cancer [26-28]. Our 

study observed that in large HDL, the proportion 

of cholesteryl esters grows to promote cancer 

progression, whereas in medium LDL the ratio of 

free cholesterol to phospholipids grows similarly 

positively associated with cancer risk. Our 

findings are similar to those of previous studies. 

Rapidly proliferating tumour cells usually require 

large amounts of cholesterol for the synthesis of 

membrane organelles and fatty acids, as fatty acid 

oxidation generates a large number of 

intermediates, including NADPH, for energy 

supply and ROS detoxification, which promotes 

cancer progression [20, 29]. It has also been 

reported that increased cholesterol is associated 

with elevated inflammatory activity, which may 

play a role in cancer development. 

Hypercholesterolaemia leads to cholesterol 

accumulation in macrophages and other immune 
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cells, which contributes to inflammatory 

responses, including enhanced Toll-like receptor 

(TLR) signalling, activation of inflammatory 

vesicles, and, at the cellular level, activation of 

TLR signalling, which leads to reduced 

cholesterol efflux, thus contributing to further 

cholesterol accumulation and amplification of 

inflammatory responses [30]. While Keisuke 

Oguma et al. demonstrated through mouse 

experiments that activated macrophages in H. 

pylori infected and inflamed gastric mucosa 

express TNF-α, which stimulates the surrounding 

epithelial cells to activate the Wnt signalling 

pathway, and the over-activated Wnt signalling 

pathway promotes the development of gastric 

cancer [31]. In addition to this, 

hypercholesterolaemia is a risk factor for the 

development of gastric dysplasia, which is 

considered to be the penultimate stage of gastric 

carcinogenesis [32]. It has also been reported that 

cholesterol metabolism may play an important 

role in the eradication of H. pylori, which may be 

related to the mechanism of cholesterol 

glucosylation in H. pylori, mediated by 

cholesterol-α-glucosyltransferase, encoded by the 

gene cgt. Cholesterol glucosylation has several 

functions, including promotion of immune 

evasion and enhancement of antibiotic resistance, 

which promotes H. pylori growth [33]. For 

cholesteryl esters, lecithin cholesterol 

acyltransferase (LCAT) located on the surface of 

HDL particles converts free cholesterol to 

cholesteryl esters, a conversion that allows for 

more cholesterol molecules to be stored in 

individual lipoproteins than in free cholesterol 

[23], and thus may lead to higher cholesterol 

levels in the body, which may be more tumour 

promoting. According to the findings we have 

described above, it is evident that the relationship 

between cholesteryl esters, free cholesterol and 

phospholipids as a percentage of total lipids in 

large HDL and medium LDL is the most 

important in relation to cancer. 

Interestingly, our study observed a significant 

reduction in cancer risk with increasing total 

cholesterol levels and cholesteryl esters in small 

HDL. This suggests that in HDL of different sizes, 

elevated levels of cholesterol and cholesteryl 

esters and cancer risk may be inconsistent, and the 

exact mechanism is not clear. One study measured 

circulating HDL of six different sizes and found 

that the metabolic structure of apolipoprotein A4 

(APOA4) on HDL of different sizes was different, 

with APOA4 appearing delayed on circulating 

large HDL (1-2 hours post-infusion), while 

APOA4 on small HDL appeared rapidly, and once 

in the circulation, APOA4 on small HDL 

appeared rapidly, and once in the circulation, 

APOA4 on small HDL appeared rapidly. The 

catabolic rate of APOA4 on small HDL is almost 

three times that of APOA4 on large HDL.These 

different metabolic structures of APOA4 on large 

and small HDL suggest that HDL particles of 

different sizes may have unique origins and 

functions [34]. APOA4 activates celiac lipolysis, 

cholesterol efflux [35], cholesterol esterification 

[36], cholesterol chemotaxis [36] , promote 

reverse cholesterol transport and protect LDL 

from oxidation [37].Because of its rapid 

appearance on small HDL, it can rapidly promote 

cholesterol efflux, promote reverse cholesterol 

transport and reduce cholesterol levels in the 

body, thus exerting an inhibitory effect on cancer, 

but the specific mechanism needs to be further 

confirmed. 

In addition, our study also found that an increased 

ratio of phospholipids to total lipids in 

intermediate LDL was a risk factor for gastric 

cancer, and an increased ratio of phospholipids to 

total lipids in large HDL was a protective factor 

for gastric cancer. Phospholipids are key 

components of cell membranes. 

Phosphatidylcholine (PC) and 

phosphatidylethanolamine (PE) are two 

phospholipids that make up the majority of cell 

membranes, and are involved in cellular processes 

such as chemical energy storage, cellular 

signalling, and intercellular interactions in cell 

membranes and tissues, which are closely 

associated with cancer progression and metastasis. 

A growing body of research evidence suggests 

that phospholipids have the potential to be cancer 

biomarkers and anticancer targets [38, 39]. Long 

Zou et al. found that serum levels of 

phospholipids were higher in patients with early 

gastric cancer than in healthy controls as 

identified by mass spectrometry in serum from 

199 subjects [40]. Significantly elevated 

phospholipid metabolism can also be observed in 

breast and colorectal cancers, which may be 

attributed to the increased phosphate metabolism 

of cancer cells due to the large amount of 

phospholipids needed to synthesise cell 

membranes in rapidly proliferating cancer cells 
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[39]. Whereas Kai-Bo Chen and his team found 

that gastric cancer tumour-derived exosomes may 

be involved in the pathological process of 

peritoneal dissemination by mediating crosstalk 

between cancer cells and mesothelial cells, which 

leads to the induction of enhanced tumour growth, 

migration, adhesion and invasive ability, whereas 

exosomes are macromolecular phospholipid 

bilayer vesicles, and the elevation of 

phospholipids in gastric cancer patients may 

contribute to the progression of tumours by 

increasing the level of exosomes in the blood [41]. 

In addition, remodelling of membrane 

phospholipids is another important mechanism for 

tumour progression and metastasis [42, 43]. In our 

study, similar results were obtained that an 

increase in the ratio of phospholipids to total 

lipids in medium LDL was increasing the risk of 

gastric carcinogenesis. However, in large HDL, an 

increase in the ratio of phospholipids to total 

lipids was associated with a decreased risk of 

gastric cancer, thus suggesting that the role of 

phospholipids may be different in different 

lipoproteins. Unfortunately, we have not found 

evidence that phospholipids can inhibit the growth 

of cancer cells, which may be related to the cancer 

inhibitory effect of HDL itself, which requires 

more studies to further explore the specific 

mechanisms involved. 

In summary, the occurrence and development of 

gastric cancer are closely related to metabolites, 

especially blood metabolites associated with the 

above mechanisms. Therefore, it is of great 

significance to study the causal relationship 

between haematological metabolites and gastric 

cancer, and to clarify the specific effects of 

particular haematological metabolite species on 

the risk of gastric cancer for the clinical control 

and management of gastric cancer. 

Strength and Limitations 

Our two-sample MR analysis was designed to 

analyze the causality between metabolites and GC 

using large-sample GWAS and UK Biobank data. 

This design reduced the limitations of traditional 

observational studies by eliminating the influence 

of confounding factors and reverse causality. In 

addition, MR mitigated the representativeness and 

feasibility issues inherent to RCTs. However, this 

study is subject to several limitations. Firstly, non-

fasting plasma samples were utilized for 

metabolomics profiling in this paper. Despite 

adjustments made for the time elapsed since the 

last meal or beverage, there might still exist 

unaccounted residual variability. Secondly, the 

study's focus was on gene-metabolite pairs 

deemed most likely based on current expression 

data and biological understanding, specifically 

those with effector genes. However, the potential 

relevance of other metabolites or ratios with high 

heritability to the disease under study can not be 

negated. Future research, enriched with additional 

expression data and metabolic insights, is required 

to identify effector genes for these other 

metabolites and ratios. Thirdly, the MR analyses 

in this study were constrained by the fact that 

most metabolites and metabolite ratios were 

associated with only a single IV. This limitation 

hindered the application of common MR 

sensitivity tests, like MR-Egger, which necessitate 

multiple IVs. Despite this, our approach mitigated 

the risk of horizontal pleiotropy by using IVs 

closely linked to effector genes that influenced 

metabolite levels. Additionally, we conducted 

manual assessments of metabolic pleiotropy, 

discarding IVs linked to multiple metabolites not 

involved in the same metabolic pathways. While 

these steps helped reduce potential biases, we 

acknowledged that bias might not be fully 

eliminated due to the limitations in metabolome 

profiling and gaps in metabolite-protein 

interaction databases. Further research with a 

more comprehensive assessment for the 

metabolome is essential for a more accurate 

understanding of the genetic influence on 

metabolites. Finally, this study primarily involved 

elderly individuals of European descent. 

Investigating the effects of the identified genetic 

variations on metabolites and their ratios in 

diverse demographic groups represents a 

promising direction for future research. 

Conclusions 

In summary, this Mendelian randomization study 

elucidates a significant causal relationship 

between circulating metabolic biomarkers and the 

risk of gastric cancer. Our findings indicate that 

specific metabolic alterations may contribute to 

the pathogenesis of gastric cancer, highlighting 

the importance of metabolic profiling in 

understanding cancer risk. These results 

underscore the potential for incorporating 

metabolic biomarkers into risk assessment 

frameworks, which could enhance early detection 
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and inform targeted prevention strategies. Future 

studies are essential to further elucidate the 

biological mechanisms underlying these 

associations and to validate the clinical 

applicability of these biomarkers in the context of 

gastric cancer management. Overall, our research 

contributes to the growing body of evidence 

linking metabolism and cancer, paving the way 

for innovative approaches to mitigate gastric 

cancer risk. 
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