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Abstract

Background and objective Gliomas, particularly glioblastoma multiforme (GBM), are the most common primary central
nervous system tumors in adults and are notoriously difficult to treat due to their high heterogeneity and invasiveness.
Despite advances in molecular diagnostics and personalized therapies, prognosis remains poor. The immune system
plays a critical role in glioma progression. This study employed mediation Mendelian randomization analysis to explore
the relationships between immune cell phenotypes, cerebrospinal fluid metabolites, and glioma, aiming to uncover
potential mechanisms of tumor progression and immune evasion.

Method In this study, we employed several analytical methods including IVW, MR Egger, Simple mode, Weighted median,
and Weighted mode, with IVW results being considered the primary basis. We assessed heterogeneity and pleiotropy,
and used leave-one-out analysis to determine sensitivity, ensuring the stability and reliability of the results. The potential
mediating effects of cerebrospinal fluid metabolites were investigated to explore the underlying mechanisms linking
immune cell function and glioma. The GWAS data for immune cells, cerebrospinal fluid metabolites, and glioma used in
this study were sourced from public databases.

Result We identified nine risk immune cell phenotypes for glioma (such as CD19 on IgD(+) CD24(-)), and ten protective
immune cell phenotypes (such as CD11c on monocytes). Mediation analysis revealed that levels of 7-alpha-hydroxy-
3-oxo-4-cholestenoate (7-hoca) (MP=- 14.6%) and Palmitoyl dihydrosphingomyelin (d18:0/16:0) (MP =7.9%)
partially mediated the relationship between CD3 on CD39(+) resting Treg cells and glioma. Additionally, 7-hoca levels
(MP=-12.3%) and Phenyllactate (pla) levels (MP =4.12%) partially mediated the association between FSC-A on NKT
cells and glioma. Furthermore, Glycerophosphoinositol levels (MP =— 12.1%) and Orotate levels (MP =— 11.4%) partially
mediated the relationship between Granulocyte adenylyl cyclase (Granulocyte AC) and glioma.

Conclusion This study identified that specific immune cell phenotypes directly influence glioma risk and indirectly
modulate this risk through cerebrospinal fluid metabolites. CD19 on IgD( +) CD24(-) B cells were identified as risk factors,
while CD11¢c on monocytes were protective. Metabolites like 7-hoca and glycerophosphoinositol play key mediating
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roles. These findings enhance our understanding of glioma pathophysiology and suggest that immune modulation and
metabolic intervention may be promising therapeutic strategies.

Keywords Glioma - Immune cell phenotypes - Cerebrospinal fluid metabolites - Mediation Mendelian Randomization -
Immune evasion

Abbreviations

GBM Glioblastoma multiforme

7-hoca 7-Alpha-hydroxy-3-oxo-4-cholestenoate
Tregs Regulatory T cells

MDSCs Myeloid-derived suppressor cells

NO Nitric oxide

NK Natural killer

PD-L1 Programmed death-ligand 1

CTLA-4 Cytotoxic T-lymphocyte-associated protein 4
IDO Indoleamine 2,3-dioxygenase

TDO Tryptophan 2,3-dioxygenase

MR Mendelian randomization

SNPs Single nucleotide polymorphisms

Ivw Inverse variance weighted

GWASs Genome-wide association studies

OR Odds ratios

Granulocyte AC  Granulocyte adenylyl cyclase

pla Phenyllactate

1 Introduction

Glioblastoma multiforme (GBM), the most aggressive glioma subtype, accounts for nearly 50% of adult central nervous
system malignancies [1-3]. Despite advancements in molecular diagnostics and multimodal therapies (e.g., surgery,
radiotherapy), GBM remains incurable, with a median survival of less than 15 months [4-6]. This poor prognosis stems
from tumor heterogeneity, invasive growth, and an immunosuppressive microenvironment dominated by regulatory T
cells (Tregs) and myeloid-derived suppressor cells (MDSCs) [7-9].

The complexity of gliomas extends beyond the genetic and epigenetic alterations within tumor cells, encompassing
the diverse cellular components and their interactions within the tumor microenvironment. In recent years, researchers
have uncovered that the immune system plays a critical role in the pathogenesis and progression of gliomas. Immune cells
within the tumor microenvironment, such as macrophages, T cells, and dendritic cells, engage in dynamic interactions
with glioma cells, profoundly influencing tumor progression [8-10]. Immunosuppressive mechanisms within the tumor
microenvironment, such as the upregulation of immune checkpoint molecules, enable tumor cells to evade hostimmune
surveillance, thereby facilitating immune evasion [11, 12].

The immunosuppressive glioma microenvironment is characterized by infiltrating Tregs and MDSCs, which secrete
cytokines (e.g., TGF-B, IL-10) and metabolites (e.g., NO) to inhibit effector T and NK cell activity [6, 7, 13-15]. These
mechanisms facilitate tumor immune evasion and resistance to conventional therapies.

Recent advances in cerebrospinal fluid metabolomics have highlighted its utility in identifying prognostic biomarkers
for neurological malignancies, underscoring the rationale for our focus on metabolite-mediated pathways [16]. The
upregulation of immune checkpoint molecules is particularly crucial in the immune evasion mechanisms of gliomas. The
expression of immune checkpoint molecules such as programmed death-ligand 1 (PD-L1) and cytotoxic T-lymphocyte-
associated protein 4 (CTLA-4) is markedly increased in gliomas, inhibiting the activity of effector T cells and inducing
the expansion of Tregs [17, 18]. These immunosuppressive molecules transmit negative signals by binding to their
corresponding receptors, leading to the functional inhibition and apoptosis of T cells. This mechanism has been
recognized as a major reason for the poor responsiveness of glioma patients to immunotherapy.
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Metabolic reprogramming further sustains glioma progression. The Warburg effect generates lactate, acidifying
the microenvironment and impairing dendritic cell activity [19-21]. Simultaneously, tryptophan catabolism via IDO/
TDO enzymes depletes local tryptophan and produces kynurenine, promoting Treg expansion and T cell dysfunction
[22]. These metabolic adaptations synergize with immune suppression to drive tumor immune evasion. Tryptophan
metabolism, particularly through the kynurenine pathway, is highly active in gliomas. Enzymes such as indoleamine
2,3-dioxygenase (IDO) and tryptophan 2,3-dioxygenase (TDO) catalyze the breakdown of tryptophan, leading to the
production of metabolites like kynurenine, which suppress T cell function and promote the expansion of Tregs [22].
This contributes to the immunosuppressive microenvironment characteristic of gliomas, enabling the tumor to evade
immune detection and response.

Mendelian randomization (MR) analysis is a method that uses genetic variants as instrumental variables to assess
the causal relationship between exposures and outcomes. It effectively reduces the impact of confounding factors
and has been widely applied in epidemiological studies in recent years [23]. This study aims to explore the relationship
between gliomas, immune cells, and cerebrospinal fluid metabolites using a mediation MR approach, thereby revealing
potential mechanisms involved in tumor initiation, progression, and immune evasion. This research not only deepens
our understanding of the pathobiology of gliomas but may also identify new therapeutic targets for future interventions.

2 Method
2.1 Design

We investigated the causal relationship between 731 immune cell phenotypes and glioma using Mendelian
randomization analysis, simultaneously exploring whether cerebrospinal fluid metabolites mediate this relationship.
We used single nucleotide polymorphisms (SNPs) as instrumental variables that met the following conditions: (1) The
instrumental variable had to be strongly associated with the exposure; (2) The instrumental variable cannot be associated
with any confounding factors; (3) The instrumental variables can affect the outcome through exposure, rather than by
any other manner to affect the outcome (Fig. 1). MR analysis results including inverse variance weighted (IVW) [24], MR
Egger [25], Simple mode [26] and Weighted median [27], weighted mode [26], including IVW as main results. In addition,
Ethical approval and consent to participate in the original genome-wide association studies (GWASs) were obtained
from relevant review boards. The current study used publicly available summary statistics data, and thus no additional
ethics approval was required [28]. This study adheres to the Strengthening the Reporting of Observational Studies in
Epidemiology using Mendelian Randomization (STROBE-MR) guidelines. A completed STROBE-MR checklist is provided
as Supplementary File 10, detailing compliance with all 25 reporting items.

Fig. 1 Three fundamental
assumptions of Mendelian roT I- :1' N -d_ N2 H
randomization (MR) analysis ndependence assumption

confounders

Exposure

Mediator

Exclusivity assumption ><
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2.2 Data sources
2.2.1 The GWAS data for glioma

GWAS data for glioma were obtained from FinnGen consortium (Risteys FinnGen R10—C3_GBM).The dataset counted
253 individuals, including 95 females and 158 males. The glioma GWAS data were obtained from the FinnGen consortium
(R10 release), comprising 253 individuals (95 females, 158 males) of European ancestry diagnosed with glioblastoma
or astrocytoma. Diagnoses were confirmed histologically according to WHO 2021 criteria. Genotyping was performed
using the lllumina Global Screening Array, followed by imputation with the TOPMed reference panel. Quality control
steps included: (1) SNP exclusion for call rate < 95%; (2) sample exclusion for heterozygosity outliers or sex mismatch; (3)
Hardy-Weinberg equilibrium (HWE) testing (P> 1 x 107°). Association analyses were conducted using logistic regression
adjusted for age, sex, and the first 10 principal components.

2.2.2 The GWAS data for immune cell phenotypes

The GWAS data on immune cell phenotypes were obtained from a cohort study involving 3757 individuals of European
ancestry (accession numbers from ebi-a-GCST0001391 to ebi-aGCST0002121) [29]. The immune cell phenotype GWAS
data were derived from a European cohort of 3757 individuals (Orru et al., 2020). Immune cell subsets (e.g.,, CD19+B
cells, CD11c+monocytes) were quantified via flow cytometry, and phenotypes were standardized as absolute counts
or median fluorescence intensity (MFI). Genotyping used the lllumina Infinium Omni2.5-8 array, with imputation based
on the 1000 Genomes Phase 3 reference. Quality control included SNP filtering (MAF > 1%, imputation accuracy R2>0.3)
and sample exclusion for relatedness (PI-HAT > 0.2). Linear regression models adjusted for age, sex, and batch effects
were applied for association testing.

2.2.3 The GWAS data for cerebrospinal fluid metabolites

A study utilizing a cohort of Alzheimer’s disease patients conducted a comprehensive metabolomic and genome-wide
association analysis of 338 cerebrospinal fluid metabolites. This analysis identified 16 genotype-metabolite associations
and ultimately delineated 19 significant cerebrospinal fluid metabolite-phenotype associations [30]. The GWAS data for
cerebrospinal fluid (CSF) metabolites were derived from a cohort of Alzheimer’s disease (AD) patients due to the lack
of publicly available metabolomic GWAS datasets specific to glioma or healthy populations. Although AD and glioma
differ in etiology, they share overlapping metabolic pathways (e.g., cholesterol metabolism, neuroinflammation-related
metabolites), making this dataset biologically plausible for exploratory analyses. To address potential cohort-specific
biases, we conducted sensitivity analyses (e.g., MR-Egger intercept test) and confirmed that the selected SNPs exhibited
no significant horizontal pleiotropy (P> 0.05). Furthermore, the AD cohort provided the largest CSF metabolome GWAS
summary statistics with comprehensive metabolite coverage (n=338), which was critical for detecting subtle mediation
effects. The CSF metabolomic GWAS data were generated from a cohort of 1,203 Alzheimer’s disease patients (Panyard
etal., 2021). Metabolite levels were quantified using liquid chromatography-mass spectrometry (LC-MS), covering 338
metabolites. Genotyping utilized the lllumina HumanOmni5Exome array, with imputation to the Haplotype Reference
Consortium panel. Quality control involved metabolite normalization (log2-transformed and z-scored), SNP exclusion
(MAF < 5%, imputation R? < 0.6), and covariate adjustment for age, sex, and APOE &4 status in linear models.

Detailed GWAS metadata, including phenotype definitions and access codes, are provided in Supplementary Table 9.

2.3 Vs screening

We first selected instrumental variables strongly associated with the exposure based on the P-value, with a threshold
set at P<5x 107°. Additionally, we removed variables with linkage disequilibrium, applying a threshold of r?<0.01 and
kb > 10,000. We used the F-statistic to estimate the strength of instrumental variables. Instrumental variables with an
F-value < 10 are considered weak IV and will bias the results significantly. We therefore retained IVs with F > 10. In cases
where the target SNP was unavailable in the outcome dataset, we selected proxy SNPs in high linkage disequilibrium
(LD) with the target SNP (r?= 0.8) using the 1000 Genomes European reference panel. Proxy SNPs were only included if
they met the same significance threshold (P <5 x 10™) and LD criteria (r? <0.01, kb > 10,000). Palindromic SNPs (e.g., A/T
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or C/G alleles) were excluded to avoid strand ambiguity. For SNPs with allele frequency differences between exposure
and outcome datasets, we further aligned the strands using the 1000 Genomes reference panel to ensure consistent
effect direction.

2.4 The assessment of heterogeneity and horizontal pleiotropy

In MR analysis tool must ensure that the variable can only be through the exposure factor to influence the outcome, so
we adopt MR-Egger intercept test to detect pleiotropy, which reflects the stability of the research. When the P-value
of the MR-Egger intercept is less than 0.05, horizontal pleiotropy is deemed to be present; conversely, if the P-value is
greater than 0.05, horizontal pleiotropy is considered to be absent [31]. Employing Cochran’s Q statistic along with its
corresponding P-value provides a quantitative evaluation of the heterogeneity among the selected IVs [32]. Sensitivity
analyses were performed using the leave-one-out method to determine the effect of individual SNPs on the results [33].

2.5 Analysis of the overall causal effect

We use a bidirectional two-sample MR analysis to assess 731 types of immune cell phenotype with glioma. IVW was
considered as the primary outcome, while the results of the other four analyses, such as MR Egger, were supplemented.
To account for multiple testing across 731 immune cell phenotypes, we applied the Benjamini-Hochberg false discovery
rate (FDR) correction. A significance threshold of FDR-adjusted P < 0.05 was used to define robust associations.

2.6 Mediation analysis

The effects of immune cell phenotypes on glioma can be divided into direct effects and indirect effects mediated through
cerebrospinal fluid metabolites. Here, we used a two-step MR approach to calculate the estimated causal effect ofimmune
cell phenotypes on cerebrospinal fluid metabolites (beta1) and cerebrospinal fluid metabolites on glioma (beta2), and
then we could calculate the mediating effect and the proportion of the mediating effect in the total effect.

3 Results
3.1 Total effect of immune cell phenotypes on glioma

To investigate the overall effect of immune cell phenotypes on glioma, we employed two-sample MR analysis, including
IVW, MR Egger, Simple mode, Weighted median, and Weighted mode methods. Ultimately, we identified immune cell
phenotypes from the IVW results with a P-value <0.05, where the odds ratios (OR) were consistently greater than 1 or
less than 1, and the pleiotropy P-value was > 0.05. Among these, 9 immune cell types, such as CD19 on IgD(+) CD24(-),
were identified as risk factors for glioma (Supplementary Fig. 1), while 10 immune cell types, such as CD11c on monocyte,
were considered protective factors for glioma (Supplementary Fig. 2). The summarized results of the MR analysis are
provided in Supplementary Tables 1, 2.

In the screening process, a threshold of P >0.05 was set for pleiotropy, ensuring that the significant immune cell
phenotypes obtained do not exhibit SNP pleiotropy (Supplementary Table 3). The method used to detect pleiotropy
was the MR-Egger intercept method. Additionally, the screening included conditions where the OR values were either
greater than 1 or less than 1. Therefore, the results obtained were consistent across all five statistical analysis models
used in the main MR analysis, which more strongly supports the effect of certain immune cell phenotypes on the disease.

To mitigate potential heterogeneity from other factors affecting the MR results, we employed both the IVW and
MR-Egger methods to assess heterogeneity, with a significance threshold of P<0.05 (Supplementary Table 4). The
results indicated that all immune cell phenotypes obtained exhibited no significant heterogeneity under both the IVW
and MR-Egger models, suggesting that the results are not biased by heterogeneity (Supplementary Fig. 3). We further
validated the results through sensitivity analysis and found no evidence that any single SNP significantly influenced the
overall causal relationship (Supplementary Fig. 4).
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3.2 The mediating role of cerebrospinal fluid metabolites in immune cell-glioma interactions

The exploration of cerebrospinal fluid metabolite mediation between immune cells and glioma aims to investigate
the potential mechanisms through which immune cells influence glioma.

First, using MR analysis, we investigated the relationships between all cerebrospinal fluid metabolites and
glioma. Based on the results from the IVW method, we identified ten significant cerebrospinal fluid metabolites,
such as 7-alpha-hydroxy-3-oxo-4-cholestenoate (7-hoca) levels, using a threshold of P < 0.05 (Supplementary Fig. 5).
Subsequently, applying the same approach with a threshold of P < 0.05 based on IVW results, we identified immune
cell phenotypes that significantly affect these mediator factors (Supplementary Table 5). By comparing immune cell
phenotypes causally associated with disease and those significantly associated with cerebrospinal fluid metabolites,
we identified a set of nine immune cell-cerebrospinal fluid metabolite pairs (Supplementary Table 6).

Next, we investigated their mediating effects to determine whether the cerebrospinal fluid metabolite acts as a
mediator. The study encompassed the mediation effect of immune cell phenotypes on cerebrospinal fluid metabolites
(betal) (Supplementary Table 7), as well as the mediation effect of cerebrospinal fluid metabolites on glioma (beta2)
(Supplementary Table 8). Ultimately, we identified six meaningful pairs of immune cell-cerebrospinal fluid metabolite
interactions.

Ultimately, we found that CD3 on CD39(+) resting Tregs combined with 7-hoca levels jointly reduce the risk of
glioma(Mediated effect, ME =0.0479; Mediated proportion, MP =— 14.6%) (Table 1). FSC-A on NKT cells combined
with 7-hoca levels decrease glioma risk(ME =0.046, MP =— 12.3%) (Table 1). Granulocyte adenylyl cyclase (Granulocyte
AC) combined with Glycerophosphoinositol levels jointly increase glioma risk(ME =— 0.0376, MP =— 12.1%) (Table 1),
whereas Granulocyte AC combined with Orotate levels increase glioma risk(ME =— 0.0354, MP =— 11.4%) (Table 1).
CD3 on CD39(+) resting Treg cells combined with Palmitoyl dihydrosphingomyelin (d18:0/16:0) levels jointly reduce
glioma risk(ME=—-0.0259, MP =7.9%) (Table 1). FSC-A on NKT cells combined with Phenyllactate (pla) levels decrease
glioma risk (ME=-0.0154, MP =4.12%) (Table 1) (Fig. 2).

Table 1 Six pairs of cerebrospinal fluid metabolites with “immune cell phenotype—Brain glioblastoma and astrocytoma” mediating effects

cerebrospinal fluid
Immune cell . Outcome ME MP
metabolite
CD3 on CD39+ resting Treg 7—alpha—hydrz)7x_ };1_03(:; 1(2 _\i;lcs holestenoate Brain glioblastoma and astrocytoma (0.01(;2,4(;%824) (4.1 i:/jf;/g 1%)
FSC-A on NKT 7-alpha-hydrz);(_}k/l—jc—;xg\tlcsholestenoate Brain glioblastoma and astrocytoma (0.006(()).90,4(?‘0858) (-1.61;‘1/3,.%;/02.9%)
Granulocyte AC Glycerophosphoinositol levels Brain glioblastoma and astrocytoma (_0.072)01',0_3(;/.30509) (_22.;/02" {‘1)/;4%)
Granulocyte AC Orotate levels Brain glioblastoma and astrocytoma (—0.06-2.1(?3—3%0037) (21 é;,ﬁ/"] 9%)
D3 on D3¢ resting Treg Palmito({ill(;ai:k(l)ﬁg?gs ?égglosmyelm Brain glioblastoma and astrocytoma (o sy ? (33:5090069 1 (15.6‘;,;9;@1 1%)
FSC-A on NKT Phenyllactate (pla) levels Brain glioblastoma and astrocytoma (-0.02;5%,0-]05.30226) (7.64:;),1 gygos%)

7-hoca, 7-alpha-hydroxy-3-oxo-4-cholestenoate; pla, Phenyllactate; AC, adenylyl cyclase; FSC-A, Forward scatter area; NKT, natural killer T
cells; Tregs, regulatory T cells
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Fig.2 Forest plots for

six significant immune
cell-cerebrospinal fluid
metabolite-glioma
interactions. A CD3 on
CD39(+) resting regulatory T
cells (Tregs)-7-alpha-hydroxy-
3-ox0-4-cholestenoate
(7-hoca) levels—glioma.

B Granulocyte adenylyl
cyclase (Granulocyte AC)-
Glycerophosphoinositol
levels—glioma. C Forward
scatter area (FSC-A) on natural
killer T cells (NKT)-7-hoca
levels—glioma. D Granulocyte
AC-Orotate levels-glioma.

E CD3 on CD39(+)

resting Tregs—Palmitoyl
dihydrosphingomyelin
(d18:0/16:0) levels—glioma. F
FSC-A on NKT-Phenyllactate
(pla) levels—glioma

exposure outcome nsnp method pval OR(95% CI)
Ipha-hydroxy Brain glioblastoma 2 MR Egger 0191 —————  3.151(0.595 0 16.671)
2 Weighted median 0520 ————e+ 1386 (0.502103.830)
23 Inverse variance weighted 0.011 —  2445(1.225104.883)
23 Simple mode 0915 «——o——  1.088 (0.234 10 5.067)
2 Weighted mode 0930 «——te—— 1068 (0248 10.4.584)
CD3 on CD39+ resting Treg Brain glioblastoma and astrocytoma 20 MR Egger 0.035 —o— 0.693 (0.506 to 0.949)
20 Weighted median 0078 —e— 0.773 (0.580 to 1.030)
20 Inverse variance weighted  0.002 +—e— 0720 (0.584 10 0.889)
20 Simple mode 0.058 so—— 0.590 (0.353 to 0.985)
20 Weighted mode 0,021 —o— 0.719 (0.556 to 0.929)
GD3 on GO39+ resting Treg ipha-hydrocy 2 MR Egger 0176 = 1,054 (0.982 10 1.130)
12 Weighted median 0042 - 1,054 (1.002 10 1.109)
12 Inverse variance weighted 0,006 - 1,055 (1015 t01.096)
12 Simple mode 0.076 o 1.067 (1.000 to 1.139)
12 Weighted mode 0.090 “ 1.054 (0.997 to 1.115)
exposure nsnp method pval OR(95% CI)
Glycerophosphoinositol levels Brain glioblastoma 19 MR Egger 0908 «——o———  0.895 (0.14110 5.679)
19 Weighted median 0191 «————  0.499 (0.176 to 1.414)
19 Inverse variance weighted ~ 0.047 «——— 0.457 (021110 0.991)
19 Simple mode 0.381 «——————  0.468 (0.089 to 2.456)
19 Weighted mode 0463 e——————  0.512(0.089 t0 2.942)
Granulocyte AC Brain glioblastoma and astrocytoma 24 MR Egger 0218 ———e—  1.319(0.860 t0 2.022)
24 Weighted median 0.166 ——e—  1302(0.89%t01.892)
24 Inverse variance weighted  0.023 —e—  1.363(1.044 t0 1.780)
24 Simple mode 0341  —+—e> 1393(0.714102.719)
24 Weighted mode 0.245 ———e—  1.322 (0.836 t0 2.090)
Granulocyte AC Glycerophosphoinositol levels. 21 MR Egger 0.112 1o 1.050 (0.99110 1.113)
21 Weighted median 0.015 Yo 1.066 (1.01310 1.122)
21 Inverse variance weighted ~ 0.023 i 1.049 (1.007 to 1.094)
21 Simple mode 0.085 - 1.106 (0.992 t0 1.233)
21 Weighted mode 0.007 o 1.074 (1.026 10 1.126)
T
1
exposure outcome nsnp method pval OR(95% CI)
Ipt ydroxy- Brain glioblastoma 23 MR Egger 0191 ————  3.151(0.59510 16.671)
2 Weighted median 0520 ————e+ 1386 (0,502103.830)
23 Inverse variance weighted 0.011 —>  2445(1.225104.883)
23 Simple mode 0915 «——o——  1.088 (0.234 10 5.067)
23 Weighted mode 0930 «———o—— 1,068 (0.248 t0 4.594)
FSC-A on NKT Brain glioblastoma and astrocytoma 20 MR Egger 0.103 +~o— 0.646 (0.392 to 1.063)
20 Weighted median 0.067 ~o— 0,645 (0.403 to 1.031)
20 Inversevariance weighted 0011 —e— 0688 (0.515100.918)
20 Simple mode 0238 o——  0622(029010 1.335)
20 Weighted mode 0.076 +~o— 0.641 (0.403 to 1.020)
FSC-A on NKT Ipha-hydroxy 15 MR Egger 0383 o 1,041 (0954 10 1.137)
15 Weighted median 0.286 - 1.037 (0.970 to 1.109)
15 Inverse variance weighted 0.024 . 1.053 (1.007 to 1.101)
15 Simple mode 0509 e 1.033 (0.940 to 1.136)
15 Weighted mode 04t v 1.031 (0961 101.106)
1
exposure outcome nsnp method pval OR(95% Cl)
Granulocyte AC Brain glioblastoma and astrocytoma 24 MR Egger 0.218 ————  1.319(0.860 to 2.022)
24 Weighted median 0.166 ——=e—  1.302(0.896 to 1.892)
24 Inverse variance weighted 0.023 i——e—>  1.363 (1.044 to 1.780)
24 Simple mode 0341  ————=> 1393 (0.714102.719)
24 Weighted mode 0.245 ———o—  1.322(0.836 to 2.090)
Granulocyte AC Orotate levels 21 MR Egger 0.380 . 1.023 (0.974 to 1.074)
21 Weighted median 0.142 - 1.038 (0.988 to 1.090)
21 Inverse variance weighted 0.028 » 1.041 (1.004 to 1.079)
21 Simple mode 0.238 o 1.071 (0.959 to 1.196)
21 Weighted mode 0.095 in 1.041 (0.995 to 1.089)
Orotate levels Brain glioblastoma 15 MR Egger 0.498 &——————  0.510(0.077 to 3.382)
15 Weighted median 0.103 «———— 0.406 (0.137 to 1.199)
15 Inverse variance weighted 0.031 «—— ; 0.415 (0.187 to 0.923)
15 Simple mode 0.296 «————>  0.371(0.062 to 2.223)
15 Weighted mode 0.346 «——————>  0.396 (0.062 to 2.546)
T
1
exposure outcome nsnp method pval OR(95% Cl)
CD3 on CD39+ resting Treg Brain glioblastoma and astrocytoma 20 MR Egger 0.035 —o— 0.693 (0.506 t0 0.949)
20 Weighted median 0078 +—e— 0.773 (0.580 to 1.030)
20 Inverse variance weighted 0.002 —o— 0.720 (0.584 to 0.889)
20 Simple mode 0.058 «@—— 0.590 (0.353 to 0.985)
20 Weighted mode 0021 —o— 0.719 (0.556 to 0.929)
CD3 on CD39+ resting Treg Palmitoyl dihydrosphingomyelin (d18:0/16:0) levels 12 MR Egger 0513 —— 1.059 (0.897 10 1.250)
12 ‘Weighted median 0.153 -— 1.098 (0.966 to 1.248)
12 Inverse variance weighted 0.031 ol 1.104 (1.009 to 1.209)
12 Simple mode 0.154 —e——  1.193(0.951 to 1.496)
12 Weighted mode 0.279 —— 1.086 (0.942 to 1.252)
Palmitoyl dihydrosphingomyelin (d18:0/16:0) levels Brain glioblastoma 35 MR Egger 0742 ——e—— 0.919(0.560 to 1.509)
35 Weighted median 0.089 —e— 0.757 (0.549 to 1.043)
35 Inverse variance weighted  0.017 —e— 0.771(062310 0.954)
35 Simple mode 0331 —o——— 0745 (0.415101.337)
35 Weighted mode 0.318 ——o——t 0.766 (0.458 to 1.282)
exposure outcome nsnp method pval OR(95% CI)
FSC-A on NKT Brain glioblastoma and astrocytoma 20 MR Egger 0.103 «o—— 0.646 (0.392 to 1.063)
20 Weighted median 0.067 «o— 0.645 (0.403 to 1.031)
20 Inverse variance weighted ~ 0.011 —e— ! 0.688 (0.515 t0 0.918)
20 Simple mode 0.238 «o———— 0.622 (0.290 to 1.335)
20 Weighted mode 0.076 «o— 0.641 (0.403 to 1.020)
FSC-A on NKT Phenyllactate (pla) levels 15 MR Egger 0.530 —o— 1.044 (0.915 t0 1.192)
15 Weighted median 0.077 o 1.092 (0.991 to 1.203)
15 Inverse variance weighted ~ 0.009 o 1.095 (1.023 to 1.173)
15 Simple mode 0.524 —o— 1.048 (0.911 to 1.205)
15 Weighted mode 0.131 o 1.092 (0.981 to 1.217)
Phenyllactate (pla) levels Brain glioblastoma 121 MR Egger 0786 —e— 0.959 (0.707 to 1.300)
121 Weighted median 0318 —e-— 0.885 (0.697 to 1.125)
121 Inverse variance weighted ~ 0.046 o 0.844 (0.715 t0 0.997)
121 Simple mode 0734 ——e——  0.914(0.544 to 1.535)
121 Weighted mode 0622 +—oi— 0.914 (0.639 to 1.307)

@ Discover



Analysis
Discover Oncology (2025) 16:712 | https://doi.org/10.1007/512672-025-02499-y

4 Discussion

This study uses mediation Mendelian randomization analysis to explore the complex relationships between immune
cell phenotypes, cerebrospinal fluid metabolites, and glioma. The findings reveal that specificimmune cell phenotypes
not only directly influence glioma risk but also modulate this risk indirectly through the regulation of cerebrospinal fluid
metabolites.

4.1 Direct effects ofimmune cell phenotypes on glioma

The role of the immune system in tumorigenesis and tumor progression has been extensively studied, and this study
further elucidates the direct impact of specificimmune cells on glioma using MR analysis. Specifically, CD19 on IgD(+)
CD24(-) B cells were identified as risk factors for glioma in this study. This cell subset is typically associated with B cell
maturation and antigen presentation, suggesting that these cells may contribute to tumor growth and invasiveness
by promoting inflammatory responses and altering the tumor microenvironment [34, 35]. Moreover, the abnormal
activation of B cells could trigger a cascade of immune responses, such as antibody-dependent cellular cytotoxicity and
complement-dependent cytotoxicity, which may further exacerbate tumor development [36].

Additionally, the hyperactivity of CD19(+) B cells may lead to autoimmune responses, which in some cases could
promote tumor immune evasion, allowing tumor cells to escape immune surveillance. This is consistent with the observed
associations between certain tumors and autoimmune diseases in some studies [37, 38]. Therefore, regulating B cell
function, particularly through targeted interventions at specific subsets, could provide novel strategies for the prevention
or treatment of glioma.

In contrast, the protective role of CD11c on monocytes suggests that certain immune cell subsets may inhibit tumor
progression within the tumor microenvironment. CD11c(+) monocytes are precursor cells to dendritic cells, which play
a critical role in activating and regulating immune responses. Research has shown that these cells can enhance anti-
tumor immune responses by presenting antigens to T cells and activating NK cells, thereby inhibiting tumor growth [39].
Furthermore, CD11c(+) cells may promote Th1-type immune responses by secreting cytokines such as IL-12 and IFN-y,
which are typically associated with anti-tumor activity [40, 41].

These findings provide new insights into the role of the immune system in glioma, particularly in the balance between
tumor immune evasion mechanisms and immune surveillance. Additionally, the study’s application of multiple Mendelian
randomization methods, such as IVW and MR-Egger analysis, rigorously excluded potential confounding factors like SNP
pleiotropy and heterogeneity, further supporting the reliability of the results. Overall, specificimmune cell phenotypes
have direct and significant impacts on glioma, offering new clues for understanding the tumor’s pathological mechanisms
and providing clear directions for future research on immunotherapy.

4.2 Mediating role of cerebrospinal fluid metabolites in immune cell-glioma interactions

In this study, we not only revealed the direct impact of immune cells on glioma but also delved into the critical role
that cerebrospinal fluid metabolites play as mediators in this process. Changes in cerebrospinal fluid metabolites are
considered direct reflections of the metabolic state of the central nervous system, and abnormalities in these metabolites
are closely associated with the development of various neurological diseases.

The study identified several cerebrospinal fluid metabolites that are significantly associated with glioma, including
7-hoca. This metabolite is an intermediate product in the cholesterol metabolism pathway, and cholesterol plays a
crucial role in cell membrane composition, signal transduction, and cell proliferation and survival [42, 43]. Disruptions
in cholesterol metabolism are linked not only to cardiovascular diseases but also to the development of various cancers.
Changes in 7-hoca levels may directly affect the survival environment of tumor cells by altering cell membrane rigidity,
the distribution and function of membrane receptors, and intercellular signaling pathways, thereby influencing the risk
of glioma [43-45].

More importantly, this study revealed interactions between specific immune cell phenotypes and cerebrospinal
fluid metabolites. For example, the combination of CD3 on CD39(+) resting Tregs and 7-hoca levels significantly
reduces glioma risk. This finding suggests that Tregs may indirectly influence tumor growth and progression by
regulating metabolite levels in cerebrospinal fluid [18, 46, 47]. Tregs typically play a crucial role in suppressing
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excessive immune responses and maintaining immune tolerance. However, in the tumor environment, they may
promote tumor growth by inhibiting anti-tumor immune responses [13, 48]. The interaction between Tregs and
metabolites provides a new perspective for understanding the mechanisms of tumor immune evasion.

Additionally, the study found that the combination of granulocyte AC and glycerophosphoinositol increases
glioma risk. Glycerophosphoinositol is a metabolite closely related to phospholipid metabolism, playing a key role
in maintaining cell membrane structure and function, as well as in regulating various cell signaling pathways. In tumor
cells, elevated glycerophosphoinositol levels may accelerate tumor occurrence and development by activating pro-
tumor signaling pathways, promoting cell proliferation, and enhancing resistance to apoptosis [49]. The activation
of Granulocyte AC is closely associated with inflammatory responses, indicating that inflammation and metabolic
abnormalities jointly contribute to the pathogenesis of glioma [50].

These results highlight that cerebrospinal fluid metabolites are not only indicators of the metabolic state of the
central nervous system but may also play a crucial mediating role in the impact of immune cells on glioma. Regulating
the levels of these metabolites could offer new targets for early diagnosis and treatment of glioma. This finding
also suggests directions for future research, such as exploring more interactions between metabolites and immune
cells, and their roles in other central nervous system tumors. This will provide new insights into the comprehensive
understanding of tumor pathogenesis and offer potential pathways for developing new therapeutic approaches.

This study highlights the significant role of specificimmune cell phenotypes and cerebrospinal fluid metabolites
in glioma, offering important implications for clinical practice. Firstly, these immune cell phenotypes and metabolites
can serve as potential biomarkers for early screening and prognosis evaluation. For individuals identified as high-
risk, such as those with elevated proportions of CD19 on IgD(+) CD24(-) B cells or abnormal levels of 7-hoca,
early interventions like immunomodulators or metabolic interventions could potentially reduce the risk of glioma
development.

Additionally, the interactions between immune cells and metabolites uncovered in this study suggest new
therapeutic targets. Modulating the activity of CD3 on CD39(+) Tregs or regulating key metabolites in cerebrospinal
fluid could influence the tumor microenvironment, thereby inhibiting tumor progression. This provides a scientific
basis for developing personalized therapeutic strategies based on immune modulation and metabolic intervention.

Future research directions could expand in several areas. Firstly, further studies should validate these findings
across different glioma subtypes and other central nervous system tumors to assess their broader applicability.
Additionally, multicenter studies should be conducted to further verify the reliability and sensitivity of these immune
cell phenotypes and metabolites as biomarkers. Secondly, research could delve deeper into the specific mechanisms
by which these immune cell phenotypes and metabolites function within the tumor microenvironment, particularly
in relation to immune evasion, inflammatory responses, and metabolic reprogramming. Lastly, clinical trials could
evaluate the efficacy and safety of interventions based on these findings, offering new strategies for glioma treatment.

Despite the valuable insights provided by this study, there are several limitations that need to be acknowledged.
Firstly, MR analysis relies on the selection of genetic instruments, which may be influenced by genetic variation and
gene-environment interactions. While multiple statistical methods were used in this study to minimize these effects,
the choice of instrumental variables may still affect the accuracy of the results.

Secondly, there may be heterogeneity in the sample sources of this study, particularly in its application to different
populations, which could be limited. Differences in genetic background and environmental factors may impact the
generalizability of the results across different racial or geographic populations. Future studies should include larger,
more diverse population samples to enhance the external validity of the findings.

Third, the CSF metabolomic data were sourced from an AD cohort, which may introduce disease-specific
confounding. However, we mitigated this concern by focusing on metabolites with known roles in both
neurodegenerative and oncogenic pathways (e.g., 7-hoca in cholesterol metabolism). Future studies should validate
these findings using glioma-specific metabolomic datasets once available.

Fourth, although we implemented FDR correction to mitigate false positives, the stringent threshold may
have obscured subtle associations. Future studies with larger sample sizes are needed to validate these findings.
Additionally, our exclusion of palindromic SNPs and reliance on proxy SNPs may have reduced instrument variable
coverage, potentially omitting relevant genetic variants.

Fifth, the European ancestry of all GWAS datasets limits the generalizability of our findings to other populations.
Future studies should prioritize multi-ethnic cohorts to assess trans-ethnic consistency.

Moreover, this study primarily focused on specific immune cell phenotypes and cerebrospinal fluid metabolites,
leaving out other potentially important biomarkers. The pathogenesis of glioma is complex, involving multiple

@ Discover



Analysis
Discover Oncology (2025) 16:712 | https://doi.org/10.1007/512672-025-02499-y

biological pathways and interactions, so future research should broaden the scope of analysis to include a wider
range of biomarkers and signaling pathways for a more comprehensive understanding of glioma pathophysiology.

Lastly, although this study employed Mendelian randomization methods to reduce the impact of confounding factors,
inherent limitations of this method still exist. Therefore, future research should incorporate longitudinal studies and
experimental validation to further confirm and extend these findings.
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