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Abstract
Background  Metabolic dysregulation was closely associated with cancers. However, there is a lack of studies to explore 
the relationship between blood metabolites, related proteins, and different types of cancer.
Methods  Two-sample Mendelian randomization (MR) analysis was used to assess the causal effects of genetically deter-
mined metabolites and metabolite ratios on solid cancers. we analyzed 1400 metabolites/metabolite ratios as exposures 
and 16 cancers from UK Biobank/FinnGen as outcomes. Protein-metabolite interactions were mapped via MR and visual-
ized with Cytoscape, followed by Gene Ontology enrichment. Clinical validation included metabolomic profiling of 75 
breast cancer patients and 20 controls.
Results  MR analysis identified 11 metabolites or metabolite ratios causally associated with cancer risk. Moreover, 48 
proteins were demonstrated to be involved in the regulation of these metabolites, which are predominantly enriched 
in 5 significant metabolic pathways in cancers. Clinically, elevated lignoceroylcarnitine (C24) reduced breast cancer risk, 
while high glucose-to-mannose and alanine-to-asparagine ratios increased risk.
Conclusions  Our study revealed a causal effects of metabolites and its related proteins/pathways on various types of 
cancers.

Key messages 
What is already known on this topic?
Metabolic dysregulation in tumors has been reported in numerous studies and is closely linked to cancer initiation and 
prognosis. However, significant heterogeneity exists across different tumors and even among patients with the same 
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tumor type, making it challenging to identify the true drivers of cancer. Additionally, the molecular networks regulating 
these metabolites remain poorly understood amid the complex landscape of metabolic differences.
What this study adds?
This study, using two-sample Mendelian randomization (MR) analysis, identified eight metabolites and three metabolite 
ratios causally associated with cancer risk. These findings highlight shared factors in cancer development, providing criti-
cal molecules for cancer prevention, prognostic prediction, and therapeutic target screening. Moreover, 48 regulatory 
proteins were identified, predominantly enriched in five key metabolic pathways related to cancer: cell kinase apoptotic 
function, ERK1 migration and ERK2 signaling cascade, astrocyte amyloid fibril formation, cellular aldehyde catabolic pro-
cesses, and mRNA export from the nucleus. These results elucidate common metabolic regulatory mechanisms across 
cancers, offering significant insights into the design of metabolic-targeted cancer therapies.
How this study might affect research, practice, or policy?
Our findings hold significant implications for cancer prognosis prediction. By measuring blood metabolite and regula-
tory protein levels in cancer patients and analyzing multiple metabolite/protein combinations, tumor prognosis can be 
more accurately assessed. Additionally, our study highlights both the commonalities and differences in blood metabolite 
profiles among cancer patients, providing valuable insights into the mechanisms of tumor initiation and progression. 
Finally, by unveiling, for the first time, the connections between metabolites and regulatory proteins in pan-cancer, this 
research lays the groundwork for subsequent mechanistic studies and therapeutic target development.
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1  Introduction

Cancer is a major global health challenge, responsible for nearly 10 million deaths annually [1]. Despite advances in 
cancer treatment, there has been slower progress in tumorigenesis, contributing to the high mortality rates across 
various cancer types. Biomarkers such as circulating tumor DNA (ctDNA), exosomes, and other emerging markers have 
been identified for cancer detection and treatment, but much of these findings remains at the experimental stage, far 
from clinical application [2]. Thus, identifying new biomarkers suitable for various types of cancer is crucial to deepen 
the understand of cancer development and advance therapeutic strategies.

In recent years, growing evidence has demonstrated a strong link between cancer and metabolic dysregulation, with 
conditions such as diabetes, non-alcoholic fatty liver disease, and obesity [3–5]. Metabolites, representing the substrates 
and end-products of both the host’s and microbiome’s metabolic processes, provide a direct reflection of the organism’s 
metabolic state. It has been shown that disturbances in glucose and amino acid metabolism are particularly pronounced 
in solid tumors [6]. Metabolomics, the comprehensive analysis of metabolites, enables the elucidation of biological phe-
notypes, disease progression, and adaptation to environmental factors. As a result, metabolomics offers a valuable tool 
for the identification and characterization of biomarkers [7]. Several studies have highlighted the diagnostic potential of 
metabolites, particularly those found in urine, plasma, and serum, in cancer detection [8, 9]. However, the causal relation-
ships between these metabolic changes and their corresponding protein expressions remain insufficiently understood.

The recent development of high-throughput technologies has enabled large-scale Genome-Wide Association Studies 
(GWAS), which have identified numerous single nucleotide polymorphisms (SNPs) associated with metabolite levels. 
These advances have laid the groundwork for genetically determined metabolite databases [9]. Mendelian Randomiza-
tion (MR) is a genetic epidemiology method that uses SNPs as instrumental variables (IVs) to assess causal relationships 
between exposures-such as metabolites or related proteins-and disease outcomes. By leveraging genetic variants, MR 
minimizes the potential biases of confounding and reverse causation present in traditional observational studies. In this 
study, we employ a two-sample MR design to investigate the causal impact of metabolites and their related proteins on 
various types of cancers. This approach aims to provide insight into the metabolic pathways that influence cancer risk 
and identify potential therapeutic targets.

2 � Method

2.1 � Study design

This study systematically investigates the causal relationship between human blood metabolites and cancer risk using 
a two-sample MR design. To ensure the robustness of MR findings, we adhered to three core assumptions: (1) genetic 
instruments must be directly associated with the exposure of interest (i.e., blood metabolites); (2) these instruments 
must be independent of the outcome (i.e., cancer types) and any known or unknown confounders; (3) the influence of 
instrumental variables (IVs) on the outcome should be mediated solely through the exposure of interest. We sourced 
genetic information for metabolites and cancer outcomes from distinct Genome-Wide Association Study (GWAS) data-
sets to eliminate sample overlap. The methods employed in this study adhere with the STROBE-MR checklist [10]. An 
overview of this MR study is presented in Fig. 1.

2.2 � GWAS data for blood metabolites and cancers

We obtained GWAS summary datasets for 1091 blood metabolites and 309 metabolite ratios from Chen et al. [9], repre-
senting the most comprehensive metabolite-related GWAS data available to date. These summary statistics were depos-
ited in the GWAS catalog (https://​www.​ebi.​ac.​uk/​gwas/). Among the 1091 metabolites evaluated, 850 were identified 
across eight superpathways (lipid, amino acid, xenobiotics, nucleotide, cofactor and vitamins, carbohydrate, peptide, 
and energy), while the remaining 241 were classified as unknown or partially characterized.

To minimize biases related to population stratification, our analysis focused exclusively on the European popula-
tion. Summary GWAS data for 16 types of cancers were acquired from UK Biobank (UKB) and FinnGen consortium R8 
release data, including esophagus, stomach, small intestine, pancreas, bronchus, lung, melanoma, uterine cervix, bladder, 
brain, colorectal, bone, breast, prostate, kidney, ovary, and thyroid (Table 1). The UK Biobank is a large-scale biomedical 

https://www.ebi.ac.uk/gwas/
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database, providing comprehensive genetic and health information from over 500,000 participants aged 40–69, with 
extensive lifestyle, environmental, and medical history data [11]. The FinnGen project leverages the unique genetic 
characteristics of the Finnish population, along with its extensive national health registry, offering advantages in genetic 
research due to historical isolation and the founder effect, which allows for the identification of rare, high-impact genetic 
mutations [12]. Discovery analysis utilized UK Biobank data, while validation was performed in FinnGen R8. Phenotype 
definitions followed ICD-10 codes, and covariates included age, sex, and genetic principal components. The download 
links of all cohorts are provided in Tables S1–S2.

We sourced exposure and outcome GWAS datasets from independent cohorts. The metabolite GWAS [9] explicitly 
excluded participants from both UK Biobank and FinnGen. Cancer GWAS data were obtained separately from UK Biobank 
(UK population) and FinnGen (Finnish population), with no obvious geographical or genetic overlap between these 
cohorts. The GWAS summary statistics for metabolites and cancers were adjusted for age, sex, genetic principal compo-
nents (PCs), and batch effects in the original studies. To minimize confounding by lifestyle factors (e.g., smoking, diet), 
we excluded SNPs associated with these traits (P < 2.23 × 10−6) using the PhenoScanner database.

2.3 � Instrumental variables screening and MR analysis

The selection of IVs must satisfy the three assumptions [13]: (1) To account for multiple testing, we applied Bonferroni 
correction. The significance threshold was defined as Pthreshold = 0.05/N, where N represents the total number of compari-
sons (1,400 metabolites × 16 cancer types = 22,400). Thus, the adjusted threshold was P < 2.23 × 10−6. SNPs associated with 
each metabolite at genome-wide significance (P < 2.23 × 10−6) were screened as IVs; (2) the SumStatsRehab software tool 
[14] was employed to supplement missing variant IDs for IVs, (3) Linkage disequilibrium analysis was performed using a 
clumping procedure with an r2 threshold of < 0.001 and a 10,000 kb window, referencing the European 1000 Genomes 
Project Phase 3 panel [15]. Subsequently, we assessed the strength of all IVs by calculating the explained variance (R2) 
and F-statistical parameters. IVs with F > 10 were considered strong instruments and were included in subsequent MR 
analyses. The “TwoSampleMR” package was used to perform MR analysis. For metabolites with a single instrument, the 

Fig. 1   Design of this Mendelian randomization study
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Wald ratio method was utilized to estimate the log odds change in cancer risk for each standard deviation (SD) increase 
in circulating metabolite levels. For metabolites with multiple instruments, the inverse-variance weighted (IVW) method 
was applied to obtain MR effect estimates. Heterogeneity testing was conducted using the Q statistic to evaluate vari-
ability among genetic instruments. Finally, the estimates from the 16-site pan-cancer analysis in FinnGen and UKBB were 
combined using a random-effects meta-analysis approach.

2.4 � Protein‑metabolite‑wide MR analysis

Genetic associations for 4,853 plasma proteins were sourced from Sun’s study [16], with SNPs defined as genetic proxies. 
A protein-metabolite-wide MR analysis was performed to explore interactions between proteins and metabolites.Genetic 
instruments for proteins were selected at P < 2.23 × 10−6, with clumping parameters of r2 < 0.001 and a 10,000 kb window. 
We applied inverse-variance weighted (IVW) as the primary method and conducted colocalization analysis to confirm 
shared causal variants. The outcomes of this analysis were visualized using Cytoscape v3.9.1 software [17]. Gene Ontol-
ogy (GO) functional analysis [18] was subsequently performed based on the proteins associated with the metabolites, 
using Metascape (http://​metas​cape.​org) with a Benjamini–Hochberg adjusted P < 0.05.

2.5 � Sample collection and UPLC‑MS/MS analysis

To validate the results from the MR analysis, metabolomic profiling was conducted on clinical samples from 75 patients 
with breast cancer and 20 healthy controls. The samples were collected from Sir Run-Run Shaw Hospital between 2023.03 
to 2024.09. Cases and controls were matched in 1:2 by age. Plasma samples were drawn in the early morning using 
EDTA-treated vacutainer tubes to minimize potential metabolic alterations. Within 30 min of collection, the samples 
were processed by centrifugation at 3000 rpm for 10 min to separate plasma from cellular components. The resulting 
plasma was carefully aliquoted into 1.5 mL cryogenic tubes and immediately stored at − 80 °C for future analysis. Logistic 
regression models were used to assess metabolite differences, adjusted for BMI, menopausal status (for breast cancer), 
and chemotherapy history.

Sample preparation was automated using the MicroLab STAR® system (Hamilton Company). Proteins were precipitated 
by adding methanol, followed by agitation for 2 min using a GenoGrinder 2000 (Glen Mills). Metabolomic profiling was 
performed by Metabolon, Inc., using a Waters ACQUITY UPLC coupled with a Thermo Scientific Q Exactive high-resolution 
mass spectrometer. The system employed a heated electrospray ionization (HESI–II) source and Orbitrap mass analyzer. 

Table 1   Characteristics of 
cancer GWAS datasets and 
associated Metabolites

Phenotypes Discovery cohort: UK Biobank Validation cohort: finngen_R8

Cases (N) Controls (N) Metabolites 
(P < 0.05)

Cases (N) Controls (N) Metabolites 
(P < 0.05)

Esophagus 975 419,556 61 503 259,583 10
Stomach 764 419,767 60 1227 259,583 17
Small intestine 244 420,287 61 455 259,583 10
Pancreas 933 419,598 52 1249 259,583 13
Bronchus and lung 3048 417,483 71 5118 259,583 16
Malignant melanoma 2598 417,933 81 2705 259,583 11
Uterine cervix 273 420,258 51 2913 149,394 18
Bladder 2576 417,955 56 2380 259,583 14
Brain 666 419,865 53 774 259,583 20
Colorectal 5693 386,740 79 5458 259,583 13
Bone 172 419,977 58 189 259,583 13
Breast 13,257 205,913 65 14,000 149,394 19
Prostate 7691 169,762 78 11,590 110,189 16
Kidney 1307 415,431 58 1830 259,583 14
Ovary 1147 207,089 64 1264 149,394 14
Thyroid 427 418,625 79 1525 259,583 6
Total numbers 41,771 5,576,683 255 53,180 3,673,367 187

http://metascape.org
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Two distinct gradient elution methods were used: one for hydrophilic compounds under acidic, positive ionization 
conditions (water and methanol with 0.05% PFPeA and 0.1% FA) and one for basic compounds under negative ioniza-
tion (methanol, water, and 6.5 mM ammonium bicarbonate at pH 8). Hydrophobic compounds were analyzed using a 
C18 column under similar gradient conditions. Additional separation was achieved using hydrophilic interaction liquid 
chromatography (HILIC) for negative ionization with 10 mM ammonium formate at pH 10.8. Mass spectrometry data were 
collected in MS and data-dependent MS^n modes, with dynamic exclusion, within a 70–1000 m/z scan range. Raw data 
were processed for peak extraction and identification using Metabolon’s proprietary library of purified standards. Data 
normalization and scaling were performed in MetaboAnalyst 5.0, applying "Normalization by sum" and "auto scaling" 
for statistical analysis and interpretation.

3 � Results

3.1 � Causal effects of metabolites and metabolite ratios on cancer

Using the IVW method, we assessed the causal effects of 1400 metabolites and metabolite ratios on various types of 
cancer. In the discovery cohort (UK Biobank), we identified 255 potential causal associations (P < 0.05), with the num-
ber of metabolites associated with individual type of cancer ranging from 52 to 81 (Table 1). In the replication cohort 
(FinnGen_R8), a total of 187 metabolites were associated with cancers, with the number of associated metabolites per 
cancer type ranging from 6 to 20. We also examined the causal relationships between individual metabolites and dif-
ferent cancer types. As shown in Fig. 2, the UK Biobank cohort revealed 21 metabolites and 7 metabolite ratios with 
potential causal associations, including 10 lipids, 5 amino acids, 1 xenobiotic, 1 carbohydrate, 1 peptide, 2 energy-related 
metabolites, and 1 unknown metabolite. A similar pattern of associations was observed for these 28 metabolites and 
ratios in the FinnGen_R8 cohort. The detailed statistical results are provided in Supplementary Tables S3–S6, Table S9 

3.2 � Meta‑analysis and validation of causal relationships

To mitigate heterogeneity across datasets, we performed a meta-analysis to further elucidate the relationship between 
these metabolites and cancer risk. The results, depicted in Fig. 3, show that 8 metabolites and 3 metabolite ratios had 
significant causal relationships with cancer risk. These included 2-linoleoylglycerol (18:2), X-25433, glycodeoxycho-
late 3-sulfate, lignoceroylcarnitine (C24), sulfate from the piperine metabolite C18H21NO3 (3), trans-urocanate, cys-
tine, androstenediol (3beta17beta) monosulfate (1), as well as the glucose-to-mannose ratio, alanine-to-asparagine 
ratio, and 3-phosphoglycerate-to-adenosine 5′-diphosphate (ADP) ratio. Notably, 2-linoleoylglycerol (18:2), X-25433, 
the glucose-to-mannose ratio, and the alanine-to-asparagine ratio were associated with an increased risk of cancer. In 
contrast, glycodeoxycholate 3-sulfate, lignoceroylcarnitine (C24), sulfate from the piperine metabolite C18H21NO3 (3), 
trans-urocanate, cystine, androstenediol (3beta17beta) monosulfate (1), and the 3-phosphoglycerate-to-ADP ratio were 
linked to a decreased cancer risk. Detailed statistical results can be found in Supplementary Table S7.

3.3 � Analysis of protein‑metabolite interactions

We further explored the interactions between proteins and the 11 metabolites or metabolite ratios identified above 
through protein-metabolite-wide MR analysis and multiple testing corrections. As shown in Fig. 4, 48 proteins were 
found to be associated with these metabolites, including 16 proteins related to metabolites that increase cancer 
risk, 31 proteins linked to metabolites that decrease cancer risk, and 1 protein associated with metabolites that both 
positively and negatively influence cancer risk. Among the 16 proteins linked to increased cancer risk, 9 (C5orf38, LPA, 
ADH4, CCL24, LOXL3, LDLR, KITLG, BPTF, and COTL1) positively regulate these metabolites, while 7 (CLC, FAM20A, MPI, 
PRG3, PCOLCE2, LTA, PFKFB2) negatively regulate these metabolites. Of the 31 proteins associated with decreased 
cancer risk, 11 proteins (INHBA, APOC3, SEPW1, MANF, DLK1, TYRO3, EPCAM, BLMH, SULT2A1, UBLCP1, and FAIM3) 
positively regulated, whereas 20 (SKP1, CXCL9, ETS2, RP2, NPPA, HAGH, ANGPT1, DAB2, APP, PDGFA, CGB2, LAT, 
SPARC, MPIG6B, THBS1, CD40LG, DDX19B, DDX19A, KLK11 and KCNA10) negatively regulated these metabolites. 
Interestingly, the protein F9 was found to positively regulate both lignoceroylcarnitine (C24) levels and the alanine-
to-asparagine ratio, thus influencing both increased and decreased cancer risk. Further details are available in Sup-
plementary Table S8.
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Fig. 2   Heatmap of metabolites related to different cancers in the two cohorts. *P < 0.05, **P < 0.01, ***P < 0.001

Fig. 3   Forest plots of the associations between the selected metabolites and cancers. The results from the UK Biobank database are pre-
sented in blue, while the results from Finngen are presented in yellow. OR, odds ratio; CI confidence interval
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Functional enrichment analysis revealed that these proteins are implicated in 5 key metabolic pathways associated 
with cancer, including cell kinase apoptotic function, ERK1 migration and ERK2 cascade, astrocyte amyloid fibril forma-
tion, cellular aldehyde catabolic metabolic processes, and mRNA export from the nucleus (Fig. 4).

Fig. 4   Protein-metabolite interactions and functional analysis. A Interaction of 48 metabolite-related proteins with 11 metabolites or 
metabolite ratios. B Functional analysis of metabolite-related proteins
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3.4 � Validation with self‑reported data

To validate the findings of MR, LC‒MS/MS data from 40 patients with breast cancer and 20 healthy controls were ana-
lyzed. As shown in Fig. 5, six metabolites or ratios exhibited significant differences between breast cancer patients and 
controls. Specifically, glucose, mannose, the glucose-to-mannose ratio, and the alanine-to-asparagine ratio were elevated, 
while asparagine and lignoceroylcarnitine (C24) were reduced in breast cancer patients (all P < 0.05). ROC curve analysis 
indicated that the glu/mannose ratio, alanine/asparagine ratio, and level of lignoceroylcarnitine (C24) performed well 
in terms of diagnostic value, whereas the diagnostic value of glycodeoxycholate 3-sulfate was relatively poor (Fig. 5).

Fig. 5   Self-data replication in breast cancer. A Levels or ratios of different metabolites in breast cancer patients versus controls. B ROC curve 
of metabolite levels or ratios. Sen, sensitivity; Sep, specificity
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4 � Discussion

In this study, we explored the causal relationships between serum metabolites, their regulatory proteins, and cancers. 
We identified 8 metabolites and 3 metabolite ratios that were causally associated with cancer risk. Furthermore, 48 
proteins were found to regulate these metabolites, predominantly enriched in 5 key metabolic pathways linked to 
cancer: cell kinase apoptotic function, ERK1 migration and ERK2 cascade, astrocyte amyloid fibril formation, cellular 
aldehyde catabolic metabolic processes, and mRNA export from the nucleus. Clinical data from breast cancer patients 
validated that high ratios of glucose-to-mannose and alanine-to-asparagine were associated with increased cancer 
risk, while elevated lignoceroylcarnitine (C24) levels were identified as protective factors, supporting the findings 
of MR analysis in the pan-cancer study. These findings not only enhance our understanding of cancer pathogenesis 
but also provide potential avenues for future preventative and therapeutic strategies.

Previous studies have mainly focused on the association of single metabolites (such as lactate) with tumors, but 
have failed to explain the overall disruption of the metabolic network. This study, through ratio analysis, reveals the 
universality of metabolite ratios in pan-cancer. Single metabolite levels are easily influenced by transient factors 
such as sample collection time and dietary status, whereas ratios can reflect the dynamic balance between two 
metabolites (such as the competitive absorption or conversion of glucose and mannose), providing a closer repre-
sentation of the true metabolic flux in the body. Additionally, combinatorial biomarkers integrate multidimensional 
metabolic information, overcoming the diagnostic limitations of single metabolites. By standardizing, they eliminate 
systematic errors from sample processing or instrument detection, enhancing the reproducibility of results. Spe-
cifically, both the glucose-to-mannose and alanine-to-asparagine ratios were shown to be causally associated with 
increased cancer risk in our MR analysis and were validated in breast cancer patients, suggesting that these ratios 
are cancer risk factors. Previous research by Yue et al. also identified the glucose-to-mannose ratio as a risk factor 
for HER2-positive breast cancer [19]. This highlights the possibility that elevated glucose levels or reduced mannose 
levels increase the ratio. Glucose metabolism is known to promote tumor cell growth and proliferation [20], while 
while mannose (C6H12O6) has demonstrated tumor growth inhibition in both in vitro and in vivo studies [20]. The 
glucose-to-mannose ratio in serum shows promise as a potential biomarker for ovarian cancer [21]. Noteworthy 
findings have demonstrated that higher mannose levels reduce the recurrence and mortality risks in esophageal 
adenocarcinoma (EAC) patients, underscoring mannose’s potential diagnostic and prognostic utility for various can-
cers. [22, 23]. However, limited research exists on the associations between cancer and other metabolites such as 
2-linoleoylglycerol (18:2), X-25433, and the alanine-to-asparagine ratio, warranting further investigation into the 
mechanisms underlying these associations.

On the other hand, 7 metabolites or metabolites ratio, especially lignoceroylcarnitine (C24), were found to be 
causally associated with a reduced risk of mutiple cancers. Lignoceroylcarnitine (C24), a member of the acylcarnitines 
class, plays a crucial role in the energy supply pathway via long-chain fatty acid β-oxidation [24]. Impaired fatty acid 
oxidation (FAO) and lipid accumulation contribute to conditions such as obesity, insulin resistance, and cardiomyo-
pathy. The long-chain fatty acid β-oxidation of FAO occurs in the mitochondrial matrix. In recent years, research has 
highlighted that FAO plays a crucial role in the production of several important molecules, including nicotinamide 
adenine dinucleotide (NADH), flavin adenine dinucleotide (FADH2), nicotinamide adenine dinucleotide phosphate 
(NADPH), and adenosine triphosphate (ATP), providing a survival advantage to cancer cells and enhance ATP pro-
duction when needed, helping to inhibit pro-apoptotic pathways in cancer[25, 26]. Due to the lake of evidence, the 
exact role of lignoceroylcarnitine (C24) in cancer remains unclear. Its protective effect may be linked to fatty acid 
oxidation metabolism in cancer cells, indicating a potential area for future research.

Our analysis of protein-metabolite interactions revealed that 48 proteins regulate these metabolites, closely linked 
to several pathways involved in cancer: kinase apoptotic function, ERK1/2 pathway, astrocyte amyloid fibril formation, 
cellular aldehyde catabolic processes, and mRNA export from the nucleus. Cancer is characterized by dysregulation 
of key cellular processes, including kinase-mediated apoptotic pathways such as MAPKs (p38, JNK), PI3K, and AKT, 
which are critical for regulating cell death and metabolic activities [27, 28]. The ERK cascade, by promoting metabolic 
flexibility, allows cancer cells to switch between various substrates such as glucose, lipids, and amino acids depend-
ing on nutrient availability [29]. Amyloid fibrils, typically associated with neurodegenerative diseases, have been 
observed in the tumor microenvironment, especially in brain tumors like gliomas [30]. Amyloid fibril formation in 
astrocytes may disrupt protein metabolism and redox homeostasis, facilitating uncontrolled growth and resistance 
to therapies. Aldehydes, which are byproducts of lipid peroxidation and amino acid metabolism, are highly reactive 
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and cytotoxic if not efficiently metabolized. In cancer cells, the upregulation of aldehyde dehydrogenases (ALDHs) 
detoxifies aldehydes, reducing oxidative damage and maintaining redox balance [31]. ALDHs also play a dual role by 
promoting the oxidation of aldehydes into less toxic acids, thereby supporting cancer cell survival under oxidative 
stress [31]. Additionally, the export of mRNA from the nucleus, a critical step in gene expression, is dysregulated in 
several cancers. The export of mRNA, especially those encoding metabolic enzymes and signaling molecules, ensures 
that tumor cells can adapt their metabolic programs in response to environmental changes.

Our study has several strengths. First, this is the first MR study to integrate metabolomics, proteomics, and genomics 
to examine the causal relationships between serum metabolites, their related proteins, and cancer. Second, the large 
sample sizes used in our MR analyses, drawn from different databases, enhance the reliability of our findings. Third, self-
reported data were used to replicate and validate our MR results. Our study also has several limitations. First, MR relies 
on valid genetic instruments; weak instrument bias may affect estimates for metabolites with low heritability. Second, 
horizontal pleiotropy cannot be fully excluded, though sensitivity analyses showed no significant bias (Supplementary 
Tables). Besides, MR reflects only lifelong genetic effects and is unable to capture the dynamic changes in metabolites 
over time and their impact on cancer. Thus, further research is needed to validate our results.

In conclusion, our MR study systematically analyzed the causal effects of metabolites and their related proteins on 
cancer risk. We identified 11 metabolites or metabolite ratios and 48 associated proteins linked to the risk of multiple 
cancers, along with 5 key metabolic pathways implicated in cancer development. Further research is needed to fully 
elucidate the pathogenic mechanisms of these metabolites and proteins in cancer.
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