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Abstract 

Background  Emerging research suggested a potential role of immune cells in colorectal cancer (CRC) development. 
However, the causal relationship between immune phenotypes and CRC remains elusive. Hence, this two-sample 
Mendelian randomization (MR) study aimed to explore the causal association. 

Methods  In this study, a bidirectional, two-sample MR analysis and multivariate MR was conducted, leveraging 
public genetic data. Four types of immune phenotypes were employed. A comprehensive sensitivity analysis was car-
ried out to validate the robustness, heterogeneity, and horizontal pleiotropy of the results, with Bonferroni correction 
applied for accurate interpretation.

Results  It was revealed that four immune cell phenotypes were significantly associated with CRC risk. Specifically, 
lymphocyte % leukocyte in the T-cell/B-cell/NK-cell (TBNK) group (odds ratio (OR) = 1.0013, 95% confidence inter-
val (CI): 1.0005–1.0017, P = 0.0003, PBonferroni = 0.011) and CD3 on CM CD8br in the maturation stages of T cell group 
(OR = 1.0014, 95% CI: 1.0006–1.0022, P = 0.0007, PBonferroni = 0.023) were positively correlated with the risk of CRC. 
Conversely, DN (CD4−CD8−) %leukocyte in the TBNK group (OR = 0.9990, 95% CI: 0.9984–0.9997, P = 0.0020, PBonfer-
roni = 0.063) and herpesvirus entry mediator (HVEM) on CD8br in the maturation stages of T cell group (OR = 0.9989, 
95% CI: 0.9982–0.9997, P = 0.00431, PBonferroni = 0.137) exhibited a negative association with the risk of CRC. This study 
did not detect any statistically significant impact of CRC on immune phenotypes.

Conclusions  This study inferred an association between immune cells and CRC risk. Nevertheless, further clinical 
and experimental studies are warranted to validate these findings and elucidate the underlying mechanisms.
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Introduction
Colorectal cancer (CRC) ranks as the third most common 
malignancy globally, with the third and second highest 
incidences and mortality rates among all malignancies, 
respectively. The mortality rate is alarming, with CRC 
claiming over 900,000 lives annually [1]. Overall, the inci-
dence of CRC is rising globally, particularly in low- and 
middle-income countries. Conversely, in high-income 
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countries, particularly those with established screening 
programs, the incidence of CRC is stabilizing or declin-
ing [2].

The pathogenesis of CRC is primarily attributed to 
a range of modifiable risk factors, including smoking, 
alcohol consumption, obesity, lack of physical activity, 
unhealthy dietary habits, and inflammatory bowel dis-
ease (IBD) [2, 3]. Additionally, genetic factors, such as 
familial adenomatous polyposis (FAP) are significantly 
associated with the development of CRC [4]. Despite 
recent advances in CRC detection and treatment, CRC 
remains a major challenge in clinical practice, and the 
role of the immune system in combating CRC has notice-
ably attracted oncologists’ attention.

Immune cells constitute a critical component of the 
tumor microenvironment (TME) and play a pivotal role 
in the treatment of diverse types of cancer [5]. These cells 
recognize and eliminate malignant cells to exert immune 
surveillance functions. However, in certain circumstances, 
tumor cells can evade immune surveillance. Immune 
cells contribute to the likelihood of cancer development 
and support all stages of tumorigenesis. Cancer cells are 
involved in coordinated interaction of neighboring stro-
mal cells with inflammatory cells, leading to the creation 
of an inflammatory TME. CRC is a complex and heteroge-
neous disease characterized by dysregulation of the inter-
action between tumor cells and the immune system. The 
TME plays a crucial role in the onset and progression of 
cancer. Myeloid immune cells, such as dendritic cells and 
macrophage subsets, exert diverse roles in cancer immu-
nity, in which they exert antitumor effects, while they may 
also contribute to tumor growth [6]. Tumor-associated 
macrophages, as abundant and actively infiltrating inflam-
matory cells in the TME, play a notable function in CRC 
[7]. It is noteworthy that research in this field is dynamic, 
and ongoing studies continue to enhance our understand-
ing of the immune landscape of CRC. Therefore, it is 
essential to always refer to the latest literature for updated 
information. Given the current challenges, it is estimated 
that 50% of CRC cases are preventable [8]. Consequently, 
there is a need to prioritize the identification of novel 
risk factors to develop subsequent prevention and treat-
ment strategies, thereby alleviating the future healthcare 
burden.

In epidemiological research, Mendelian randomiza-
tion (MR) serves as an analytical tool to assess etiological 
inferences and explore the relationship between risk fac-
tors (exposures) and outcomes. Advancements in genetic 
research could further promote investigating the causal 
relationship between 731 immune cell phenotypes and 
the risk of CRC. In the present study, genetic variations 

as instrumental variables (IVs) were assessed using MR 
analysis [9], examining the bidirectional causal relation-
ship between immune cells and the risk of CRC risk. This 
approach provides a novel perspective for understanding 
the genetic correlation between immune cells and the 
risk of CRC.

Materials and methods
Study design
A bidirectional two-sample MR analysis and multivari-
ate MR was conducted to assess the causal relationship 
between 731 immune cell phenotypes (grouped into 
seven categories) and the risk of CRC.

Firstly, GWAS data of 731 immune cell phenotypes 
(GCST90001391 to GCST90002121) were extracted from 
the GWAS Catalog [10]. Secondly, GWAS data of CRC 
were obtained based on summary statistics from Euro-
peans. Utilizing large-scale GWAS summary datasets, 
a bidirectional two-sample MR analysis was performed. 
Five methods were employed for causal inference, includ-
ing MR-Egger, weighted median, simple mode, and 
weighted mode. These methods could promote assessing 
the causal relationship between the 731 immune cell phe-
notypes and the risk of CRC. Subsequently, a reverse MR 
study was undertaken. Finally, the causal relationships 
between exposures and outcomes inferred through two-
sample Mendelian randomization analysis will be further 
explored using MVMR to examine the potential causal 
relationships between multiple immune cell types and 
colorectal cancer.

This MR analysis was conducted using previously pub-
lished and publicly available large-scale summary data-
sets. All participants provided written informed consent 
in the corresponding original GWAS studies. The study 
workflow is illustrated in Fig. 1.

Data sources
The GWAS summary statistics of 731 immune pheno-
types are publicly available from the GWAS Catalog 
(GCST90001391 to GCST90002121) [10]. Additional 
file 1 provides detailed information for these 731 immu-
nocyte phenotypes. Utilizing data from 3757 European 
individuals, the present study examined approximately 
220,000 single-nucleotide polymorphisms (SNPs) after 
adjusting for sex and age. The analysis identified 122 sig-
nificant independent association signals across 70 loci, 
revealing 53 novel loci [10].

To avoid population stratification, the GWAS summary 
statistics of CRC were downloaded from a large-scale 
GWAS conducted on individuals of European ances-
try (Ncase = 372,016, Ncontrol = 5,657) with GWAS ID 
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ieu-b-4965. This GWAS dataset, originating from the 
UK BioBank, comprised 5,657 CRC patients and 372,016 
healthy controls. After undergoing quality control and 
imputation, approximately 11,738,639 SNPs were analyzed.

Screening of IVs
The selection of IVs in this study should adhere to 
three fundamental assumptions: (1) a direct association 
between the IVs and the exposure; (2) the absence of any 
association between IVs and potential confounding fac-
tors that might affect both the exposure and the outcome; 
and (3) IVs exerting no influence on the outcome through 
any pathway other than the exposure [11].

It was attempted to set the significance threshold for 
IVs of each immune phenotype at 1 × 10–5 [10]. This 
threshold is less strict than the commonly used 5 × 10−8, 
but as previous studies have shown, smaller sample sizes 
in immune phenotypes do not require such stringent 
p-value correction thresholds [12–15]. And linkage dise-
quilibrium analysis was undertaken in the range of 10,000 
with r2 < 0.001. For CRC, the significance threshold was 
adjusted to 5 × 10–8, and linkage disequilibrium analysis 
was conducted in the range of 10,000 with r2 < 0.001. To 
eliminate the bias from weak IVs, the F-values for each 
IV were calculated using the formula from prior research: 
F = R2 × (N − 2)/(1 − R2); R2 = 2 × EAF × (1 − EAF) × β2 
[16]. IVs with F > 10were subsequently included in the 
MR analysis [16]. To identify and exclude confounders 
related to CRC outcomes, Phenoscanner (http://​www.​
pheno​scann​er.​medsc​hl.​cam.​ac.​uk/) was utilized in con-
junction with Ldlink (https://​ldlink.​nih.​gov/?​tab=​ldtra​it) 
[17]. SNPs associated with confounders, such as IBD, red 
meat consumption, waist-to-hip ratio, body mass index, 
obesity, alcohol drinking, smoking, and others [18–20] 
were excluded from the analysis. The list of excluded 
SNPS associated with confounding factors is uploaded 

in Additional file 2. The remaining IVs were retained for 
further analysis.

Data analysis
Data analysis was conducted using R 4.3.2 software 
(http://​www.R-​proje​ct.​org). MR analysis was performed 
using the TwoSampleMR package (version 0.5.10), 
while the MRPRESSO package (version 1.0) was uti-
lized to identify outliers and detect pleiotropy through 
the application of MRPRESSO analysis. After obtaining 
confounders through Phenoscanner and Ldlink, SNPs 
associated with these confounders were excluded using R 
programming language.

For the causal analysis between exposure and outcome, 
the IVW method, as the primary analytical approach, was 
employed to investigate the causal relationship between 
731 immune phenotypes and the risk of CRC. Comple-
mentary analyses were conducted using the weighted 
median, simple mode, weighted mode, and MR-Egger 
regression tests. The IVW method assumes that all SNPs 
included in the analysis serve as valid IVs and provides 
the most accurate estimation in the absence of horizontal 
pleiotropy [21].

To exclude the influence of horizontal pleiotropy, the 
MR-Egger regression test was applied to assess gene plei-
otropy. The intercept being close to zero indicates the 
absence of significant heterogeneity [22]. MR-PRESSO 
method was utilized to detect the presence of outliers and 
correct for gene pleiotropy. The leave-one-out analysis 
was employed to exclude each SNP and assess the impact 
of the remaining IVs on the results, aiming to identify any 
individual SNP that could significantly affect the outcome 
[23]. The effect sizes in this study were expressed as odds 
ratios (OR) with 95% confidence intervals (CI). Addition-
ally, scatter plots and funnel plots were drawn. The scatter 
plots demonstrated that the results were not influenced 

Fig. 1  Illustration of the three key assumptions underlying Mendelian randomization analysis. (1) Relevance Hypothesis: The instrumental variables 
(IVs) must exhibit a strong association with the exposure factors. (2) Independence Hypothesis: The IVs must remain unaffected by both known 
and unknown confounders. (3) Exclusion Hypothesis: The IVs can only influence outcome factors indirectly through the mediation of exposure 
factors

http://www.phenoscanner.medschl.cam.ac.uk/
http://www.phenoscanner.medschl.cam.ac.uk/
https://ldlink.nih.gov/?tab=ldtrait
http://www.R-project.org
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by outliers, while the funnel plots showed the robustness 
of the associations and the absence of heterogeneity. To 
explore reverse causality, a reverse MR analysis was con-
ducted using the same methods for immune cell pheno-
types and the risk of CRC, and the range of MR estimates 
was represented by β values. The statistical power of the 
MR analysis was calculated using the available web tool 
(https://​shiny.​cnsge​nomics.​com/​mRnd/), with a power 
greater than 80% considered an excellent value [24]. Fur-
thermore, to account for the challenge of multiple test-
ing, Bonferroni correction was employed on the P-values 
using the Bioladder online tool (https://​www.​biola​dder.​
cn/​web/#/​pro/​index). According to previous studies, 
PBonferroni value less than 0.2 was indicative of a causal 
relationship, while a PBonferroni value less than 0.05 indi-
cated a significant causal relationship [25].

Multivariate MR analysis
MVMR effectively captures the interactions between 
genetic variations associated with various exposures that 
may potentially influence each other [26]. Given the sig-
nificant statistical relationships between immune cell 
phenotypes, we conducted a series of MVMR analyses 
in this study to elucidate the distinct causal relationships 
between multiple immune cell phenotypes and colorec-
tal cancer risk. Our MVMR analysis employed the IVW 
strategy, a meticulous approach that enhances precision 
and strengthens the integrity of causal inferences [27].

Cross‑trait linkage disequilibrium score regression analysis
To assess whether immune phenotypes share a polygenic 
architecture with colorectal cancer, we conducted a cross-
trait linkage disequilibrium score regression (LDSC) anal-
ysis. This analysis was performed to calculate the genetic 
correlation, which can be biased when two GWAS stud-
ies involve overlapping individuals [28]. LDSC provides a 
more accurate and unbiased estimate of genetic correla-
tion. We used the LDSC package in R software (version 
4.3.1) for these calculations, as described on GitHub.

Results
Positive IVs
In this study, IVs obtained from GWAS data of 731 
immune cell phenotypes were screened. All selected 
IVs exhibited F-statistics greater than 10, ensuring the 
absence of weak IV bias. The F-value list is provided in 
Additional file 3. Table 1 lists SNPs screened for all posi-
tive results.

The causal relationship between immunophenotypes 
and the risk of CRC​
A total of 32 immune phenotypes were identified that 
exhibited causal relationship with the risk of CRC. 

Specifically, 12 immune phenotypes were associated 
with a decreased risk of CRC, while 20 immune pheno-
types were linked to an increased risk of CRC. These 32 
immune cell phenotypes spanned several cellular catego-
ries: B cells (7 phenotypes), regulatory T (Treg) cells (10 
phenotypes), myeloid cells (2 phenotypes), T-cell/B-cell/
NK-cell (TBNK) (5 phenotypes), Maturation stages of T 
cells (6 phenotypes), monocytes (1 phenotype), and con-
ventional dendritic cell (cDC) (1 phenotype). Notably, the 
monocyte immune cell type showed a significant causal 
relationship only with a decreased risk of CRC, rather 
than with an increased risk. Conversely, the cDC immune 
cell type exhibited a significant causal link only with an 
increased risk of CRC, rather than with a decreased risk. 
The genetically predicted results from the IVW method 
for the immune cells and the risk of CRC are presented 
in Fig. 2.

Notably, 12 protective factors (OR < 1, P < 0.05) were 
identified, including 5 B cell phenotypes: naive-mature 
B cell AC; CD24+ CD27+ %B cell; transitional %lympho-
cyte; CD20 on IgD+ CD24−; and IgD on IgD+ CD38−. 
Additionally, two Treg phenotypes were found, including 
CD39+ CD4+ %T cell and CD25hi CD45RA− CD4 not 
Treg %T cell. Among myeloid cells, one protective fac-
tor was identified: Immature Myeloid-Derived Suppres-
sor Cells %CD33dim HLA DR− CD66b−. Furthermore, 
2 maturation stages of T cell phenotypes were found 
to be protective, involving herpesvirus entry mediator 
(HVEM) on EM CD8br and HVEM on CD8br. Addition-
ally, CCR2 on monocyte represented a protective factor 
among monocytes. Lastly, DN (CD4−CD8−) %leuko-
cyte was identified as a protective factor in the TBNK 
category.

Furthermore, 20 risk factors (OR > 1, P > 0.05) were 
identified as follows: 2 species of B cells, including BAFF-
R on naive-mature B cell and BAFF-R on B cell; one spe-
cies of cDC, specifically CD62L−plasmacytoid DC AC; 4 
species related to the maturation stages of T cells, such as 
CD3 on EM CD4+, CD3 on CM CD8br, CD4 on CD4+, 
and CD4 on CD45RA+ CD4+; one species of myeloid 
cells, CD33br HLA DR+ CD14−AC; 4 species in the 
TBNK group, including T cell %leukocyte, T cell %leuko-
cyte, CD3 on HLA DR+ CD8br, and FSC-A on B cell; and 
8 species of Treg cells, such as resting Treg %CD4 Treg, 
resting Treg %CD4, CD28+ CD45RA+ CD8br AC, CD3 
on CD39+ CD4+, CD3 on CD28+ CD45RA+ CD8br, CD3 
on CD28− CD8br, CD25 on secreting Treg, and CD4 on 
CD39+ activated Treg.

After applying the Bonferroni adjustment correction, 4 
results retained statistical significance. Notably, lympho-
cyte %leukocyte in the TBNK group (PBonferroni = 0.011) 
and CD3 on CM CD8br in the maturation stages of T cell 
group (PBonferroni = 0.023) were identified as risk factors 

https://shiny.cnsgenomics.com/mRnd/
https://www.bioladder.cn/web/#/pro/index
https://www.bioladder.cn/web/#/pro/index
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for CRC. Conversely, DN (CD4−CD8−) %leukocyte in the 
TBNK group (PBonferroni = 0.063) and HVEM on CD8br in 
the maturation stages of T cell group (PBonferroni = 0.137) 
were recognized as protective factors for CRC.

The results of 5 MR methods, are detailed in Additional 
file 4. Additionally, Additional file 5 provides scatter plots 
for 32 data items.

Forward sensitivity analysis
The sensitivity analysis revealed no heterogeneity in 
the causal relationship between the 32 immune cell 
phenotypes and the risk of CRC (P > 0.05 for Q-test). 

Additionally, there was no evidence of horizontal plei-
otropy (P > 0.05 for MR-Egger’s intercept method), sup-
porting the reliability of the causal inference results 
(Table  2). Both the leave-one-out analysis and funnel 
plot indicated the robustness of the data (Additional 
file  5).MR-PRESSO results are provided in Additional 
file  6. The statistical power of all results is shown in 
Additional file 7.

Reverse IV results
In this study, we conducted a GWAS data-based IV 
selection for CRC, ensuring that all IVs had an F-value 
greater than 10 to eliminate any potential IV bias. 

Table 1  Number of SNPs selected in each step

ID Trait Number of SNPs after 
LD

Number of SNPs after 
F > 10

Number 
of final 
IVs

ebi-a-GCST90001470 CD62L- plasmacytoid DC AC 24 24 24

ebi-a-GCST90001481 Resting Treg % CD4 Treg 27 27 21

ebi-a-GCST90001482 Resting Treg %CD4 31 31 29

ebi-a-GCST90001518 CD33br HLA DR + CD14- AC 28 28 27

ebi-a-GCST90001602 Lymphocyte %leukocyte 22 22 21

ebi-a-GCST90001605 T cell %leukocyte 19 19 18

ebi-a-GCST90001690 CD28 + CD45RA + CD8br AC 54 54 48

ebi-a-GCST90001716 BAFF-R on naive-mature B cell 22 22 19

ebi-a-GCST90001829 BAFF-R on B cell 21 21 18

ebi-a-GCST90001843 CD3 on EM CD4 +  19 19 18

ebi-a-GCST90001846 CD3 on CM CD8br 18 18 17

ebi-a-GCST90001850 CD3 on HLA DR + CD8br 25 25 19

ebi-a-GCST90001860 CD3 on CD39 + CD4 +  28 28 23

ebi-a-GCST90001864 CD3 on CD28 + CD45RA + CD8br 24 24 20

ebi-a-GCST90001865 CD3 on CD28- CD8br 19 19 18

ebi-a-GCST90001941 CD25 on secreting Treg 14 14 13

ebi-a-GCST90001968 FSC-A on B cell 20 20 20

ebi-a-GCST90002022 CD4 on CD4 +  22 22 21

ebi-a-GCST90002027 CD4 on CD45RA + CD4 +  27 27 23

ebi-a-GCST90002067 CD4 on CD39 + activated Treg 22 22 21

ebi-a-GCST90001409 Naive-mature B cell AC 22 22 22

ebi-a-GCST90001417 CD24 + CD27 + %B cell 26 26 24

ebi-a-GCST90001512 CD25hi CD45RA- CD4 not Treg %T cell 31 31 30

ebi-a-GCST90001516 Im MDSC %CD33dim HLA DR- CD66b- 22 22 19

ebi-a-GCST90001578 Transitional %lymphocyte 27 27 23

ebi-a-GCST90001613 DN (CD4-CD8-) %leukocyte 18 18 18

ebi-a-GCST90001658 CD39 + CD4 + %T cell 31 31 27

ebi-a-GCST90001747 CD20 on IgD + CD24- 21 21 18

ebi-a-GCST90001822 IgD on IgD + CD38- 28 28 23

ebi-a-GCST90001873 HVEM on EM CD8br 18 18 13

ebi-a-GCST90001881 HVEM on CD8br 16 16 14

ebi-a-GCST90002008 CCR2 on monocyte 21 21 21



Page 6 of 14Gao et al. BMC Cancer          (2025) 25:335 

Table 3 presents the number of SNPs screened at each 
step of the selection process.

The causal relationship between the risk of CRC 
and immunophenotypes
A total of 36 immune phenotypes were identified, all 
exhibiting a causal relationship with the risk of CRC. 
These 36 immune phenotypes were categorized into 
3 distinct groups: lymphocyte count (consisting of 3 
phenotypes), leukocyte count (consisting of 1 pheno-
type), and blood protein measurement (consisting of 32 

phenotypes). The genetically predicted results from the 
IVW method for the immune cells and the risk of CRC 
are presented in Fig. 3.

The lymphocyte count group included CD20- B cell 
%lymphocyte, CD28− CD25++ CD8+ T cell %CD8 + T 
cell, and CD25++ CD8+ T cell %CD8+ T cell. The leu-
kocyte count group comprised CD62L− plasmacytoid 
Dendritic Cell Absolute Count. The blood protein meas-
urement group encompassed BAFF-R on CD24+ CD27+ 
B cell, BAFF-R on IgD+ CD24+ B cell, BAFF-R on IgD+ 
CD24− B cell, BAFF-R on IgD+ CD38− B cell, BAFF-R 

Fig. 2  Forward MR analysis utilizing the inverse variance weighting method
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on IgD+ CD38dim B cell, BAFF-R on IgD− CD38+ B cell, 
BAFF-R on memory B cell, BAFF-R on naive-mature B 
cell, BAFF-R on unswitched memory B cell, BAFF-R on 
switched memory B cell, BAFF-R on IgD+ B cell, CD20 
on IgD+ CD38− unswitched memory B cell, CD20 on 
IgD− CD38+ B cell,CD27 on Plasma Blast-Plasma Cell, 
CD38 on IgD− CD38dim B cell, BAFF-R on B cell, CD3 
on CD39+ resting CD4 regulatory T cell, HVEM on Cen-
tral Memory CD8+ T cell, CD28 on CD28+ CD45RA+ 

CD8+ T cell, CD28 on resting CD4 regulatory T cell, 
CD127 on T cell, CD127 on CD28+ CD45RA+ CD8+ 
T cell, CD127 on CD45RA+ CD4+ T cell, CD33 on 
CD33dim HLA DR + CD11b+, CD16 on CD14− CD16+ 
monocyte, PDL-1 on CD14+ CD16− monocyte, PDL-1 
on CD14− CD16+ monocyte, PDL-1 on CD14− CD16−, 
PDL-1 on monocyte, CD39 on monocyte, CD11b on 
Granulocytic Myeloid-Derived Suppressor Cells, and 
HLA DR on CD33+ HLA DR+ CD14−. The results of 5 

Table 2  Positive MR sensitivity analysis

Panel Immune traits IVW MR-Egger

Q P intercept P

B cell Naive-mature B cell AC 12.7404132 0.917443838 6.58E-05 0.565397462

B cell CD24 + CD27 + %B cell 25.4489237 0.327561859 9.74E-05 0.572882785

cDC CD62L- plasmacytoid DC AC 9.744737644 0.992747365 −1.72E-05 0.914540795

Treg Resting Treg % CD4 Treg 25.269487 0.191315019 0.000145535 0.42912587

Treg Resting Treg %CD4 26.41363903 0.550319227 6.07E-05 0.660309028

Treg CD25hi CD45RA- CD4 not Treg 
%T cell

20.41342575 0.879612131 4.79E-06 0.970045006

Myeloid cell Im MDSC %CD33dim HLA DR- 
CD66b-

26.10646486 0.097348418 1.31E-05 0.950608121

Myeloid cell CD33br HLA DR + CD14- AC 22.36633755 0.668495855 −1.45E-05 0.897717076

B cell Transitional %lymphocyte 19.86622761 0.591407259 9.91E-05 0.575235087

TBNK Lymphocyte %leukocyte 21.64223734 0.360235024 7.47E-05 0.574565978

TBNK T cell %leukocyte 21.3484692 0.211089836 1.35E-05 0.929340562

TBNK DN (CD4-CD8-) %leukocyte 17.91663672 0.394118241 −5.44E-05 0.694317839

Treg CD39 + CD4 + %T cell 20.8486648 0.749732881 1.09E-05 0.92366958

Treg CD28 + CD45RA + CD8br AC 41.57944577 0.695898816 2.46E-05 0.779581422

B cell BAFF-R on naive-mature B cell 17.45104872 0.492326868 6.39E-05 0.704730968

B cell CD20 on IgD + CD24- 11.71419341 0.81712639 −9.72E-05 0.413539106

B cell IgD on IgD + CD38- 32.86394042 0.063813546 −0.000262245 0.137100823

B cell BAFF-R on B cell 17.18083653 0.442180928 6.55E-05 0.70578435

Maturation stages 
of T cell

CD3 on EM CD4 +  12.71713226 0.754906674 0.000270835 0.11213086

Maturation stages 
of T cell

CD3 on CM CD8br 13.9980488 0.598859203 0.000198965 0.314422349

TBNK CD3 on HLA DR + CD8br 20.02132228 0.331620525 1.51E-05 0.943719224

Treg CD3 on CD39 + CD4 +  7.663932595 0.997944116 −6.73E-05 0.671763276

Treg CD3 on CD28 + CD45RA + CD8br 16.18034363 0.645213386 0.000218596 0.233138256

Treg CD3 on CD28- CD8br 15.44209794 0.563670398 6.41E-05 0.759404213

Maturation stages 
of T cell

HVEM on EM CD8br 11.00267419 0.528689522 −0.000242004 0.246976203

Maturation stages 
of T cell

HVEM on CD8br 12.58989155 0.47996466 −0.000271331 0.224242141

Treg CD25 on secreting Treg 9.485399981 0.661006344 −5.31E-05 0.74362229

TBNK FSC-A on B cell 23.58868334 0.212405806 −8.94E-06 0.969593393

Monocyte CCR2 on monocyte 25.73516546 0.174737783 −0.000109087 0.550190069

Maturation stages 
of T cell

CD4 on CD4 +  14.21935508 0.819202188 −0.00014371 0.384388944

Maturation stages 
of T cell

CD4 on CD45RA + CD4 +  11.35014126 0.969388494 −7.81E-05 0.678461769

Treg CD4 on CD39 + activated Treg 29.97659576 0.070233782 0.000124428 0.540448094
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MR methods are presented in Additional file 8. Addition-
ally, Additional file  9 provides scatter plots for 36 data 
items.

However, after applying the Bonferroni adjustment 
correction, no statistically significant differences were 
found in the immune traits (PBonferroni > 0.2).

Reverse sensitivity analysis
The results of the reverse sensitivity analysis indicated 
that there was no heterogeneity in the causal relationship 
between the risk of CRC and the 36 immune cell phe-
notypes (P > 0.05 for Q-test). Additionally, there was no 
evidence of horizontal pleiotropy (P > 0.05 for MR-Egger’s 
intercept method), supporting the reliability of the causal 
inference results (Table  4). Both the funnel plot and 
leave-one-out analysis confirmed the robustness of the 
data (Additional file 9).

This study also features a schematic summary figure 
(Fig. 4), depicting the results, aimed at enhancing under-
standing for readers unfamiliar with the subject.

MVMR analysis
To describe the potential causal relationships between 
selected immune cell phenotypes and colorectal cancer 
(CRC) incidence, we conducted MVMR analysis using 
statistically significant exposures derived from two-
sample Mendelian randomization analysis, including 
Lymphocyte %leukocyte, CD3 on CM CD8br, DN (CD4-
CD8-) %leukocyte, and HVEM on CD8br. CRC was 
used as the outcome. The analysis was performed using 
the IVW method. The IVW results indicated that Lym-
phocyte %leukocyte has a direct and independent causal 
relationship with CRC susceptibility (OR: 1.0056, 95% CI: 
1.0007–1.0106, P = 0.0261). The results are shown in the 
Fig. 5 below.

Results of LDSC analysis
We conducted an analysis of the genetic correlation 
between HVEM on CD8 + T cells and colorectal can-
cer. The genetic correlation (Rg) was found to be 0.037, 
with a standard error of 0.212 and a P-value of 0.861. 
Consequently, there is no significant genetic correlation 

between HVEM on CD8 + T cells and colorectal 
cancer (Fig. 6).

However, during the LDSC analysis of lymphocyte 
%leukocytes, CD3 on CM CD8br, and DN (CD4-CD8-) 
% leukocytes, negative heritability was observed when 
examining the genetic correlation with colorectal cancer. 
This situation is not uncommon in genetic research and 
may be caused by various factors, such as random noise, 
population stratification, insufficient sample size, or poor 
sample quality.

Discussion
Utilizing vast quantities of publicly available genetic 
data, the causal relationship between 731 immune cell 
phenotypes and the risk of CRC was investigated. Addi-
tionally, we have tested the statistical validity of all MR 
analyses, although the results were somewhat limited. 
We hope it can offer valuable insights for future research. 
Through comprehensive genetic analysis, the present 
study provided evidence suggesting that immune cells 
may influence CRC risk. SNPs were employed as IVs in a 
bidirectional, two-sample MR analysis. The findings indi-
cated that DN (CD4−CD8−) %leukocyte and HVEM on 
CD8bright T cells were associated with the reduced CRC 
incidence. Additionally, associations were found between 
lymphocyte %leukocyte and CD3 on central memory 
CD8bright T cells with an increased risk of CRC. The 
MVMR study further indicates that lymphocytes % leu-
kocytes is associated with an increased risk of colorectal 
cancer. In the reverse Mendelian randomization analysis, 
no statistically significant causal relationship between 
CRC and immune phenotypes was observed. In this 
study, the results of LDSC are not satisfactory. The spec-
ulated reason may be that due to polygenic regulation, 
there are undiscovered confounding factors involved. 
However, it still enriches our research and offers new 
directions for future studies.

In the present study, a reduction was identified in the 
risk of CRC with increasing level of DN (CD4−CD8−) 
%leukocyte. DN T cells, classified as unconventional T 
cells, express the T lymphocyte antigen receptor, while 
lack the CD4, CD8, and CD56 surface markers is note-
worthy. Prior studies have demonstrated the signifi-
cant antitumor activity of DN T cells [29, 30]. Notably, 
Vγ9Vδ2 DN T cells have been identified as effective 
cytolytic mediators in cell-based immunotherapy against 
malignancies [31]. Furthermore, activated TCR-γδ+ DN 
T cells secrete a high level of interferon-γ (IFN-γ), an 
essential cytokine in antitumor immune responses, sug-
gesting their potential utilization in anticancer immu-
notherapy [32]. In  vitro studies have demonstrated 
that human DN T cells, when cocultured with tumo-
rigenic strains of pancreatic cancer, reduce cancer cell 

Table 3  Number of SNPs screened at each step of the selection 
process

ID Trait Number of 
SNPs after 
LD

Number of 
SNPs after 
F > 10

Number of 
final IVs

ieu-b-4965 Colorectal 
cancer

8 8 8
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Fig. 3  Reverse MR analysis using the inverse variance weighting method
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proliferation and invasion by increasing IFN-γ secretion 
and FasL expression level [33, 34]. IFN-γ has been dem-
onstrated to have a therapeutic effect on human malig-
nancies [35, 36]. Additionally, DN T cells have exhibited 
cytotoxicity against lung cancer-derived cells in  vitro, 
indicating their potential as a rational alternative ther-
apy [37]. Favorable outcomes have also been reported 
using DN T cells as an ex  vivo therapy for leukemia 
[38]. Ponzeta et  al. investigated the interaction between 

the TME and DN T cells, revealing that neutrophils can 
modulate the function of TCR-αβ+ DN T cells, playing a 
crucial role in antitumor immunity [38].

Lymphocytes play a pivotal role in the development of 
cancer. The present study demonstrate a positive associa-
tion between lymphocyte %leukocyte and an increased 
risk of CRC. Cong Ma et  al. conducted a retrospective 
study on lung cancer by examining data of 430 lung can-
cer patients and 158 healthy controls, as well as analyzing 

Table 4  Reverse MR sensitivity analysis

Panel Trait IVW MR-Egger

Q P intercept P

lymphocyte count CD20- B cell %lymphocyte 5.628424468 0.583742028 −0.020197223 0.465393037

leukocyte count CD62L-plasmacytoid Dendritic Cell Absolute Count 0.481777286 0.998053232 −0.009588601 0.734553115

lymphocyte count CD28-CD25 +  + CD8 + T cell %CD8 + T cell 8.111715967 0.322846124 0.036576174 0.207072277

lymphocyte count CD25 +  + CD8 + T cell %CD8 + T cell 8.86756079 0.262305067 −0.010806053 0.757103591

Blood protein measurement BAFF-R on CD24 + CD27 + B cell 3.635212696 0.820703327 −0.007719359 0.781423826

Blood protein measurement BAFF-R on IgD + CD24 + B cell 3.259441752 0.860009693 −0.010413602 0.708911623

blood protein measurement BAFF-R on IgD + CD24- B cell 3.314789403 0.854435804 −0.003795162 0.891058846

blood protein measurement BAFF-R on IgD + CD38- B cell 2.724797468 0.909240835 −0.008305874 0.764810477

blood protein measurement BAFF-R on IgD + CD38dim B cell 3.487451321 0.836552833 −0.003621699 0.89607949

blood protein measurement BAFF-R on IgD- CD38 + B cell 3.686630474 0.815080667 −0.003689713 0.892575379

blood protein measurement BAFF-R on memory B cell 2.875102266 0.896310832 −0.006849821 0.805156326

blood protein measurement BAFF-R on naive-mature B cell 3.239184768 0.862029417 −0.000763744 0.978039826

blood protein measurement BAFF-R on unswitched memory B cell 3.645817664 0.819547994 −0.007521536 0.786646829

blood protein measurement BAFF-R on switched memory B cell 3.7621677 0.806727296 −0.005189773 0.85188811

blood protein measurement BAFF-R on IgD + B cell 3.063922391 0.879026562 −0.004646516 0.866957854

blood protein measurement CD20 on IgD + CD38- unswitched memory B cell 2.464726428 0.929729695 0.020473805 0.587666815

blood protein measurement CD20 on IgD- CD38 + B cell 0.925006408 0.995949307 −0.009793226 0.720995495

blood protein measurement CD27 on Plasma Blast-Plasma Cell 3.339169887 0.851955298 0.001049838 0.968784009

blood protein measurement CD38 on IgD- CD38dim B cell 4.616458973 0.706652061 0.009888258 0.714548601

blood protein measurement BAFF-R on B cell 3.205047667 0.865407897 −0.002918699 0.916214953

blood protein measurement CD3 on CD39 + resting CD4 regulatory T cell 4.568867206 0.712409418 −0.026788447 0.403698095

blood protein measurement HVEM on Central Memory CD8 + T cell 10.62789262 0.155693853 −0.027090676 0.63858879

blood protein measurement CD28 on CD28 + CD45RA + CD8 + T cell 5.107595069 0.64683467 −0.022517181 0.477739158

blood protein measurement CD28 on resting CD4 regulatory T cell 1.05037159 0.591445467 −0.037334119 0.492576982

blood protein measurement CD127 on T cell 7.08826735 0.419747781 −0.029800936 0.343497442

blood protein measurement CD127 on CD28 + CD45RA + CD8 + T cell 1.235454188 0.990087531 −0.000590536 0.983931563

blood protein measurement CD127 on CD45RA + CD4 + T cell 1.775880353 0.971198017 −0.022660552 0.468573891

blood protein measurement CD33 on CD33dim HLA DR + CD11b +  4.626984466 0.70537716 0.032374968 0.432719247

blood protein measurement CD16 on CD14- CD16 + monocyte 7.688509066 0.360860369 0.017070218 0.575814903

blood protein measurement PDL-1 on CD14 + CD16- monocyte 4.837961663 0.679729842 0.002470782 0.9276554

blood protein measurement PDL-1 on CD14- CD16 + monocyte 6.964173444 0.432619632 −0.004478464 0.880622351

blood protein measurement PDL-1 on CD14- CD16- 4.544092419 0.715401504 0.011752961 0.662384596

blood protein measurement PDL-1 on monocyte 3.584069031 0.826242434 0.003783025 0.889996723

blood protein measurement CD39 on monocyte 2.664831048 0.914182429 −4.62E-05 0.998814508

blood protein measurement CD11b on Granulocytic Myeloid-Derived Suppressor Cells 1.799015922 0.406769757 −0.074417086 0.408088882

blood protein measurement HLA DR on CD33 + HLA DR + CD14- 7.279325969 0.400387478 −0.04225331 0.32980815



Page 11 of 14Gao et al. BMC Cancer          (2025) 25:335 	

20 clinical characteristics, including lymphocyte percent-
age. They found a strong correlation between a higher 
cancer risk and a lower lymphocyte percentage [39]. Jia 
Jun Ang et al. pointed out that the lymphocyte-to-white 
blood cell ratio (LWR) serves as a novel marker for post-
operative morbidity in patients with CRC. In the multi-
variable analysis, only an LWR < 0.180 (odds ratio [OR]: 
2.53, 95% confidence interval [CI]: 1.15–5.55) and neoad-
juvant therapy (OR: 2.49, 95% CI: 1.16–5.24) were associ-
ated with overall morbidity [40]. However, findings of the 
present study contrast with those reported by Zhao et al. 
who found that patients with an increased LWR had sig-
nificantly longer survival time compared with those with 
a decreased LWR in advanced cancer. They speculated 
that patients with an elevated LWR after palliative ther-
apy may possess a stronger immune response, potentially 
improving patients’ prognosis [41].

Early studies have demonstrated that central memory 
CD8+ T cells (TCM) could be considered more effective 

than effector memory T cells (TEM) in mediating protec-
tive immunity [42]. In humans, TCM cells exhibited a phe-
notypic profile of CD45RA− CD45RO+ CCR7+ CD62L+, 
characterized by their lymph node homing properties 
[43, 44]. The presence of TCM and TEM cells has been 
found to be associated with a better prognosis in can-
cer patients. In fact, anti-CTLA-4 immunotherapy has 
exhibited to enhance the formation and maintenance of 
CD8 memory T cells in mouse infection models, poten-
tially promoting memory against cancer [45]. Among 
patients with advanced melanoma treated with anti-
CTLA4 immune checkpoint blockade (ICB) therapy, a 
higher proportion of CD45RO+ memory cells within 
the total CD8 T cell population in the blood could serve 
as a positive indicator for predicting response rates and 
overall survival [46]. PD-1 expression level was higher 
in T+++

EM cells compared with that in TCM cells [47]. In 
patients with advanced melanoma and non-small cell 
lung cancer, the frequency of CD45RA− CCR7+ T+CM 

Fig. 4  Schematic summary of the study results. The red lines indicate immune cell phenotypes that are associated with a decreased incidence 
of CRC, while the yellow lines indicate those associated with an increased incidence. The green boxes represent the TBNK group, and the blue boxes 
represent the maturation stages in the T cell group

Fig. 5  Forest plot of MVMR analysis results. This forest plot displays the odds ratios (OR) and their 95% confidence intervals (CI) for four genetic 
variants analyzed in the MVMR study. The dashed line at OR = 1 indicates no association
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cells in the blood has been shown to be a positive predic-
tor of response and survival to anti-PD1 therapy [48, 49]. 
Responders with a higher TCM/TEFF ratio in the blood 
also exhibited a higher inflammatory gene expression 
profile in their tumors [48], indicating the importance of 
TCM cells in the antitumor immune response of patients. 
CD3 protein is a crucial molecule in the immune system, 
involved in activating cytotoxic T cells and T helper cells, 
being responsible for monitoring and defending against 
infections and abnormal cells in the body. CD3-bispe-
cific antibodies (CD3-BsAbs) are an emerging therapeu-
tic modality in cancer immunotherapy [50]. BsAbs can 
recognize different antigens with each antigen-binding 
domain, whereas traditional Abs recognize the same 
antigen through both Fab arms. CD3-BsAbs function 
by simultaneously binding to tumor-associated antigens 
expressed in tumor cells and CD3 in T cells [51].

HVEM serves as a molecular switch that activates stim-
ulatory and inhibitory pathways that are crucial for T cell 
homeostasis. Upon binding to the canonical TNF-related 
molecule LIGHT, HVEM activates NF-kB, function-
ing as a costimulatory receptor during T cell activation 
[52]. The HVEM displays dual signaling in T cell activa-
tion, depending on its interacting ligands and intracel-
lular effectors. An elevated HVEM expression level may 
exert immunosuppressive effects on some malignancies. 
Ma et al. [53] found that HVEM can serve as a favorable 
prognostic marker for intrahepatic cholangiocarcinoma 
(ICC), with costimulatory signals from HVEM potentially 
playing a dominant role in ICC progression. Additionally, 
HVEM functions as a ligand for BTLA, a member of the 
Ig superfamily that acts as an inhibitory signal receptor, 
limiting T cell function [54–56]. The BTLA/HVEM path-
way plays a pivotal role in T cell suppression in tumors. 
Liu et  al. [57] discovered that the BTLA/HVEM path-
way may contribute to peripheral T cell suppression in 
patients with hepatocellular carcinoma.

The strength of the present study lies in the novel appli-
cation of MR methods to investigate the relationship 
between immune cell phenotypes and the risk of CRC. 
The findings of the present study were derived under rig-
orous testing for horizontal pleiotropy, minimizing the 
confounding factors and the influence of reverse causality 

on the results. Furthermore, immune cell phenotypes 
that were significantly associated with the risk of CRC 
were identified, which have been less explored in previ-
ous studies.

However, the limitations of the present study should be 
pointed out. Firstly, a major constraint is the reliance on 
GWAS summary datasets for immune traits and CRC, 
which, although sourced from the reliable UK Biobank, 
might introduce potential biases due to differences in 
sample sizes, quality control methods, and other fac-
tors. Secondly, although sensitivity analysis alleviated 
concerns about pleiotropy, multivariate MR (MVMR) 
analysis would provide further insights into the relation-
ship between immune phenotypes and the risk of CRC. 
Nevertheless, given the complexity of 731 exposures, 
including computational demands, statistical power, the 
validity of instrumental variables, and challenges in clini-
cal interpretation, the application of MVMR is currently 
regarded infeasible. So this study conducts an applica-
tion analysis of MVMR on immune cell phenotypes that 
have a causal relationship with the occurrence of colorec-
tal cancer within the context of two-sample Mendelian 
randomization. Thirdly, the primarily European ancestry 
of the dataset, its limitation to adults, and the absence 
of stratification by gender and age may impact the gen-
eralizability and precision of the results. Furthermore, 
while Bonferroni correction was applied for multiple 
testing, the selection of IVs for immune cell phenotypes 
(P < 1 × 10–5) and the interpretation of results (PBonfer-

roni < 0.2) were less stringent, potentially leading to some 
false positives due to the limited sample size.

Conclusions
Elevated levels of DN (CD4−CD8−) %leukocyte and 
HVEM on CD8br could serve as protective factors 
against CRC. Conversely, lymphocyte %leukocyte and 
CD3 on CM CD8br were identified as risk factors for 
CRC. Furthermore, using reverse Mendelian randomi-
zation, the present study did not detect a causal effect of 
CRC on immune phenotypes.

Fig. 6  Genetic correlation of HVEM on CD8bright T cells with CRC assessed using LDSC
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In conclusion, this study explored and demonstrated 
the causal effect of immune phenotype on colorectal can-
cer progression through a comprehensive bidirectional 
MR analysis. This enhances the current understand-
ing of the correlation between immune responses and 
CRC risk, providing valuable insights for researchers to 
explore the biological mechanisms of CRC. However, it is 
imperative to underscore the necessity of validating our 
findings through rigorous clinical studies and fundamen-
tal research prior to their clinical implementation.
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