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Abstract
Background  Digestive system cancers represent a significant global health challenge and are attributed to a 
combination of demographic and lifestyle changes. Lipidomics has emerged as a pivotal area in cancer research, 
suggesting that alterations in lipid metabolism are closely linked to cancer development. However, the causal 
relationship between specific lipid profiles and digestive system cancer risk remains unclear.

Methods  Using a two-sample Mendelian randomization (MR) approach, we elucidated the causal relationships 
between lipidomic profiles and the risk of five types of digestive system cancer: stomach, liver, esophageal, pancreatic, 
and colorectal cancers. The aim of this study was to investigate the effect impact of developing lipid profiles on the 
risk of digestive system cancers utilizing data from public databases such as the GWAS Catalog and the UK Biobank. 
The inverse‒variance weighted (IVW) method and other strict MR methods were used to evaluate the potential causal 
links. In addition, we performed sensitivity analyses and reverse MR analyses to ensure the robustness of the results.

Results  Significant causal relationships were identified between certain lipidomic traits and the risk of developing 
digestive system cancers. Elevated sphingomyelin (d40:1) levels were associated with a reduced risk of developing 
gastric cancer (odds ratio (OR) = 0.68, P < 0.001), while elevated levels of phosphatidylcholine (16:1_20:4) increased 
the risk of developing esophageal cancer (OR = 1.31, P = 0.02). Conversely, phosphatidylcholine (18:2_0:0) had a 
protective effect against colorectal cancer (OR = 0.86, P = 0.036). The bidirectional analysis did not suggest reverse 
causality between cancer risk and lipid levels. Strict MR methods demonstrated the robustness of the above causal 
relationships.

Conclusion  Our findings underscore the significant causal relationships between specific lipidomic traits and the 
risk of developing various digestive system cancers, highlighting the potential of lipid profiles in informing cancer 
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Introduction
Digestive system cancers, including stomach, liver, esoph-
ageal, pancreatic, and colorectal cancers, pose a signifi-
cant global health challenge, accounting for more than 
a quarter of all cancer cases [1]. The worldwide increase 
in the incidence of these cancers reflects not only demo-
graphic changes such as population growth and aging but 
also the spread of various risk factors to areas where they 
were not previously prevalent [2]. Among those factors, 
lifestyle factors, particularly dietary habits, have gained 
attention for their role in cancer development [3]. Socio-
economic development, which has led to a shift toward 
less healthy Western diets and increased consumption 
of processed foods, has been linked to an increasing 
prevalence of obesity and related metabolic disorders 
[4], which are associated with the increasing incidence 
of digestive system cancers. This background informed 
our study, the aim of which was to explore the intricate 
relationships between lipidomic profiles and the risk 
of developing digestive system cancers using Mende-
lian randomization (MR), offering a new perspective on 
potential prevention and treatment pathways.

Lipidomics has emerged as a significant area in cancer 
research, revealing that alterations in lipid metabolism 
are closely linked to cancer development and progression 
[5, 6]. Cancer cells exhibit changes in lipid synthesis, stor-
age, and uptake, which are critical for membrane biogen-
esis and function and contribute to cancer cell survival in 
a changing microenvironment [7, 8]. The study of lipido-
mics offers insights into identifying novel biomarkers and 
therapeutic targets and developing lipid-inspired thera-
pies. However, despite these advancements, the causal 
relationship between specific lipid profiles and cancer 
risk is not fully understood due to the inherent limita-
tions associated with observational studies. This gap 
highlights the need for further research utilizing methods 
such as MR to clarify these relationships and explore the 
full potential of lipidomics in oncology.

Observational epidemiological studies, while invalu-
able for identifying potential risk factors for disease, 
are often limited by confounding and reverse causation. 
These limitations can compromise the reliability of stud-
ies investigatingthe causal effects of modifiable exposures 
on disease outcomes. MR has emerged as a powerful 
method to overcome these challenges, utilizing genetic 
variants as instrumental variables (IVs) [9]. By leverag-
ing genetic variants that influence exposures of interest, 
MR enables researchers to generate evidence that is less 
prone to the biases that frequently affect the reliability of 

the results of observational studies [10]. This approach 
not only enhances the validity of causal inferences drawn 
from epidemiological data but also provides new paths 
for identifying interventions that could yield substantial 
health benefits [11]. The development of MR, includ-
ing innovative variations such as bidirectional MR, has 
resulted in substantial expansion of its applicability and 
potential to inform public health and clinical practice.

Despite the acknowledged association between lipid 
profiles and digestive system cancers, existing research, 
which is primarily observational in nature, has yielded 
inconsistent findings regarding the causal nature of 
these relationships. Therefore, the aim of this study was 
to employ MR to investigate the causal relationships 
between lipidomic profiles and the risk of developing 
major digestive system cancers, including gastric, esoph-
ageal, colorectal, liver, and pancreatic cancers. Addition-
ally, we sought to obtaina deeper understanding of the 
lipid–cancer nexus, paving the way for subsequent meth-
odological discussions and analyses.

Methods
Study design
Our study employed a two-sample MR approach to 
investigate the causal relationship between lipidomic 
profiles and the risk of developing digestive system can-
cers. This design leverages genetic variants, specifically 
single-nucleotide polymorphisms (SNPs), associated with 
lipidomic traits as IVs. These SNPs were sourced from 
large-scale genome-wide association studies (GWASs) 
available in public databases such as the GWAS Catalog 
(https://www.ebi.ac.uk/gwas/). We utilized summary-
level data, ensuring that the IVs were strongly associated 
with the exposure (lipidomic traits) but not directly asso-
ciated with the outcome (digestive system cancer risk), 
thereby minimizing confounding. MR studies rely on 
three critical assumptions to ensure the validity of their 
causal inferences (Fig.  1). These assumptions are as fol-
lows: (1) Relevance assumption: This assumption states 
that the genetic variants must be robustly associated with 
the exposure of interest. (2) Independence assumption: 
This assumption posits that the genetic variants serv-
ing as IVs should be independent of confounders that 
affect both the exposure and the outcome. (3) Exclusion 
restriction assumption: This assumption states that the 
IVs affect the outcome only through the exposure and 
not through any alternative pathways. Meeting these 
assumptions is essential for the validity of MR studies.

prevention and treatment strategies. These results reinforce the value of MR in unraveling complex lipid-cancer 
interactions, offering new avenues for research and clinical application.
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Data sources
In this MR analysis, we utilized two distinct data sources: 
genetic variants associated with lipidomic profiles and 
genetic variants associated with digestive system cancer 
outcomes. For lipidomic traits, we leveraged data from 
a GWAS of the plasma lipidome from the GWAS Cata-
log [12], which was published on October 31, 2023. This 
dataset provides comprehensive data on genetic variants 
associated with 179 kinds of lipid species (belonging to 
13 lipid classes and 4 categories) in 7,174 Finnish indi-
viduals. Digestive system cancer outcome data, including 
data on gastric cancer, esophageal cancer, colorectal can-
cer, liver and intrahepatic bile duct cancer, and pancreatic 
cancer, were obtained from the UK Biobank SAIGE, a 
vast biomedical database and research resource compris-
ing comprehensive, anonymized health and genetic data 
from 500,000 participants in the UK (https://pheweb.org/
UKB-SAIGE/phenotypes). Detailed phenotypic informa-
tion and genotypic data are shown in Table 1.

Selection of IVs
We employed a multistep algorithm to select genetic 
variants from GWASs of the plasma lipidome in the 
GWAS Catalog. Initially, we identified SNPs significantly 
associated with key lipidomic traits (179 kinds of lipid 

species) using a threshold of P < 1 × 10− 5. This stringent 
significance level ensures a strong genetic instrument–
exposure association. To mitigate the risk of pleiotropy, 
we excluded SNPs associated with confounding factors, 
which were identified using PhenoScanner V2 [13]. Fur-
thermore, we calculated the F-statistics for each SNP 
to exclude weak IVs, setting a minimum threshold of 
10 to ensure robustness [14]. The remaining SNPs were 
assessed for linkage disequilibrium (LD), combining 
those in high LD (r2 > 0.001) within a 10,000 kb window, 
ensuring independence among the IVs. In the bidirec-
tional MR analysis, we designated digestive system can-
cers as the exposure variables, while lipidomic traits were 
treated as outcomes. The IVs were selected based on a 
significance threshold of P < 5 × 10− 5.

Statistical analysis
We used the TwoSampleMR (v0.5.7) and MendelianRan-
domization (v0.9.0) R packages for our primary analysis. 
Initially, we used the inverse–variance weighted (IVW) 
[15] method as our primary analytic tool to estimate 
causal effects. Weighted median [16], MR–Egger [17], 
and weighted mode [18] methods were also used. In this 
study, several strict MR methods, including constrained 
maximum likelihood and model averaging-based MR 
(cML–MA) [19], contamination mixture (ConMix) [20], 
robust adjusted profile score (MR–RAPS), and the debi-
ased inverse-variance weighted (dIVW) method, were 
used to estimate the direct effects of lipidomic traits on 
digestive system cancers. To assess potential pleiotropy 
and validate our findings, we conducted sensitivity analy-
ses using the MR‒Egger and weighted median methods. 
The MR‒Egger approach tests for and corrects pleiotro-
pic bias, providing an intercept term that indicates the 
presence of directional pleiotropy. We further used the 
Mendelian Randomization Pleiotropy RESidual Sum and 
Outlier (MR–PRESSO) [21] test to detect and correct 

Table 1  Detailed phenotypic information and genotypic data of 
digestive system cancers
GWASID Traits SampleSize Cases Controls
ukb-saige-151 Cancer of 

stomach
393,926 554 393,372

ukb-saige-150 Cancer of 
esophagus

394,092 720 393,372

ukb-saige-153 Colorectal cancer 387,318 4562 382,756
ukb-saige-157 Pancreatic cancer 393,961 589 393,372
ukb-saige-155 Cancer of liver 

and intrahepatic 
bile duct

393,716 344 393,372

Fig. 1  Diagram illustrating the conducted analyses
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for outliers, thereby ensuring that our results were not 
driven by individual SNPs with disproportionate influ-
ence. Finally, to assess the heterogeneity in our IV analy-
sis, we used Cochran’s Q statistic [15]. We used an online 
website to perform the power calculation (https://sb452.
shinyapps.io/power/), an online sample size and power 
calculator for MR with a binary outcome. To mitigate 
potential confounding effects stemming from the broader 
genetic association between lipids and digestive system 
cancers, we employed a linkage disequilibrium score 
regression (LDSC) analysis specifically focused on can-
didate lipids within our MR investigation [22, 23]. For 
multivariate MR (MVMR) analyses, we simultaneously 
assessed the effects of multiple significant lipids using the 
IVW method. All the statistical analyses were performed 
using R software (version 4.2.1), ensuring rigorous and 
reproducible results. All the statistical analyses were rig-
orously performed by employing two‒tailed tests, where 
a threshold of P < 0.05 was considered to indicate statisti-
cal significance.

Results
Causal effects of lipidomic traits on gastric cancer risk
MR analysis revealed five significant causal relation-
ships between lipidomic traits and the risk of devel-
oping gastric cancer (Fig.  2A). First, we identified a 
relationship between elevated levels of sphingomyelin 
(d40:1) and a decreased risk of developing gastric can-
cer (odds ratio (OR) = 0.68, 95% confidence interval 
(CI): 0.55–0.85, IVW_P < 0.001). In contrast, a lower 

phosphatidylethanolamine (O-18:1_20:4) level was asso-
ciated with an increased risk of developing gastric cancer 
(OR = 1.36, 95% CI: 1.06–1.76; IVW_P = 0.02). Addition-
ally, increased levels of phosphatidylcholine (16:0_16:1), 
phosphatidylcholine (O-18:0_20:4), and phosphatidyl-
choline (O-18:1_18:2) were associated with an increased 
risk of developing gastric cancer (OR = 1.70, 1.40, and 
1.55, respectively; Supplementary Table 1). We adopted 
strict MR analysis algorithms, including cML–MA, Con-
Mix, MR–RAPS, and dIVW, to estimate the direct effects 
of lipidomic traits on digestive system cancers. As shown 
in Table  2, all five causal effects of lipidomic traits on 
gastric cancer risk were strong. The robustness of our 
findings was confirmed through various sensitivity anal-
yses, including Cochran’s Q test, MR-Egger regression, 
weighted median, and the leave-one-out approach.

Our bidirectional MR analysis did not reveal any evi-
dence suggesting that gastric cancer risk causally influ-
ences the above lipidomic traits (Supplementary Table 1). 
This finding indicates that while lipid levels may influence 
the risk of developing gastric cancer, the presence of gas-
tric cancer does not appear to causally alter lipid profiles 
within the studied population. A comprehensive MVMR 
analysis was utilized to examine the interrelationships 
among the five lipid traits. However, no significant asso-
ciations were detected between the levels of these lipids 
and the risk of developing gastric cancer (P > 0.05, Sup-
plementary Table 1).

Fig. 2  Forest plots of causal effect estimates of lipidomic traits on the risk of developing each type of digestive system cancer. (A) Gastric cancer. (B) 
Esophageal cancer. (C) Colorectal cancer
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Causal effects of lipidomic traits on esophageal cancer risk
We observed a total of four significant causal effects of 
lipidomic traits on the risk of developing esophageal can-
cer (Fig.  2B). Increased phosphatidylcholine (16:1_20:4) 
levels were associated with a 30% increase in the risk 
of developing esophageal cancer (OR = 1.31, 95% CI: 
1.04–1.65, P = 0.02). Higher levels of phosphatidylcho-
line (O-16:1_20:4) were also associated with an increased 
risk of developing esophageal cancer (OR = 1.23, 95% 
CI: 1.02–1.47; P = 0.03). In addition, both the phos-
phatidylinositol (18:0_18:1) and phosphatidylinositol 
(18:1_18:2) levels had positive causal effects on the risk 
of developing esophageal cancer (OR = 1.25 and 1.27, 
respectively, Supplementary Table 2). According to the 
results of strict MR analysis, most of the above four lipi-
domic traits still had direct effects on the risk of devel-
oping esophageal cancer (Supplementary Table 2). The 
application of Cochran’s Q test (P > 0.05), MR‒Egger 
intercept test (P > 0.05), and leave-one-out analysis 
(P > 0.05) revealed no signs of heterogeneity, directional 
pleiotropy, or issues with robustness in our MR analyses.

According to our bidirectional MR analysis, we did not 
find any evidence suggesting that esophageal cancer risk 
causally influences the above lipidomic traits (Supple-
mentary Table 2). In addition, according to the LDSC and 
MVMR analyses, the levels of the above four lipids did 

not have significant causal relationships with the risk of 
developing esophageal cancer (P > 0.05, Supplementary 
Table 2).

Causal effects of lipidomic traits on colorectal cancer risk
Utilizing genetic variants as IVs, we investigated seven 
potential causal relationships between lipid traits and the 
risk of developing colorectal cancer (Fig.  2C). Interest-
ingly, the levels of phosphatidylcholine (18:2_0:0), phos-
phatidylcholine (16:0_20:1) and triacylglycerol (51:4) 
showed inverse relationships with colorectal cancer 
risk (Supplementary Table 3). An increase of 1 standard 
deviation in the phosphatidylcholine (18:2_0:0) level was 
associated with a 14% decrease in colorectal cancer risk 
(OR = 0.86, 95% CI: 0.74–0.99, P = 0.036). Higher phos-
phatidylcholine (16:0_20:1) levels were associated with a 
16% reduction in the risk of developing colorectal cancer 
(OR = 0.84, 95% CI: 0.71–0.98, P = 0.029). Additionally, 
there was a slight negative correlation between triacyl-
glycerol (51:4) levels and the risk of developing colorec-
tal cancer (OR = 0.91, 95% CI: 0.84–0.99, P = 0.03). In 
contrast, the analysis indicated that two lipid traits were 
associated with an increased risk of developing colorec-
tal cancer (OR = 1.13, P = 0.036 for sterol ester (27:1/17:1), 
OR = 1.11, P = 0.023 for sterol ester (27:1/20:3)). Higher 
levels of phosphatidylcholine (18:0_20:5) were associated 

Table 2  The results of strict MR analysis
Exposure Outcome Method nSNP Beta SE pval OR
Phosphatidylcholine 
(16:0_16:1) levels || id: 
ebi-PL179-GCST90277278

Cancer of 
stomach || id: 
ukb-saige-151

Inverse variance weighted 19 0.530 0.186 0.004 1.699
Contamination mixture method 19 0.896 0.268 0.004 2.449
Robust adjusted profile score (RAPS) 19 0.604 0.194 0.002 1.829
Debiased inverse-variance weighted method 19 0.555 0.191 0.004 1.742
Constrained maximum likelihood 19 0.555 0.237 0.019 1.742

Phosphatidylcholine 
(O-18:0_20:4) levels || id: 
ebi-PL179-GCST90277336

Cancer of 
stomach || id: 
ukb-saige-151

Inverse variance weighted 21 0.333 0.130 0.010 1.396
Contamination mixture method 21 0.285 0.148 0.066 1.330
Robust adjusted profile score (RAPS) 21 0.318 0.138 0.021 1.374
Debiased inverse-variance weighted method 21 0.343 0.134 0.010 1.409
Constrained maximum likelihood 21 0.313 0.140 0.026 1.368

Phosphatidylcholine 
(O-18:1_18:2) levels || id: 
ebi-PL179-GCST90277338

Cancer of 
stomach || id: 
ukb-saige-151

Inverse variance weighted 22 0.438 0.147 0.003 1.550
Contamination mixture method 22 0.638 0.186 0.001 1.893
Robust adjusted profile score (RAPS) 22 0.457 0.163 0.005 1.580
Debiased inverse-variance weighted method 22 0.459 0.156 0.003 1.583
Constrained maximum likelihood 22 0.452 0.158 0.004 1.571

Phosphatidylethanolamine 
(O-18:1_20:4) levels || id: 
ebi-PL179-GCST90277354

Cancer of 
stomach || id: 
ukb-saige-151

Inverse variance weighted 25 0.310 0.129 0.016 1.363
Contamination mixture method 25 0.402 0.184 0.088 1.495
Robust adjusted profile score (RAPS) 25 0.310 0.139 0.025 1.364
Debiased inverse-variance weighted method 25 0.321 0.134 0.017 1.378
Constrained maximum likelihood 25 0.304 0.153 0.047 1.356

Sphingomyelin 
(d40:1) levels || id: 
ebi-PL179-GCST90277376

Cancer of 
stomach || id: 
ukb-saige-151

Inverse variance weighted 40 -0.383 0.111 0.001 0.682
Contamination mixture method 40 -0.699 0.163 0.000 0.497
Robust adjusted profile score (RAPS) 40 -0.437 0.120 0.000 0.646
Debiased inverse-variance weighted method 40 -0.397 0.116 0.001 0.672
Constrained maximum likelihood 40 -0.412 0.140 0.003 0.662

* SNP, single nucleotide polymorphism; SE, standard error; OR, odds ratio
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with a slight (10%) increase in the risk of develop-
ing colorectal cancer (OR = 1.10, 95% CI: 1.03–1.19; 
P = 0.007). In the sensitivity analyses of all seven lipids, 
no heterogeneity or horizontal pleiotropy was detected 
(both Cochran’s Q and MR‒Egger test, P > 0.05). The 
leave-one-out analysis indicated that omitting any single 
SNP did not alter the our MR outcomes.Under a rigor-
ous MR framework, the majority of the above seven 
lipid traits continued to demonstrate a direct impact on 
the risk of developing colorectal cancer (Supplementary 
Table 3). Conversely, there was no discernible evidence 
to suggest that the risk of developing colorectal cancer 
causally affects these lipidomic traits (Supplementary 
Table 3). LDSC revealed no significant genetic correla-
tions between the above lipids and the risk of developing 
colorectal cancer (Supplementary Table 3). The results 
of the MVMR analysis showed that there were no poten-
tial causal relationships between the seven lipids and 
colorectal cancer (P > 0.05, Supplementary Table 3).

Causal effects of lipidomic traits on liver and intrahepatic 
bile duct cancer risk
Notably, increased levels of ceramide (d42:2) and phos-
phatidylinositol (18:0_20:4) and decreased levels of phos-
phatidylcholine (O-16:0_22:5) had protective effects 
against liver and intrahepatic bile duct cancer risk, as 
detailed in Table  3. An increase of one standard devia-
tion in the level of ceramide (d42:2) was linked to a 
28% decrease in the risk of developing colorectal cancer 
(OR = 0.72, 95% CI: 0.54–0.96, P = 0.027). Elevated levels 
of phosphatidylinositol (18:0_20:4) were correlated with a 
31% lower risk of developing colorectal cancer (OR = 0.69, 
95% CI: 0.54–0.89, P = 0.004). Additionally, a significant 
inverse relationship was observed between the level of 
phosphatidylcholine (O-16:0_22:5) and liver cancer risk 
(OR = 0.60, 95% CI: 0.40–0.90, P = 0.015). Conversely, our 
findings indicated that increased liver cancer risk was 
associated with two lipid traits (OR = 1.65, P = 0.005 for 
phosphatidylcholine (O-16:1_18:1), OR = 1.55, P = 0.01 for 
triacylglycerol (58:8); Fig.  3A). When performing sensi-
tivity analyses, neither Cochran’s Q test or the MR–Egger 

Table 3  Causal effect of lipidomic traits on liver and intrahepatic bile duct cancer risks using various MR methods
Exposure Method nSNP Beta SE pvalue OR OR_lci95 OR_uci95 p_FDR
Ceramide (d42:2) 
levels || id: 
ebi-PL179-GCST90277256

Inverse variance weighted 30 -0.324 0.147 0.027 0.723 0.542 0.964 0.027
Contamination mixture method 30 -0.658 0.265 0.061 0.518 0.308 0.871 0.061
Robust adjusted profile score (RAPS) 30 -0.348 0.157 0.027 0.706 0.519 0.961 0.027
Debiased inverse-variance weighted 
method

30 -0.334 0.152 0.028 0.716 0.532 0.964 0.028

Constrained maximum likelihood 30 -0.338 0.193 0.079 0.713 0.489 1.040 0.079
Phosphatidylcholine 
(O-16:0_22:5) levels || id: 
ebi-PL179-GCST90277324

Inverse variance weighted 15 -0.506 0.207 0.015 0.603 0.402 0.905 0.015
Contamination mixture method 15 -1.174 0.602 0.705 0.309 0.095 1.006 0.705
Robust adjusted profile score (RAPS) 15 -0.741 0.276 0.007 0.477 0.277 0.819 0.007
Debiased inverse-variance weighted 
method

15 -0.528 0.210 0.012 0.590 0.391 0.889 0.012

Constrained maximum likelihood 15 -0.436 0.260 0.093 0.646 0.389 1.075 0.093
Phosphatidylcholine 
(O-16:1_18:1) levels || id: 
ebi-PL179-GCST90277327

Inverse variance weighted 24 0.502 0.179 0.005 1.652 1.164 2.345 0.005
Contamination mixture method 24 0.786 0.273 0.019 2.194 1.285 3.746 0.019
Robust adjusted profile score (RAPS) 24 0.526 0.192 0.006 1.693 1.161 2.468 0.006
Debiased inverse-variance weighted 
method

24 0.524 0.189 0.005 1.689 1.167 2.444 0.005

Constrained maximum likelihood 24 0.474 0.219 0.030 1.606 1.046 2.465 0.030
Phosphatidylinositol 
(18:0_20:4) levels || id: 
ebi-PL179-GCST90277364

Inverse variance weighted 30 -0.366 0.126 0.004 0.693 0.542 0.887 0.004
Contamination mixture method 30 -0.581 0.186 0.003 0.559 0.388 0.805 0.003
Robust adjusted profile score (RAPS) 30 -0.382 0.133 0.004 0.682 0.526 0.885 0.004
Debiased inverse-variance weighted 
method

30 -0.375 0.129 0.004 0.688 0.534 0.886 0.004

Constrained maximum likelihood 30 -0.375 0.144 0.009 0.687 0.518 0.910 0.009
Triacylglycerol 
(58:8) levels || id: 
ebi-PL179-GCST90277416

Inverse variance weighted 29 0.439 0.170 0.010 1.552 1.112 2.166 0.010
Contamination mixture method 29 0.966 0.309 0.011 2.627 1.434 4.810 0.011
Robust adjusted profile score (RAPS) 29 0.447 0.240 0.063 1.563 0.976 2.505 0.063
Debiased inverse-variance weighted 
method

29 0.460 0.175 0.008 1.584 1.125 2.230 0.008

Constrained maximum likelihood 29 0.437 0.209 0.036 1.548 1.028 2.331 0.036
* SNP, single nucleotide polymorphism; SE, standard error; OR, odds ratio; CI, confidence interval; FDR, false discovery rate
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test indicated any heterogeneity and horizontal pleiot-
ropy. Additionally, the MR–PRESSO test revealed no evi-
dence of pleiotropy, validating the accuracy of our results.

Using multiple stringent MR methods, most of the five 
lipid traits studied were shown to have a consistent influ-
ence on liver cancer risk, as reported in Table 3. Impor-
tantly, there was no reverse-causal effect of liver cancer 
on these lipidomic profiles, as shown in Supplementary 
Table 4. LDSC analysis revealed no significant genetic 
correlations between the levels of the above lipids and 
the risk of developing liver cancer (Supplementary Table 
4). In the MVMR analysis, we only explored the causal 
relationship between phosphatidylinositol (18:0_20:4) 
levels and liver and intrahepatic bile duct cancer risk 
(OR = 0.64, 95% CI: 0.42–0.96, P = 0.03; Supplementary 
Table 4).

Causal effects of Lipidomic traits on Pancreatic Cancer Risk
Similarly, a total of 14 causal relationships were observed 
between lipidomic traits and the risk of developing 
pancreatic cancer based on the IVW method (Fig.  3B, 
Supplementary Table 5). Among these lipidomic traits, 
increased levels of phosphatidylcholine (O-18:1_20:3) 
were associated with an increased risk of developing pan-
creatic cancer (OR = 1.46, 95% CI: 1.06–2.02; P = 0.02). 
In contrast, sterol ester (27:1/18:1) levels were found to 
have an inverse association with the risk of developing 
pancreatic cancer. Higher sterol ester (27:1/18:1) levels 
were associated with a 29% reduction in the risk of devel-
oping esophageal cancer (OR = 0.71, 95% CI: 0.56–0.90, 

P = 0.005). Our use of Cochran’s Q test and MR‒Egger 
test indicated that our MR analyses were free from het-
erogeneity and directional pleiotropy, indicating robust-
ness of the results. Furthermore, the leave-one-out 
analysis revealed that no individual SNP significantly 
influenced the MR estimates.

According to strict MR analysis algorithms, including 
cML‒MA, ConMix, MR‒RAPS, and dIVW, most of the 
above lipidomic traits still had direct effects on the risk 
of developing pancreatic cancer (Supplementary Table 5). 
However, the levels of phosphatidylcholine (18:0_18:3), 
phosphatidylcholine (18:1_0:0), and triacylglycerol (54:7) 
were not significantly different. Finally, the investigation 
of pancreatic cancer revealed no reverse‒causal effect of 
pancreatic cancer risk on the above lipidomic traits (Sup-
plementary Table 5). In Fig. 4, we pooled all the positive 
results among digestive system cancers. LDSC revealed 
no significant genetic correlations apart from sterol ester 
(27:1/18:1) levels (rg = 0.936, P = 0.02, Supplementary 
Table 5). According to the MVMR analysis, sterol ester 
(27:1/18:1) levels and phosphatidylcholine (16:0_20:5) 
levels remained causally related to pancreatic cancer risk 
(Supplementary Table 5).

Discussion
In our study, we sought to elucidate the causal relation-
ships between lipidomic profiles and the risk of develop-
ing various digestive system cancers using MR. This body 
of work highlights the diverse effects of lipid traits on 
cancer risk, underscoring the complexity of lipid-cancer 

Fig. 3  Forest plots of causal effect estimates of lipidomic traits on the risk of developing each type of digestive system cancer. (A) Liver and intrahepatic 
bile duct cancer. (B) Pancreatic cancer
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interactions and the potential for targeted preventive 
strategies.

Cancer cells are known to alter their metabolic path-
ways to sustain their malignancy. Aberrant lipid metab-
olism is closely associated with various cancers. Cancer 
cells utilize lipid metabolism for energy, membrane com-
ponents, and signaling molecules [24]. An abundance of 
lipids may enhance the ability of tumor cells to develop, 
colonize, and spread [25]. These adjustments include 
modifications to the composition of the lipid membrane 

to facilitate invasion into different environments and to 
navigate mechanisms of cell death, in addition to enhanc-
ing lipid breakdown and synthesis for the generation of 
energy and protection against oxidative stress. Addition-
ally, key genes and proteins associated with fat metabo-
lism are considered potential markers for predicting 
outcomes in different cancers and are related to patient 
survival or the likelihood of cancer recurrence [26].

Notably, in our study, we found an association between 
elevated levels of sphingomyelin (d40:1) and reduced 

Fig. 4  Pooled positive results among five digestive system cancers
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gastric cancer risk (OR = 0.682). The relationship between 
sphingomyelin and the risk of developing gastric cancer 
has been explored in various studies, revealing signifi-
cant insights into the potential role of sphingomyelin in 
cancer development and progression. Compared with 
adjacent noncancerous tissues, gastric cancer samples 
exhibited higher levels of sphingomyelin [27]. One study 
revealed that sphingomyelin (d18:0/18:1(9Z)) was more 
abundant in patients with early gastric cancer than in 
healthy control participants, suggesting its potential as a 
biomarker for the early diagnosis of gastric cancer [28]. 
Three subclasses of phosphatidylcholine were positively 
associated with the risk of developing gastric cancer. A 
study revealed that serum phospholipids, including phos-
phatidylcholine, were more abundant in patients with 
early gastric cancer than in healthy controls, suggesting 
a role for these phospholipids in cancer development and 
as indicators for early detection [29]​.

We also observed that increased phosphatidylcholine 
and phosphatidylinositol levels were associated with 
increased esophageal cancer risk. A study using liquid 
chromatography-quadrupole time-of-flight mass spec-
trometry revealed dysregulation of phosphatidylcholines, 
indicating potential perturbations in phosphocholine 
metabolism specific to esophageal cancer [30]. How-
ever, there have been no studies on the role of phospha-
tidylinositol in the development of esophageal cancer. In 
colorectal cancer, higher sterol ester and phosphatidyl-
choline levels were associated with a slight increase in 
risk. Sterol metabolism plays a significant role in cellular 
processes, and alterations in this metabolic pathway have 
been associated with various types of cancer [31].

Notably, we identified a total of 14 different lipid phe-
notypes associated with the risk of developing pancre-
atic cancer. Recent studies have proven the crucial role 
of lipid metabolism in pancreatic cancer development 
[32]. Mounting research indicates that the progression 
and treatment resistance of pancreatic cancer can be 
fueled by lipid metabolism via the augmentation of lipid 
synthesis, accumulation, and breakdown [33]. According 
to our results, a total of four subclasses of phosphatidyl-
choline were positively related to the risk of developing 
pancreatic cancer. However, six subclasses of phosphati-
dylcholine were inversely related to risk, suggesting bidi-
rectional roles.

The MR approach employed in our study is distin-
guished by its usefulness for assessing causal relation-
ships, circumventing many of the limitations inherent in 
observational studies, such as confounding and reverse 
causality. This method leverages genetic variants as IVs to 
infer causation, assuming that these variants are associ-
ated with the exposure but not with any confounders of 
the outcome, making it a powerful tool for causal infer-
ence in epidemiology [34]. However, there are potential 

limitations to the MR approach that must be acknowl-
edged. One significant limitation is the reliance on sum-
mary-level data from different sources, which might not 
always accurately capture individual-level variability and 
interactions. Meanwhile, the sample size of the GWAS 
data is one of our limitations. We need to further increase 
the sample size to enhance the reliability of the results. 
In our study, when selecting P < 5 × 10− 8 did not include 
enough SNPs for analysis, it may lead to low statistical 
power and issues with weak instrument variables. Thus, 
we chose P < 1 × 10− 5 as the threshold because we wanted 
to include more SNPs potentially related to lipid metab-
olism. So our results need to be interpreted with more 
caution. Additionally, while the use of MR can signifi-
cantly reduce the confounding observed with the use of 
other methods, it cannot eliminate it entirely, particularly 
if there are unmeasured confounders that affect both the 
genetic instruments and the outcome. Another challenge 
is the generalizability of the results across different pop-
ulations, as the genetic variants used as IVs might have 
different effects on different ethnic groups, especially the 
East Asian population, potentially limiting the applicabil-
ity of the findings to broader populations.

Thus, when comparing and contrasting the findings 
of this study with those of previous studies in the field 
of lipidomics and cancer, we not only used conventional 
MR analysis methods (IVW, weighted median, MR‒
Egger, and weighted mode) but also used a variety of 
rigorous MR algorithms, including cML–MA, ConMix, 
MR–RAPS, and dIVW. ConMix helps identify groups 
of genetic variants with similar causal estimates, which 
may represent different mechanisms through which 
risk factors influence outcomes. Additionally, it per-
forms robustly and effectively in the presence of invalid 
IVs, achieving the lowest mean squared error compared 
to other robust methods across a range of realistic sce-
narios [20]. However, because of negative heritability, the 
results of LDSC analysis for certain lipids and cancer may 
exhibit instability. This may lead to weak causal relation-
ships and requires validation in a larger cohort [35, 36].

The findings from our study underscore the critical role 
of lipidomic profiles in understanding cancer risk, par-
ticularly in digestive system cancers. This necessitates 
further exploration into how specific lipid species con-
tribute to cancer development. First, we should perform 
lipidomics, including the use of peripheral blood and tis-
sue samples from patients, to validate the above results. 
Future research should also focus on functional studies 
and experimental validation to elucidate the underly-
ing mechanisms involved. Moreover, we will also focus 
on the impact of lipidomic profiles on specific subtypes 
of digestive system cancers, including molecular subtyp-
ing, pathological subtyping, or immunological subtyp-
ing. Different subtypes of cancer, such as lung cancer, 
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may exhibit distinct lipidomic metabolic characteristics 
[37, 38]. The potential of integrating lipidomic profiles 
into clinical practice is promising. By incorporating these 
profiles into cancer risk assessment and prevention strat-
egies, we can move toward more personalized and tar-
geted therapeutic approaches, opening new pathways in 
the fight against cancer.

Conclusion
In conclusion, our study significantly advances the 
understanding of the complex relationship between 
lipid metabolism and the development of digestive sys-
tem cancers. By highlighting specific lipidomic traits 
associated with increased or decreased cancer risk, we 
highlight the potential of lipidomic modulation as a pio-
neering approach for cancer prevention and treatment. 
These findings emphasize the critical need for continued 
research in this promising field, suggesting that target-
ing lipid metabolism could open new avenues in the fight 
against cancer.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12944-024-02191-0.

Supplementary Material 1: Table 1. Results of the main MR, bidirectional 
MR and MVMR analyses in gastric cancer.

Supplementary Material 2: Table 2. Results of the main MR, strict MR, bidi-
rectional MR, LDSC and MVMR analyses in esophageal cancer patients.

Supplementary Material 3: Table 3. Results of the main MR, strict MR, bidi-
rectional MR, LDSC and MVMR analyses in colorectal cancer.

Supplementary Material 4: Table 4. Results of the main MR, bidirectional 
MR, LDSC and MVMR analyses in liver cancer.

Supplementary Material 5: Table 5. Results of the main MR, strict MR, bidi-
rectional MR, LDSC and MVMR analyses in pancreatic cancer.

Acknowledgements
We sincerely thank the Department of Gastroenterology Surgery, The Second 
Affiliated Hospital, Zhejiang University School of Medicine, providing for 
technical advice. We also thank Nature Research Editing Service for language 
editing services (verification code F00E-000 C-039D-B488-482P).

Author contributions
YYJ and JW designed this study. YYJ, HYZ, and XLJ collected and analyzed 
the data. XLJ contributed to the literature review. YYJ and JW wrote the initial 
draft of the manuscript. JW supervised the study, developed the concept and 
edited the paper. All authors read and approved the final manuscript.

Funding sources
This work was supported by the National Natural Science Foundation of 
China (82203452), Health Science and Technology Project of Zhejiang 
Province (2022RC165), Clinical Research Fund of Zhejiang Medical Association 
(2021ZYC-A68), and Teaching Reform Research and Cultivation Project of the 
Second Clinical School of Medicine, Zhejiang University (20220103).

Data availability
No datasets were generated or analysed during the current study.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
1Nursing Department, The Second Affiliated Hospital, Zhejiang University 
School of Medicine, Zhejiang, Hangzhou 310000, Zhejiang, China
2Department of Gastroenterology Surgery, The Second Affiliated Hospital, 
Zhejiang University School of Medicine, No.88 Jiefang Road,  
Hangzhou 310000, Zhejiang, China

Received: 23 March 2024 / Accepted: 17 June 2024

References
1.	 Arnold M, Abnet CC, Neale RE, Vignat J, Giovannucci EL, McGlynn KA, Bray F. 

Global burden of 5 major types of gastrointestinal Cancer. Gastroenterology. 
2020;159(1):335–49. e15.

2.	 Jardim SR, de Souza LMP, de Souza HSP. The rise of gastrointestinal cancers 
as a global phenomenon: unhealthy behavior or progress? Int J Environ Res 
Public Health. 2023;20(4).

3.	 Lu L, Mullins CS, Schafmayer C, Zeissig S, Linnebacher M. A global assessment 
of recent trends in gastrointestinal cancer and lifestyle-associated risk factors. 
Cancer Commun (Lond). 2021;41(11):1137–51.

4.	 Hong MZ, Li JM, Chen ZJ, Lin XY, Pan JS, Gong LL. Global burden of major 
gastrointestinal cancers and its association with socioeconomics, 1990–2019. 
Front Oncol. 2022;12:942035.

5.	 Pan M, Qin C, Han X. Lipid metabolism and Lipidomics Applications in Cancer 
Research. Adv Exp Med Biol. 2021;1316:1–24.

6.	 Khan W, Augustine D, Rao RS, Patil S, Awan KH, Sowmya SV, et al. Lipid 
metabolism in cancer: a systematic review. J Carcinog. 2021;20:4.

7.	 Agarwala PK, Aneja R, Kapoor S. Lipidomic landscape in cancer: action-
able insights for membrane-based therapy and diagnoses. Med Res Rev. 
2022;42(2):983–1018.

8.	 Matsushita Y, Nakagawa H, Koike K. Lipid metabolism in Oncology: why it 
matters, how to Research, and how to treat. Cancers (Basel). 2021;13(3).

9.	 Birney E. Mendelian randomization. Cold Spring Harb Perspect Med. 
2022;12(4).

10.	 Zhong D, Cheng H. Application of mendelian randomization in the discovery 
of risk factors for coronary heart disease from 2009 to 2023: a bibliometric 
review. Clin Cardiol. 2024;47(1):e24154.

11.	 Lee K, Lim CY. Mendelian randomization analysis in Observational Epidemiol-
ogy. J Lipid Atheroscler. 2019;8(2):67–77.

12.	 Ottensmann L, Tabassum R, Ruotsalainen SE, Gerl MJ, Klose C, Widen E, et al. 
Genome-wide association analysis of plasma lipidome identifies 495 genetic 
associations. Nat Commun. 2023;14(1):6934.

13.	 Kamat MA, Blackshaw JA, Young R, Surendran P, Burgess S, Danesh J, et al. 
PhenoScanner V2: an expanded tool for searching human genotype-pheno-
type associations. Bioinformatics. 2019;35(22):4851–3.

14.	 Palmer TM, Lawlor DA, Harbord RM, Sheehan NA, Tobias JH, Timpson NJ, et al. 
Using multiple genetic variants as instrumental variables for modifiable risk 
factors. Stat Methods Med Res. 2012;21(3):223–42.

15.	 Burgess S, Butterworth A, Thompson SG. Mendelian randomization analysis 
with multiple genetic variants using summarized data. Genet Epidemiol. 
2013;37(7):658–65.

16.	 Bowden J, Davey Smith G, Haycock PC, Burgess S. Consistent estimation in 
mendelian randomization with some Invalid instruments using a weighted 
median estimator. Genet Epidemiol. 2016;40(4):304–14.

17.	 Bowden J, Davey Smith G, Burgess S. Mendelian randomization with invalid 
instruments: effect estimation and bias detection through Egger regression. 
Int J Epidemiol. 2015;44(2):512–25.

https://doi.org/10.1186/s12944-024-02191-0
https://doi.org/10.1186/s12944-024-02191-0


Page 11 of 11Jin et al. Lipids in Health and Disease          (2024) 23:202 

18.	 Hartwig FP, Davey Smith G, Bowden J. Robust inference in summary data 
mendelian randomization via the zero modal pleiotropy assumption. Int J 
Epidemiol. 2017;46(6):1985–98.

19.	 Yin Q, Zhu L. Does co-localization analysis reinforce the results of mendelian. 
Randomization? Brain. 2024;147(1):e7–8.

20.	 Burgess S, Foley CN, Allara E, Staley JR, Howson JMM. A robust and efficient 
method for mendelian randomization with hundreds of genetic variants. Nat 
Commun. 2020;11(1):376.

21.	 Verbanck M, Chen CY, Neale B, Do R. Detection of widespread horizontal 
pleiotropy in causal relationships inferred from mendelian randomization 
between complex traits and diseases. Nat Genet. 2018;50(5):693–8.

22.	 Bulik-Sullivan B, Finucane HK, Anttila V, Gusev A, Day FR, Loh PR, et al. An 
atlas of genetic correlations across human diseases and traits. Nat Genet. 
2015;47(11):1236–41.

23.	 Zhang Z, Li H, Weng H, Zhou G, Chen H, Yang G, et al. Genome-wide associa-
tion analyses identified novel susceptibility loci for pulmonary embolism 
among Han Chinese population. BMC Med. 2023;21(1):153.

24.	 Bian X, Liu R, Meng Y, Xing D, Xu D, Lu Z. Lipid metabolism and cancer. J Exp 
Med. 2021;218(1).

25.	 Martin-Perez M, Urdiroz-Urricelqui U, Bigas C, Benitah SA. The role of lipids in 
cancer progression and metastasis. Cell Metab. 2022;34(11):1675–99.

26.	 Irshad R, Tabassum S, Husain M. Aberrant lipid metabolism in Cancer: cur-
rent status and emerging therapeutic perspectives. Curr Top Med Chem. 
2023;23(12):1090–103.

27.	 Hung CY, Yeh TS, Tsai CK, Wu RC, Lai YC, Chiang MH, et al. Glycerophospholip-
ids pathways and chromosomal instability in gastric cancer: global lipidomics 
analysis. World J Gastrointest Oncol. 2019;11(3):181–94.

28.	 Zou L, Guo L, Zhu C, Lai Z, Li Z, Yang A. Serum phospholipids are poten-
tial biomarkers for the early diagnosis of gastric cancer. Clin Chim Acta. 
2021;519:276–84.

29.	 Zou L, Wang L, Guo L, Zhou W, Lai Z, Zhu C, et al. Small molecules as potential 
biomarkers of early gastric cancer: a mass spectrometry imaging approach. 
Clin Chim Acta. 2022;534:35–42.

30.	 Mir SA, Rajagopalan P, Jain AP, Khan AA, Datta KK, Mohan SV, et al. LC-MS-
based serum metabolomic analysis reveals dysregulation of phosphatidyl-
cholines in esophageal squamous cell carcinoma. J Proteom. 2015;127(Pt 
A):96–102.

31.	 Poirot M. Sterol metabolism and cancer. Biochem Pharmacol. 
2022;196:114843.

32.	 Yin X, Xu R, Song J, Ruze R, Chen Y, Wang C, Xu Q. Lipid metabolism in pancre-
atic cancer: emerging roles and potential targets. Cancer Commun (Lond). 
2022;42(12):1234–56.

33.	 Qin C, Yang G, Yang J, Ren B, Wang H, Chen G, et al. Metabolism of pan-
creatic cancer: paving the way to better anticancer strategies. Mol Cancer. 
2020;19(1):50.

34.	 Sanderson E, Glymour MM, Holmes MV, Kang H, Morrison J, Munafo MR et al. 
Mendelian randomization. Nat Rev Methods Primers. 2022;2.

35.	 Chen S, He W. Metabolome-wide mendelian randomization assessing the 
causal relationship between blood metabolites and bone Mineral Density. 
Calcif Tissue Int. 2023;112(5):543–62.

36.	 Liu D, Cao M, Wang H, Cao W, Zheng C, Li Y, Wang Y. Association between 
inflammatory bowel disease and cancer risk: evidence triangulation from 
genetic correlation, mendelian randomization, and colocalization analyses 
across east Asian and European populations. BMC Med. 2024;22(1):137.

37.	 Cao P, Wu S, Guo W, Zhang Q, Gong W, Li Q, et al. Precise pathological clas-
sification of non-small cell lung adenocarcinoma and squamous carcinoma 
based on an integrated platform of targeted metabolome and lipidome. 
Metabolomics. 2021;17(11):98.

38.	 Zhu Z, Zhang L, Lv J, Liu X, Wang X. Trans-omic profiling between clinical 
phenoms and lipidomes among patients with different subtypes of lung 
cancer. Clin Transl Med. 2020;10(4):e151.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations. 


	﻿Deciphering the lipid–cancer nexus: comprehensive Mendelian randomization analysis of the associations between lipid profiles and digestive system cancer susceptibility
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Study design
	﻿Data sources
	﻿Selection of IVs
	﻿Statistical analysis

	﻿Results
	﻿Causal effects of lipidomic traits on gastric cancer risk
	﻿Causal effects of lipidomic traits on esophageal cancer risk
	﻿Causal effects of lipidomic traits on colorectal cancer risk
	﻿Causal effects of lipidomic traits on liver and intrahepatic bile duct cancer risk
	﻿Causal effects of Lipidomic traits on Pancreatic Cancer Risk

	﻿Discussion
	﻿Conclusion
	﻿References


