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Abstract

Background: Relevant studies have demonstrated that plasma metabolites and immune cell
characteristics are closely related to colorectal cancer (CRC). However, the causal relationship among
these factors remains unclear, particularly regarding whether immune cell traits mediate the causal link
between plasma metabolites and CRC.

Methods: This study employed a two-step, two-sample Mendelian randomization (MR) using summary
data from genome-wide association studies (GWAS) to assess causal associations between 1,400 plasma
metabolites, 731 immune cell traits, and CRC. Additionally, it evaluated the mediating effect of immune
cell traits and utilized single-cell RNA sequencing (scRNA-seq) to analyze immune cells infiltration in
CRC, assess their metabolic functional changes and their interactions with CRC cells.

Results: Univariable two-sample MR analysis revealed causal relationships between 49 plasma
metabolites and CRC, as well as between 36 immune cell traits and CRC. Two-step MR analysis revealed
that two plasma metabolites (Sphingomyelin  (d18:1/22:1, d18:2/22:0, d16:1/24:1) and
16a-hydroxy-DHEA-3-sulfate) influence CRC through two immune cell traits (SSC-A on CDI14+
monocyte and CD3 on CD28- CD8+ T cell). Among these, SSC-A on CD14+ monocyte exhibited the
highest mediating effect proportion, at 11.723%. scRNA-seq analysis further confirmed the increased
infiltration of CD28- CD8+ T cells and CD14+ monocytes in CRC, along with upregulated sphingolipid
metabolism and steroid biosynthesis. These cells were also found to interact with CRC cells, contributing
to tumor initiation and progression.

Conclusion: This study provides new evidence for the causal relationship between plasma metabolites

and CRC, and it identifies immune factors with potential mediating roles. These findings offer new insights
for further exploration of the mechanisms underlying the development of CRC.

Keywords: Plasma metabolites; Immune cell traits; Colorectal cancer; Mendelian randomization; Mediation analysis; Single-cell
RNA sequencing

Introduction

Colorectal cancer (CRC) is the third most
commonly diagnosed cancer worldwide, with a
cancer-related mortality rate of 9.4%, placing it second
in cancer mortality rates [1]. Approximately 20% of
CRC patients present with distant metastasis at

diagnosis, and the prognosis for metastatic CRC
patients remains poor [2]. Therefore, research into
early intervention and preventative management
strategies for CRC is essential to reduce the public
health burden. Previous studies have identified
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obesity, BMI, and total cholesterol as common risk
factors for CRC [3, 4]. Additionally, metabolites and
immune cells are closely associated with the
development and progression of CRC [5, 6].

Metabolites are chemical substances produced
through metabolic processes within organisms. These
substances, including amino acids, carbohydrates,
lipids, and so on, are influenced by various factors
such as genetics, diet, lifestyle, gut microbiota, and
disease. Concurrently, these metabolites are also risk
factors for disease and serve as targets for therapeutic
interventions [7]. Metabolic reprogramming is now
recognized as one of the ten hallmark characteristics
of tumors [8]. As key molecules in the metabolic
reprogramming process, metabolites play a
significant role in the occurrence and development of
tumors. Numerous circulating metabolites have been
reported to aid in cancer diagnosis [9] and contribute
to tumor development [5]. For instance, higher intake
of trans fatty acids and a higher n-6/n-3
polyunsaturated fatty acid ratio are associated with an
increased risk of CRC [10]. Additionally, the
inhibition of sphingolipid production can suppress
CRC proliferation [11]. Serine reverses the inhibitory
effects of ADH1C overexpression on CRC, promoting
tumor progression [12]. Bioinformatics analysis and
case-control studies have been conducted to explore
the relationship between adiponectin receptor
ADIPORI1 single nucleotide polymorphisms (SNPs)
and lipid profile parameters in CRC patients. The
results indicate that ADIPOR1 rs7539542 is associated
with reduced levels of HDL-C, LDL-C, and TC in CRC
[13]. Additionally, Mendelian randomization (MR)
studies identified 1-(1-enyl-palmitoyl)-2-
arachidonoyl-GPE (P-16:0/20:4) and arachidonate
(20:4n6) as risk factors for CRC [14]. Although these
studies have highlighted the role of certain
metabolites in CRC, further research is needed to
elucidate new areas of investigation. Furthermore,
there is evidence indicating that metabolites may
exert an influence on the functionality of immune
cells, thereby promoting immune evasion in tumors
[15, 16].

Immune cells, as an important component of the
tumor immune microenvironment, interact with
surrounding cells and are essential for the spread of
CRC. A MR analysis examined the effects of five
circulating white blood cell types on CRC risk,
revealing that increased eosinophil counts may offer a
protective effect against CRC [17]. Similarly, Elevated
levels of CD8+ T cells, Thl cells, and NK cells in the
tumor microenvironment have been associated with
anti-tumor effects and improved prognosis in CRC
[6]. By releasing granzyme and perforin, CD8+ T cells
specifically kill target cells, such as tumor cells [18].

Inhibition of sphingomyelin synthase 2, resulting in
reduced sphingomyelin production, has been found
to inhibit M2-type macrophage polarization and
improve CD8+ T cell infiltration, thereby suppressing
tumor metastasis [19]. However, the role of immune
cells in mediating the effects of plasma metabolites on
CRC progression remains largely unexplored. In
recent years, the swift advancements in single-cell
RNA sequencing (scRNA-seq) technology have
enabled researchers to meticulously dissect the
characteristics of diverse cellular subpopulations
during the progression of diseases. scRNA-seq
provides a high-resolution map of immune cells,
facilitating the precise identification of specific cell
populations and their corresponding gene expression
signatures  [20]. Therefore, by harmoniously
integrating two-step, two-sample mediation MR with
scRNA-seq analysis, this study further elucidates the
intricate causal relationships between plasma
metabolites, immune cell traits and CRC, thereby
deepening our understanding of the pivotal roles
these factors play in CRC pathogenesis.

Material and Methods
Study design
This study was divided into two main

components. The first component utilized a two-step,
two-sample MR approach to determine the causal
relationship between plasma metabolites and CRC,
and to assess whether immune cell traits are
mediating this link. In the first step, two-sample MR
was employed to evaluate the causal relationships
among plasma metabolites, immune cell traits, and
CRC, identifying plasma metabolites and immune cell
traits that are highly associated with the risk of CRC.
The second step was to investigate the casual
relationships between the screened plasma
metabolites and the screened immune cell traits.
Significant associations between plasma metabolites
and immune cell traits were identified, and the
mediating effect of each immune cell trait on the
causal relationship between plasma metabolites and
CRC was calculated. The second component involved
obtaining scRNA-seq data of CRC tissues and
adjacent normal tissues from the GEO database.
Following quality control, dimensionality reduction,
clustering, and annotation, functional changes in
different cell types and subpopulations under tumor
conditions ~ were identified and analyzed.
Furthermore, the cellular communication and
metabolic functional alterations of immune cell
subpopulations were explored to validate the roles of
specific immune cell subtypes in CRC. The study
design is illustrated in Figure 1.
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Source of genome-wide association study data

CRC data were obtained from the FinnGen
database (https:/ /finngen.gitbook.io/
documentation/v/r10), Data ID:
finngen_R10_C3_COLORECTAL_EXALLC. All CRC
patients were diagnosed according to ICD-9 or ICD-10
criteria, and individuals in the control group had no
history of any other tumors. The database was
adjusted for covariates including sex, age, 10 principal
components (PCs), Finngen chip version 1 or 2, and
legacy genotyping batch [21]. A total of 6,847 CRC
cases and 314,193 controls were included in the study.
Data on 1,400 plasma metabolites were sourced from
the GWAS Catalog database (https://www.ebi
.acuk/gwas/), with identifiers ranging from
GCST90199621 to GCST90201020. This dataset
comprises 1,091 plasma metabolites and 309
metabolite ratios, including 850 known metabolites
categorized into eight classes: lipids, amino acids,
xenobiotics, nucleotides, cofactors and vitamins,
carbohydrates, peptides, and energy. The remaining
241 are classified as unknown or partially
characterized molecules [7]. Data for 731 immune cell
traits (Ebi-a-GCST0001391 to Ebi-a-GCST0002121)
were retrieved from the IEU OpenGWAS project
database (https://gwas.mrcieu.ac.uk/). These traits
encompass seven cell panels: B cells, dendritic cells
(DCs), mature T cells, monocytes, myeloid cell, TBNK,
and regulatory T cells (Tregs). Additionally, the 731
immune cell traits include absolute cell counts (AC),
relative cell counts (RC), median fluorescence
intensity (MFI) reflecting surface antigen levels, and

morphological parameters (MP) [22]. All samples
were from Western populations, selected for inclusion
due to their similar genetic structures related to CRC
risk.

Selection of genetic instrumental variables
(1Vs)

According to the principle of MR, three basic
assumptions must be observed when selecting IVs: (1)
Relevance: Genetic variants should be significantly
associated with the exposure and SNPs should be
independent; (2) Exclusion: Genetic variants should
not be directly associated with the outcome,
influencing it only through the exposure; (3)
Independence: Genetic variants should not be related
to any known or unknown confounders, which may
include environmental, socioeconomic, and other
biological factors.

To select appropriate IVs, the following criteria
were applied: (1) SNPs significantly associated with
genome-wide patterns (significance threshold P <
5x10°%) were chosen as candidate IVs for CRC. For
SNPs related to plasma metabolites and immune cell
traits, a significance threshold of P < 1x10°> was used;
(2) Using the European 1000 Genomes Project as a
reference panel, SNPs with linkage disequilibrium
(LD) were eliminated (r> < 0.001, clustering window
size kb=10000); (3) SNPs significantly associated with
the outcome (P < 5x10°%) were excluded; (4)
Palindromic SNPs were removed to ensure that the
effects of SNPs on the exposure and outcome
correspond to the same allele; (5) The F-statistic was
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calculated to assess the strength of the IVs, retaining
only strong IVs with an F-value greater than 10 (F >
10) and a minor allele frequency (MAF) greater than
0.01 (MAF > 0.01); (6) When original SNP data were
missing or of low quality, SNPs with highly similar
genetic information (r2 > 0.8) were identified using the
LDlink tool as substitutes, provided they met the
fundamental assumptions of MR analysis.

Univariate two-sample MR analysis

To evaluate the causal relationships between
plasma metabolites and CRC, immune cell traits and
CRC, and plasma metabolites and immune cell traits,
five MR analysis methods were employed: Inverse
Variance Weighted (IVW), Weighted Median,
MR-Egger regression, Weighted Mode, and Sample
Mode. IVW was used as the primary method, and
results with P < 0.05 were considered to have
preliminary causal associations. To identify exposure
factors with strong causal associations, stricter criteria
were applied: (1) IVW-MR method with P < 0.05; (2)
consistent direction of OR values across all five MR
methods; (3) MR-PRESSO test confirming no outlier
interference, with a global P > 0.05; (4) pleiotropy test
P > 0.05, indicating no horizontal pleiotropy.

Mediation MR analysis

In previous analyses, plasma metabolites and
immune cells traits with strong causal associations
with CRC were identified using two-sample MR, and
the total effect (beta T) from plasma metabolite to
CRC was calculated. Next, a two-step mediation
analysis was conducted to explore immune cells traits
that may be mediators of the causal effect of plasma
metabolites on CRC. Firstly, using the previously
identified plasma metabolites and immune cells traits,
we conducted further screening of plasma metabolites
that showed strong causal associations with immune
cell traits through two-sample MR, calculating their
effect values (beta A). Secondly, using the immune
cells identified in the first step as exposures, the effect
values of immune cell traits on CRC (beta B) were
calculated, adjusting for the influence of plasma
metabolites by removing the IVs used in the plasma
metabolites-immune cell traits MR analysis. Thirdly, a
reverse MR analysis was employed to exclude the
reverse causal effect of CRC on plasma metabolites.
Finally, the mediation effect (beta A x beta B) and its
proportion (beta A x beta B / beta T) in the plasma
metabolites-CRC pathway were calculated using the
"product of coefficients" method. Statistically
significant is a P value < 0.05.

Sensitivity analysis

Sensitivity analyses included tests for pleiotropy

and heterogeneity. Pleiotropy was assessed using
MR-PRESSO, the Egger regression model and the
leave-one-out method. Heterogeneity was assessed by
calculating the heterogeneity statistic (Cochran's Q)
using the IVW method to assess the variability
between the effects of different IVs. Significant
heterogeneity or pleiotropy was indicated by a P
value less than 0.05.

Single-cell RNA sequencing analysis

The GSE166555 scRNA-seq dataset was
downloaded from the Gene Expression Omnibus
(GEO) database (https://www.ncbi.nlm.nih.gov/
geo/). This cohort includes tumor and paired normal
tissues from 12 CRC patients. High-throughput
sequencing for these samples was performed using
the 10x Genomics platform and [llumina NextSeq 500
sequencer. The sequencing matrix data were merged
using the R package "Seurat V4.4.0," with cell filtering
criteria set to exclude cells expressing fewer than 200
or more than 5000 genes, as well as cells with > 5%
mitochondrial genes and > 55% ribosomal genes.
Subsequently, the data were normalized and
standardized, and doublets were removed using the R
package "scDblFinder V1.18.0" (with a doublet
capture threshold of 0.8% per 1000 cells). The top 2000
most variable genes were selected for dimensionality
reduction via PCA, followed by batch correction using
harmony, with clustering based on the first 10
principal components. Clustering results were
visualized using Uniform Manifold Approximation
and Projection (UMAP), and cell clusters were
annotated based on marker genes. Cell proportions
were calculated with the "scRNAtools v0.1.0" package
to evaluate differences between cell types. T cells and
monocytes were extracted based on annotation results
for further subpopulation analysis, including
additional dimensionality reduction, clustering, and
annotation of subpopulations. The percentage of each
subpopulation within the total cell population was
also calculated. Cell-cell communication within CRC
subpopulations was analyzed using CellChat (V1.6.1),
and metabolic scoring and pathway enrichment of
subpopulations were performed using scMetabolism
(V0.2.1).

Statistical analysis

All statistical analyses and bioinformatics
processing were conducted using R version 4.4.0, with
RStudio as the primary working environment.
Relevant R packages were used for data visualization.
Differential expression analysis of scRNA-seq data
was performed using the Wilcoxon test. Statistically,
results with a P-value of less than 0.05 were
considered significant.
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Figure 2. Circle heatmap of the results of five Mendelian randomization analyses and three sensitivity analyses of 77 plasma metabolites on colorectal cancer.

Results

Genetic instrumental variables for exposure

Based on the criteria for selecting genetic
instrumental variables, we identified 34,930
significant SNPs (P < 1x107%) for 1,400 plasma
metabolites, 19,045 significant SNPs (P < 1x1075) for
731 immune cell traits, and 12 significant SNPs (P <
5x1078) for CRC. Ultimately, 33,854 IVs were chosen
for the plasma metabolites-CRC MR analysis, 18,201
IVs for the immune cell traits-CRC MR analysis, and
12 IVs for the CRC- plasma metabolites MR analysis.

All selected 1Vs satisfied the basic assumptions of MR

analysis and were strong instrumental variables
(Table S1).

Causal associations of plasma metabolites with
CRC

According to the results of [IVW method, we
initially identified 77 plasma metabolites with
potential causal associations with CRC (P < 0.05)

Further selection criteria ultimately
identified 49 plasma metabolites with strong causal
associations with CRC (Figure 3, Table S2), including
reported metabolites
metabolites. Of the metabolites reported, 23 were

associated with an increase in the risk of CRC,
including

(Figure 2).

43

3-hydroxylaurate,

and 6 unidentified

Heptenedioate
(C7:1-DC), Sphingomyelin (d18:1/22:1, d18:2/22:0,

d16:1/24:1), 7-methylguanine, 1-arachidonoyl-GPE
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(20:4n6), and other metabolites, with 3-hydroxylauric
acid showing the most significant effect (OR = 1.195,
95% CI [1.038, 1.376], P = 0.013). Additionally, 20
metabolites were identified as potential protective
factors against CRC, including dihomo-linoleate
(20:2n6), 1-palmitoleoyl-2-linolenoyl-GPC (16:1/18:3),
Gamma-glutamylalanine,  arginine and  other
metabolites, among which dihomo-linoleate (20:2n6)

had the strongest protective effect (OR = 0.845, 95% CI
[0.751, 0.950], P = 0.005). Cochran’s Q statistics,
MR-Egger intercept test, and MR-PRESSO did not
indicate any heterogeneity or horizontal pleiotropy. In
MR-PRESSO analysis and leave-one-out sensitivity
analysis, no single SNP was found to significantly

violate the overall effect of plasma metabolites on
CRC (Table S2).

Exposure

nSNP Method Pvalue

OR (95% CI)

Dihomo-linoleate (20:2n6) levels 17 VW 0.005 —e— 0.845 (0.751 - 0.950)
1-palmitoleoyl-2-linolenoyl-GPC (16:1/18:3) levels 20 VW 0.001 —o— ‘ 0.869 (0.799 - 0.946)
Gamma-glutamylalanine levels 17 VW 0.007 —— 0.869 (0.785 - 0.962)
Pristanate levels 14 VW 0.011 —— 0.875 (0.789 - 0.970)
Cholesterol levels 19 VW 0.018 — —l 0.875 (0.784 - 0.977)
Kynurenine levels 25 VW 0.010 —— 0.886 (0.808 - 0.972)
Citraconate/glutaconate levels 25 VW 0.019 — —! 0.888 (0.805 - 0.981)
OLG to LAG ratio 28 VW 0.000 o 0.891 (0.843 - 0.942)
Cytidine to GlcNAc to GalNAc ratio 20 VW 0.037 —— 0.901 (0.817 - 0.994)
Glycosyl-N-behenoyl-sphingadienine (d18:2/22:0) levels 27 VW 0.018 H—< 0.903 (0.829 - 0.982)
Retinol to linoleoyl-arachidonoyl-glycerol ratio 24 VW 0.017 — —l 0.903 (0.831 - 0.982)
1-oleoyl-2-docosahexaenoyl-GPC (18:1/22:6) levels 31 VW 0.026 '—0—4 0.904 (0.826 - 0.988)
Argininate levels 27 VW 0.018 ——i! 0.904 (0.831 - 0.983)
Cysteine levels 15 VW 0.039 — —( 0.915 (0.840 - 0.996)
Ethyl beta—-glucopyranoside levels 20 VW 0.015 >—“—| 0.916 (0.853 - 0.983)
Glycerophosphoethanolamine levels 25 VW 0.030 — —| 0.917 (0.849 - 0.992)
1-(1-enyl-stearoyl)-2-linoleoyl-GPE (p-18:0/18:2) levels 24 VW 0.044 0.918 (0.844 - 0.998)
Adenosine 5'-diphosphate (ADP) to glutamate ratio 32 VW 0.006 I-H‘ 0.919 (0.866 - 0.976)
X-12261 levels 19 VW 0.033 >—0—1 0.919 (0.851 - 0.993)
X-14939 levels 22 VW 0.032 — —i 0.924 (0.860 - 0.993)
Phosphate to 2'-deoxyuridine ratio 33 VW 0.027 '—H 0.931 (0.873 - 0.992)
Bilirubin degradation product, C17H20N205 (2) levels 24 VW 0.039 !-O-l 0.951 (0.907 - 0.997)
X-21283 levels 17 VW 0.028 H -( 0.953 (0.914 - 0.995)
X-26109 levels 27 VW 0.046 HH 0.955 (0.914 - 0.999)
Deoxycholic acid 12-sulfate levels 23 VW 0.047 - 1.048 (1.001 - 1.097)
Sphingomyelin (d18:1/14:0, d16:1/16:0) levels 28 VW 0.005 ‘m 1.053 (1.016 - 1.092)
1=(1-enyl-palmitoyl)-2-arachidonoyl-GPC (p-16:0/20:4) levels 36 VW 0.030 H—l 1.067 (1.006 - 1.130)
16a-hydroxy DHEA 3-sulfate levels 24 VW 0.011 '—H 1.067 (1.015 - 1.122)
Andro steroid monosulfate C19H2806S (1) levels 39 IVW 0.005 '— — 1.078 (1.023 - 1.136)
Alpha-hydroxycaproate levels 20 VW 0.034 1—0—' 1.080 (1.006 - 1.160)
X-21312 levels 21 VW 0.028 o 1.085 (1.009 - 1.167)
Glutamine levels 26 VW 0.048 )— — 1.085 (1.001 - 1.177)
Dihydrocaffeate sulfate (2) levels 29 VW 0.033 l—?—‘ 1.088 (1.007 - 1.176)
2-furoylcarnitine levels 22 VW 0.050 l— — 1.090 (1.000 - 1.189)
Pregnenolone sulfate levels 36 VW 0.037 )—0—| 1.098 (1.005 - 1.198)
Serine levels 36 VW 0.008 '—0—4 1.098 (1.025 - 1.176)
Tricosanoyl sphingomyelin (d18:1/23:0) levels 28 VW 0.049 '—O—i 1.100 (1.000 - 1.210)
Sphingomyelin (d17:1/16:0, d18:1/15:0, d16:1/17:0) levels 30 VW 0.016 l— — 1.102 (1.018 - 1.192)
Sphingomyelin (d18:2/23:0, d18:1/23:1, d17:1/24:1) levels 24 VW 0.035 —— 1.112 (1.007 - 1.227)
1-linoleoyl-2-arachidonoyl-GPC (18:2/20:4n6) levels 28 VW 0.002 | ——i 1.113 (1.038 - 1.192)
Arachidonate (20:4n6) levels 28 VW 0.003 —— 1.114 (1.037 - 1.196)
Sphingomyelin (d17:2/16:0, d18:2/15:0) levels 30 VW 0.012 —— 1.130 (1.028 - 1.242)
1-arachidonoy|-GPE (20:4n6) levels 33 VW 0.000 l 1.134 (1.065 - 1.206)
3-methoxytyrosine levels 24 VW 0.003 —e—i 1.136 (1.045 - 1.234)
7-methylguanine levels 23 VW 0.008 L—— 1.138 (1.085 - 1.252)
Sphingomyelin (d18:1/22:1, d18:2/22:0, d16:1/24:1) levels 22 VW 0.005 —— 1.141 (1.040 - 1.253)
Heptenedioate (C7:1-DC) levels 16 VW 0.036 »— — 1.155 (1.009 - 1.321)
X-25828 levels 16 VW 0.047 —— 1.176 (1.002 - 1.380)
3-hydroxylaurate levels 11 VW 0.013 —a—— 1.195 (1.038 - 1.376)

0!6 0i8 “1 1{2 1.‘4

Figure 3. Forest plot for the causality of 49 plasma metabolites on colorectal cancer. Cl, confidence interval; IVW, inverse variance weighted; OR, odds ratio; nSNP, number of

single nucleotide polymorphisms.

https://lwww.jcancer.org



Journal of Cancer 2025, Vol. 16

436
Q
5]
® 2 )
N ot ‘g . :
% N ) 2 Inverse.variance.weighted_pval
S » < 5 )
\% Yo, s Q = 0007 005
2 ) ! MR.Egger_pval
o, ‘s 3 o )
s, 2 2 ‘a 9 C 067 1
@x, 0, ‘o ‘g '::: 3 Simple.mode_pval
e, o S ) e ‘e 2 067 1
% 0, N 2. Y el < Weighted.median_pval
G kS < 2 { < 2 —
4 % o, CY ‘e % = 001 1
0% \% \g \% oot Weighted.mode_pval
(o .
E B, %, j 001 g
0, RN %, % MRPRESSO_pval
2oy o 4 7, p* o
~E 5 7\ Pleiotropy_pval N
Yo K2 N < = <P
< 001 1 XN~
0, S %, 1 " Heterogeneity_pval @Q\,\'A‘D
g ~ s, o : ’ y b S
2 \ e
o, 2o, ‘- e
~C0ss,, ‘ 5.5
" 0 ' (ﬁ\’ &
Lo, ‘ > o .
Hi 0P~ Count
LA\DR\% . 00 < Ce“‘N,g,om\e_
~Monocy, ' ' ‘ oh “ouegu\atof‘!, -
" s ODHFAT
€045 on_cogy 1 oy . [ ‘ ‘ o
. . . CD33_on_CD33dim_HLA_DR+_CD11b%
HLA_DR++_monocyte_%leukocyte I [’1 . . . —
| ‘ €D33_on_cp,
_on_CD33
Gourt | | . "-HLA DR+ Cp14-
Apsolute_
£eSSOT. Cells_/ a
M e\o\d/DenVe‘LSupp \ X ' ' reg
5 o2t ‘ < ' ~"Qulato, .
25 on 7 ” ffﬁ’cto, o L/ﬂfesn'n
0255 o .. L ) S 9.4
e ’ ‘,/ i D, latory,
e = g
@ & :i:“‘,, . [ | ’7\/90 e
b??’ - \cp e By \’“~ . OO‘? \00‘30 = nth//
N S 2 3
P L - A
e - 3¢ b, 7 Sy B 2 .
B & N g NS Gy
o7 Ny & By Q Lo, s,
[« & & & o i
xS &7 § Q. Yo, O Gy
S
o° \,D\oﬁ’ \?9 & ’ & o o‘i’ﬂ G Vi/b
N Q w7 5 O, N 2 0,
Sl & 3’ & g 3 . o) 2 ) % K3 %,
o~ o & S ~ S & <] =4 & ‘o \z, e
© < RS & g @ 8 3 B g % %,
57 % & § 4 5 5 9%y % %
~ \a N N 8 ! . T & % \o
5 L ¥ ) @ & v o S 0,
& <7 g ¥ o 85 2 '+ 2 I ks
& S A - S 2 <
3 § N i I 2 < %
J b1 < § E -3 )
%/ 3 I 4 5 g i
o S S o 3 3 2
& 5 & 1) 2 [ T
S 9 - 3] 3 ) ‘o
8 B 8 2
$ 5 z - ‘s
Q Is] a [e)
3 5
© 7 2 ®
X o %
3 s
) 3
e ‘a
g ‘o
8§ <

Figure 4. Circle heatmap of the results of five Mendelian randomization analyses and three sensitivity analyses of 38 immune cell traits on colorectal cancer.

Causal associations of immune cell traits with
CRC

Preliminary investigation using the IVW method
revealed that 38 immune cell traits were associated
with CRC (Figure 4). Further selection criteria
ultimately identified 36 immune cell traits with strong
causal associations with CRC (Figure 5, Table S3).
Among these, 14 immune cell traits were associated
with increased risk of CRC, including HLA DR++
monocyte %leukocyte, CD127 on T cell, CD3 on
CD28- CD8+ T cell, etc. with HLA DR++ monocyte
%leukocyte showing the most significant effect (OR =
1.075, 95% CI [1.005, 1.150], P = 0.036). Additionally,
22 immune cell characteristics were identified as
potential protective factors against CRC, such as CD8
on Central Memory CD8+ T cell, CD20 on IgD- CD27-
B cell, CD25 on activated CD4 regulatory T cell, and
other immune cell traits, with CD25 on activated CD4

regulatory T cell demonstrating the strongest

protective effect (OR = 0.865, 95% CI [0.798, 0.938], P <
0.001) (Figure 5). No heterogeneity or horizontal
pleiotropy was detected by Cochran's Q statistic,
MR-Egger intercept test and MR-PRESSO. In
addition, no single SNP was found to significantly
violate the overall effect of immune cells on CRC in
the MR-PRESSO analysis and in the leave-one-out
sensitivity analysis (Table S3).

Mediating analysis of immune cells traits in the
causal association between plasma
metabolites and CRC

Subsequently, we employed a two-step MR
analysis to identify immune cells traits that
potentially mediate the plasma metabolite-CRC
causal effects. The two-sample MR analysis from
plasma metabolites to immune cell traits was first
performed using 49 plasma metabolites and 36
immune cell traits obtained from the previous
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analysis. The results showed causal relationships
between 30 plasma metabolites and 27 immune cell
traits (Table S4). For these plasma metabolites-
immune cell traits, effect sizes (beta A) were
calculated. In the second step, the 27 immune cells
traits identified in the first step were used as
exposures. After adjusting for the effects of the plasma
metabolites, we again performed two-sample MR
analyses of immune cells traits-CRC and calculated
their effector values (beta B). To date, 51 plasma
metabolites-immune cell traits-CRC pathways have
been tentatively identified. Subsequently, one
mediation pathway was removed due to the presence
of a reverse causal association. Finally, the coefficient
product method was used to calculate mediated

effects, mediated proportion, and P value for each
identified mediation pathway (Table S5). Ultimately,
we identified two significant mediation pathways (P <
0.05). First, CD3 on CD28- CD8+ T cell mediated the
pathway from 16a-hydroxy DHEA 3-sulfate to CRC
with a mediation effect of -0.014 (95% CI [-0.043,
0.014], P = 0.048, Table 1, Figure 6), accounting for
-22.06% of the total effect. Second, SSC-A on CD14+
monocyte mediated the pathway from Sphingomyelin
(d18:1/22:1, d18:2/22:0, d16:1/24:1) to CRC with a
mediation effect of 0.0155 (95% CI [-0.023, 0.054], P =
0.036), accounting for 11.72% of the total effect (Table
1, Figure 6). These results effectively elucidate the
causal relationships between plasma metabolites and
CRC mediated by immune cell traits.

Exposure nSNP Method Pvalue OR (95% Cl)
CD25 on activated CD4 regulatory T cell 17 vw 0.000 —_— 0.865 (0.798 - 0.938)
CD8 on Central Memory CD8+ T cell 14 VW 0.012 —— 0.921 (0.863 - 0.982)
CD20 on IgD- CD27- B cell 19 VW 0.046 '—0—! 0.944 (0.891 - 0.999)
CD4 regulatory T cell Absolute Count 21 VW 0.022 '—-—1 0.947 (0.903 - 0.992)
CD4 on monocyte 15 vw 0.046 — —1 0.947 (0.898 - 0.999)
CD8 on Effector Memory CD8+ T cell 24 VW 0.035 ——i 0.948 (0.902 - 0.996)
CD4 regulatory T cell %T cell 16 vw 0.048 — 0.949 (0.901 - 0.999)
CD25++ CD45RA+ CD4 not regulatory T cell Absolute Count 25 VW 0.005 '—0—| 0.951 (0.918 - 0.985)
Basophil %CD33dim HLA DR—- CD66b- 20 VW 0.020 '—0—1 0.952 (0.913 - 0.992)
Monocytic Myeloid-Derived Suppressor Cells Absolute Count 19 VW 0.031 H—' 0.960 (0.925 - 0.996)
CD33 on CD33dim HLA DR+ CD11b+ 23 VW 0.005 L -' 0.963 (0.938 - 0.988)
CD33+ HLA DR+ CD14- %CD33+ HLA DR+ 19 vw 0.025 '—H 0.964 (0.933 - 0.995)
CD33 on CD33dim HLA DR+ CD11b- 23 VW 0.025 '—H 0.966 (0.938 - 0.996)
CD33 on CD33+ HLA DR+ CD14~- 21 vw 0.005 L * 0.968 (0.946 - 0.990)
CD45 on CD33+ HLA DR+ 16 VW 0.040 I—C—t 0.968 (0.938 - 0.998)
CD25++ CD45RA- CD4 not regulatory T cell %CD4+ T cell 24 vw 0.020 o 0.968 (0.942 - 0.995)
CD19 on IgD+ CD38- naive B cell 19 VW 0.010 '-0-' 0.972 (0.951 - 0.993)
CD33 on CD33+ HLA DR+ 23 VW 0.016 '-0-1 0.973 (0.952 - 0.995)
CD33 on CD33dim HLA DR- 20 vw 0.035 ot 0.973 (0.949 - 0.998)
CD28 on CD39+ resting CD4 regulatory T cell 22 VW 0.026 = -( 0.974 (0.951 - 0.997)
CD19 on IgD+ CD24- B cell 26 VW 0.020 H-! 0.974 (0.953 - 0.996)
CD45 on CD8+ T cell 27 vw 0.037 ol 0.988 (0.978 - 0.999)
CD45RA+ CD28- CD8+ T cell %CD8+ T cell 33 VW 0.023 1.001 (1.000 - 1.001)
CD39+ resting CD4 regulatory T cell %CD4 regulatory T cell 35 VW 0.017 bi 1.012 (1.002 - 1.022)
CD39+ resting CD4 regulatory T cell Absolute Count 27 VW 0.035 '— ol 1.027 (1.002 - 1.054)
HLA DR on monocyte 17 vw 0.034 ot 1.034 (1.003 - 1.066)
BAFF-R on naive-mature B cell 23 VW 0.024 l—0—< 1.040 (1.005 - 1.075)
HLA DR on CD14+ CD16- monocyte 22 vw 0.041 —e—i 1.044 (1.002 - 1.089)
CD20 on B cell 26 VW 0.003 (== 1.049 (1.016 - 1.082)
CD39+ resting CD4 regulatory T cell %resting CD4 regulatory T cell 26 VW 0.007 —e—i 1.054 (1.015 - 1.095)
SSC-A on CD14+ monocyte 23 vw 0.012 —e—i 1.058 (1.012 - 1.106)
CD25 on IgD- CD24- B cell 26 VW 0.024 it 1.062 (1.008 - 1.119)
Effector Memory CD4-CD8- T cell %T cell 25 VW 0.009 —— 1.063 (1.016 — 1.113)
CD3 on CD28- CD8+ T cell 20 VW 0.011 —— 1.069 (1.015 - 1.126)
CD127 on T cell 19 vw 0.019 H—e—it 1.074 (1.012 - 1.140)
HLA DR++ monocyte %leukocyte 8 VW 0.036 n—o—q 1.075 (1.005 - 1.150)

018 1I 1[2

Figure 5. Forest plot for the causality of 36 immune cell traits on colorectal cancer. Cl, confidence interval; IVW, inverse variance weighted; OR, odds ratio; nSNP, number of

single nucleotide polymorphisms.

Table 1. Mediation analysis of the effect of plasma metabolites on colorectal cancer via immune cell traits

Mediation Pathway

Mediated effect
B (95% CI)

Mediated proportion (%) P value Z value

Sphingomyelin (d18:1/22:1, d18:2/22:0, d16:1/24:1)/SSC-A on CD14+ monocyte/Colorectal cancer

16a-hydroxy DHEA 3-sulfate/ CD3 on CD28- CD8+ T cell/ Colorectal cancer

0.016 (-0.023, 0.054)
-0.014 (-0.043, 0.014)

11.723
-22.064

0.036
0.048

2.096
-1.977

https://lwww.jcancer.org



Journal of Cancer 2025, Vol. 16

438

Exposure Outcome nSNP Method Pvalue OR (95% ClI)

16a-hydroxy DHEA 3-sulfate Colorectal cancer 24 MR Egger 0.184 Ls 1.044 (0.982 - 1.111)
24 Weighted median 0.049 :h ol 1.058 (1.000 - 1.119)

24 Inverse variance weighted 0.011 r0-< 1.067 (1.015 - 1.122)

24 Simple mode 0.671 —— 1.041 (0.868 - 1.247)

24 Weighted mode 0.075 rod 1.055 (0.997 - 1.115)

CD3 on CD28- CD8+ T cell Colorectal cancer 20 MR Egger 0.181 l—Q—< 1.092 (0.965 - 1.236)
20 Weighted median 0.018 3>— — 1.094 (1.016 - 1.178)

20 Inverse variance weighted 0.011 r0< 1.069 (1.015 - 1.126)

20 Simple mode 0.086 »—o—- 1.124 (0.990 - 1.275)

20 Weighted mode 0.050 —e— 1.120 (1.007 - 1.245)

16a-hydroxy DHEA 3-sulfate CD3 on CD28- CD8+ T cell 24 MR Egger 0.026 —e—! 0.780 (0.635 - 0.957)
24 Weighted median 0.007 —e—t 0.786 (0.660 - 0.936)

24 Inverse variance weighted 0.002 —— 0.808 (0.707 - 0.923)

24 Simple mode 0107 +—e—=n 0.789 (0.598 - 1.041)

24 Weighted mode 0.012 ——i ! 0.782 (0.656 - 0.933)

Sphingomyelin (d18:1/22:1, d18:2/22:0, d16:1/24:1) Colorectal cancer 22 MR Egger 0.129 -—-—0—' 1.182 (0.961 - 1.453)
22 Weighted median 0.063 '— — 1.133 (0.993 - 1.293)

22 Inverse variance weighted 0.005 —o— 1.141 (1.040 - 1.253)

22 Simple mode 0.242 —_—— 1.137 (0.922 - 1.403)

22 Weighted mode 0.193 »—-—.—1 1.146 (0.940 - 1.397)

SSC-A on CD16+ monocyte Colorectal cancer 23 MR Egger 0.223 -0-1 1.047 (0.974 - 1.126)
23 Weighted median 0.024 - 1.076 (1.010 - 1.147)

23 Inverse variance weighted 0.012 ‘0! 1.058 (1.012 - 1.106)

23 Simple mode 0.070 n—o—< 1.121 (0.997 - 1.261)

23 Weighted mode 0.032 - 1,086 (1.012 - 1.165)

Sphingomyelin (d18:1/22:1, d18:2/22:0, d16:1/24:1) SSC-A on CD16+ monocyte 20 MR Egger 0.087 h———e——  1.334(0.977 - 1.822)
20 Weighted median 0.011 ‘ —— 1.277 (1.057 - 1.543)

20 Inverse variance weighted 0.000 1 —— 1.316 (1.144 - 1.515)

20 Simple mode 0.165 ———e———  1.248(0.924 - 1.687)

20 Weighted mode 0.133 H—e—1 1.225(0.951-1.580)

O‘,G 0.‘8 “I 1.‘2 ‘\‘4 1.‘6

Figure 6. Forest plots of plasma metabolites, immune cell traits, and colorectal cancer that constitute the mediating pathway. Cl, confidence interval; OR, odds ratio; nSNP,

number of single nucleotide polymorphisms.

Infiltration of CD28- CD8+ T cells and CD14+
monocytes in CRC and normal colorectal
tissues

To investigate the infiltration of CD28-CD8+ T
cells and CD14+ monocytes in CRC and normal
colorectal tissues, scRNA-seq data from 12 patients
(12 CRC tissues and 12 paired normal tissues) were
analyzed. After filtering out low-quality cells based
on selection criteria, 65,878 cells were included in the
analysis. Using the FindVariableFeatures function, the
top 2,000 highly variable genes were selected for
further analysis. Dimensionality reduction, clustering,
and annotation identified 12 cell types, including T
cells (CD3D, TRAC, IL7R), monocytes (CD14,
FCGR3A, CD68), fibroblasts (MYLK, COL1A1, FN1),
myofibroblasts (ACAT2, TAGLN, MYL9), endothelial
cells (CDH5, PECAMI1, VWF), B cells (MS4Al,
CD79A, CD79B), plasma cells (MZB1, TNFRSF17,
DERL3), mast cells (CPA3, KIT, TPSAB1), malignant
cells (FERMT1, LCN2, SOX9), intestinal epithelial cells
(MUC12, FABP1, KRT20), and goblet cells (TFE3,
MUC2, SPDEF) (Figure 7A, B, D). Further analysis
revealed that monocytes and T cells proportions were
significantly elevated in CRC compared to normal
tissues (T cells: 28.085% vs 13.794%; monocytes:
7.666% vs 1.128%.) (Figure 7C, Table S6). Upon
additional dimensionality reduction, clustering, and
annotation, T cells were categorized into 11
subpopulations, including four CD8+ T cell subtypes:
effector CD8+ T cells (CD8+ Teff), effector memory

CD8+ T cells (CD8+ Tem), terminally differentiated
effector memory or effector CD8+ T cells (CD8+
Temra), and exhausted CD8+ T cells (CD8+ Tex)
(Figure 7E, F). Monocytes were divided into seven
subpopulations, including CD14+ CD16— monocytes,
CD14+ CD16+ monocytes, proliferative monocytes,
conventional dendritic cells (cDC1, cDC2, ¢cDC3), and
plasmacytoid dendritic cells (pDC) (Figure 7], K).
Further analysis revealed that CD28- CD8+ T cells
were primarily composed of CD8+ Temra and CD8+
Tex cells, with a higher infiltration rate in CRC
compared to normal tissues (2.464% vs 1.969%)
(Figure 7G, Table S7). Similarly, CD14+ monocytes
exhibited a higher infiltration rate in CRC compared
to normal tissues (5.875% vs 0.731%) (Figure 7L, Table
S8). These findings suggest that both CD28- CD8+ T
cells and CD14+ monocytes show increased
infiltration in CRC, indicating their potential
involvement in CRC development. These results align
with our MR analysis, further supporting the causal
role of these two subpopulations in CRC risk.

Metabolic activity of CD28- CD8+ T cells and
CD14+ monocytes and their interaction with
malignant cells

To explore the metabolic states of CD28- CD8+ T
cells and CD14+ monocytes, the "scMetabolism"
package was used to score active metabolic pathways.
Results showed a significant upregulation of the
steroid biosynthesis pathway in CD8+ Temra cells,
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and sphingolipid metabolism was notably enriched in
CD14+ CD16+ monocytes (Figure 8A, B).
Additionally, cell communication analysis revealed
the interactions between CD28- CD8+ T cells (CD8+
Temra, CD8+ Tex) and CD14+ monocytes with other
cells in the CRC microenvironment (Figure 8C, F).

found to interact with malignant cells via the
GZMA-PARD3 (Figure 8D, E). CD14+ CDIl6+
monocytes communicated with malignant cells
through LGALS9-CD44 and SPP1-CD44, etc. (Figure
8G), while NAMPT-INSR signaling in CD14+ CD16-
monocytes was the most prominent in interactions

Specifically, CD8+ Temra and CD8+ Tex cells were  with malignant cells (Figure 8H).
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Figure 7. Single-cell transcriptional landscape of diverse cell types in CRC and adjacent normal tissue microenvironments. (A, B) Clusters representing primary immune cell
types observed in CRC and the tumor microenvironment of neighboring normal tissues. (C) A stacked bar chart depicts the relative proportions of major cell types in CRC and
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adjacent normal samples. (D) A bubble chart highlights the molecular markers associated with 11 principal cell types. (E, F) UMAP visualizations of 11 T cell subpopulations. (G)
A stacked bar chart illustrates the distribution of different T cell subpopulations in CRC compared to adjacent normal samples. (H) A violin plot demonstrating the relative
expression levels of CD28 among T cell subpopulations. (I) A bubble chart depicting the relative expression of CD28, CD8, and CD4 within T cell subpopulations. (J, K) UMAP
representations of 7 distinct monocyte subpopulations. (L) A stacked bar chart presenting the distribution of various monocyte subpopulations in CRC and adjacent normal
samples. (M) UMAP projection showing the expression and spatial distribution of CD14 in monocytes, with each point representing a cell characterized by positive marker gene

expression.
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Figure 8. Metabolic alterations of CD28- CD8+ T cells and CD 14+ monocytes in CRC and their interactions with malignant cells. (A, B) Bubble plots illustrating the enrichment
of metabolic pathways in T-cell subsets (A) and monocyte subsets (B) as calculated by scMetabolism. (C) Interactions between CD28- CD8+ T cells (including CD8+ Temra and
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CD8+ Tex cells) and other cell types, with line thickness representing the number of ligand-receptor pairs mediating communication. (D) Communication probabilities of
significant ligand-receptor pairs from CD8+ Tex cells to various cell types in CRC, with point colors reflecting communication probabilities; absence of color indicates zero
communication probability. (E) Communication probabilities of significant ligand-receptor pairs from CD8+ Temra cells to various cell types in CRC. (F) Interactions between
CD14+ monocytes (comprising CD14+ CD16- monocytes and CD14+ CD16+ monocytes) and other cell types, with line thickness indicating the number of receptor-ligand
pairs involved in communication. (G) Communication probabilities for significant pairs from CD14+ CDI16+ monocytes to other cell types in CRC. (H) Communication

probabilities for pairs from CD14+ CD16- monocytes to various cell types.

Discussion

In the past decade, with advancements in
metabolomics technologies, numerous studies have
increasingly recognized the pivotal role of plasma
metabolites in oncology. Specific plasma metabolites
have shown promising predictive value in the
diagnosis and prognosis of tumors [23, 24]. Variations
in the types and levels of plasma metabolites have
been observed among CRC patients at different stages
[25]. To investigate the causal relationship between
plasma metabolites and CRC, we conducted a
two-sample MR study and identified 49 plasma
metabolites causally associated with CRC, consistent
with previous research findings [26]. Sphingomyelins,
crucial lipid molecules, play key roles in cellular
membrane structure and function, as well as
biological functions such as cell signaling, membrane
fluidity, and specific cell-cell recognition [27]. Studies
have indicated significant increases in
sphingomyelins (d18:1/16:0) in exosomes derived
from primary CRC cells [28]. The molecules
independently contribute to CRC risk and possess
diagnostic = significance [26, 29]. Furthermore,
16a-hydroxy-DHEA-3-sulfate has been identified as
an independent risk factor for invasive breast cancer
[30]. Our study results demonstrate a causal
relationship between sphingomyelins,
16a-hydroxy-DHEA-3-sulfate, and CRC, where they
act as independent risk factors for CRC. Additionally,
a study utilizing MR analysis found that an increase
in circulating eosinophil counts may have a potential
protective effect against CRC [17]. However, our
two-sample MR analysis identified 36 immune cell
traits causally linked to CRC, of which 14 traits were
found to have adverse effects and 22 traits were
associated with protective effects. This research
provides a broader analysis of immune cells and their
traits, offering new insights within the existing
knowledge framework.

Metabolites involved in the regulation of tumor
immunity have also been identified in recent studies
[31-33]. To investigate whether plasma metabolites
affect CRC by modulating immune cells, we further
conducted a two-step MR analysis. We found that two
plasma metabolites, Sphingomyelin (d18:1/22:1,
d18:2/22:0, d16:1/24:1) and 16a-hydroxy-DHEA-3-
sulfate, influence CRC through mediation by two
immune cell traits, SSC-A on CD14+ monocyte and
CD3 on CD28- CD8+ T cell. CD14+ monocytes are

essential in the immune system, particularly in the
innate immune reaction to pathogens and tissue
damage [34]. They are implicated in the pathogenesis
of various diseases including inflammation,
atherosclerosis, tumors, and metabolic disorders [35].
In the tumor microenvironment, peripheral blood
CD14+ monocytes can differentiate into macrophages
or DCs, contributing to the formation of an
immunosuppressive environment that promotes
tumor progression [35, 36]. In our study, scRNA-seq
analysis confirmed that the proportion of CD14+
monocytes in CRC tissue is higher than that in normal
colon tissue. Studies have also indicated that soluble
CD14 secreted by monocytes supports the survival of
chronic lymphocytic leukemia cells [37]. SSC-A (side
scatter - area) is a parameter used in flow cytometry to
describe cellular morphological features such as size,
complexity, and granularity, which can distinguish
different cell subsets and assess cell states. Using
parameters such as SSC-A, changes in the activation
and function of CD14+ monocytes can be detected.
Currently, there have been no reports investigating
whether CD14+ monocytes mediate the effects of
plasma metabolites on the occurrence and
progression of CRC. Therefore, our study identifies a
causal relationship between SSC-A on CD14+
monocyte and CRC, serving as a mediator for the
impact of Sphingomyelin (d18:1/22:1, d18:2/22:0,
d16:1/24:1) on CRC. Additionally, scRNA-seq
confirmed that elevated sphingolipid metabolism
levels occur in CD14+ monocytes, which interact with
tumor cells. This finding is consistent with our MR
results, suggesting that CD14+ monocytes, influenced
by sphingolipid metabolism, may play a role in the
onset and progression of CRC.

In addition, we identified a causal relationship
between CD3 on CD28- CD8+ T cell and CRC. CD3
and CD28 are two crucial costimulatory molecules on
the surface of T cells. CD3 is part of the T cell receptor
complex, involved in T cell signaling, while CD28 acts
as a costimulatory molecule, binding to B7 molecules
(such as CD80 and CD86) on antigen-presenting cells
(e.g., DCs), promoting T cell activation and
proliferation. CD3+ CD28- CD8+ T cells represent a
subset of CD8+ T cells characterized by the absence of
the costimulatory molecule CD28. These cells are
typically found in the tumor microenvironment and
are associated with T cell dysfunction and senescence
[38]. In our study, scRNA-seq analysis revealed that
CD28- CD8+ T cells are predominantly composed of
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exhausted CD8+ T cells and CD8+ Temra.
Furthermore, the proportion of these cells in CRC
tumor tissue was found to be higher than that in
normal colonic tissue. Elevated peripheral blood
CD28- CD8+ T cells have been linked to poorer
prognosis in metastatic breast cancer [39]. Lung
squamous cell carcinoma patients with more CD8+
CD28-T cells have worse prognosis than those with
fewer [40]. CD8+ CD28- T regulatory lymphocytes can
inhibit T cell proliferation and cytotoxicity, potentially
facilitating immune evasion by tumors [41]. Chronic
antigen stimulation found in cancer, leads to the
accumulation of CD28- CD8+ T cells, further
promoting tumor progression [42]. Our study not
only demonstrates the relationship between CD3 on
CD28- CD8+ T cell and CRC but also suggests its role
as a crucial modulator in the causal association of
16a-hydroxy-DHEA-3-sulfate with CRC.
16a-hydroxy-DHEA-3-sulfate is a steroid metabolite
involved in steroid synthesis. Our scRNA-seq analysis
further confirmed a significant enrichment of steroid
synthesis pathways in CD28- CD8+ T cells.
Additionally, interactions were identified between
CRC cells and CD28- CD8+ T cells, indicating that
CD28- CD8+ T cells play a mediating role in the
effects of 16a-hydroxy-DHEA-3-sulfate plasma
metabolites on CRC.

In this study, we investigated the causal role of
plasma metabolites on CRC and the mediating role of
immune cells in the association of plasma metabolites
with CRC by mediated MR analysis combined with
scRNA-seq analysis. However, several limitations
should be acknowledged. Firstly, we need to realize
that there is still potential heterogeneity and
horizontal pleiotropy that may not be effectively
assessed, although rigorous sensitivity tests have been
performed. Secondly, the applicability of the
conclusions is limited as all data were derived from
European populations, and validation in other
populations is necessary. Thirdly, two plasma
metabolites exerted effects on CRC through two
immune cell traits, with relatively small mediation
percentages, suggesting potential involvement of
other mediators warranting further investigation.
Fourthly, this study validated the results of MR
exclusively through scRNA-seq analysis, and further
experimental validation is needed to elucidate the
specific regulatory mechanisms.

Conclusion

The study indicated a causal association between
plasma metabolites, immune cell traits and elevated
CRC risk. SSC-A on CD14+ monocyte, CD3 on CD28-
CD8+ T cell mediated the effects of Sphingomyelin
(d18:1/22:1, d18:2/22:0, dl6:1/  24:1), and

16a-hydroxy-DHEA-3-sulfate on CRC risk. These
findings elucidate potential mechanisms between
plasma metabolites, immune cell traits, and CRC.
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