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Characterization of immune microenvironment associated with
medulloblastoma metastasis based on explainable machine learning
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Importance: Medulloblastoma (MB) is the most common malignant brain
tumor in children, with metastasis being the primary cause of recurrence
and mortality. The tumor microenvironment (TME) plays a critical role in
driving metastasis; however, the mechanisms underlying TME alterations in
MB metastasis remain poorly understood.

Objective: To develop and validate machine learning (ML) models for
predicting patient outcomes in MB and to investigate the role of TME
components, particularly immune cells and immunoregulatory molecules,
in metastasis.

Methods: ML models were constructed and validated to predict prognosis
and metastasis in MB patients. Eight algorithms were evaluated, and the
optimal model was selected. Lasso regression was employed for feature
selection, and SHapley Additive exPlanations values were used to interpret
the contribution of individual features to model predictions. Immune cell
infiltration in tumor tissues was quantified using the microenvironment
cell populations-counter method, and immunohistochemistry was applied
to analyze the expression and distribution of specific proteins in tumor
tissues.

Results: The ML models identified metastasis as the strongest predictor of
poor prognosis in MB patients, with significantly worse survival outcomes
observed in metastatic cases. High infiltration of CD8+ T cells and cyto-
toxic T lymphocytes (CTLs), along with elevated expression of the TGFB1
gene encoding transforming growth factor beta 1 (TGF-£1), were strongly
associated with metastasis. Independent transcriptomic and immunohis-
tochemical analyses confirmed significantly higher CD8+ T cell/CTL
infiltration and TGF-f1 expression in metastatic compared to nonmetastatic
MB samples. Patients with both high CD8+ T cell/CTL infiltration and ele-
vated TGFBI expression in the context of metastasis exhibited significantly
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metastasis.

INTRODUCTION

Medulloblastoma (MB) is the most common malignant
brain tumor in children and is characterized by signifi-
cant heterogeneity.!> Integrative genomic analyses have
classified MB into four molecular subgroups: Group 3,
Group 4, SHH, and WNT, each with distinct metastatic
rates and prognostic outcomes.* The tumor microenvi-
ronment (TME), particularly its immune cell components,
plays a dual role in tumor progression, either suppressing
or promoting tumor growth through direct cell-cell inter-
actions or indirect mechanisms mediated by chemokines
and cytokines. Previous studies have revealed that the
molecular subgroups of MB exhibit distinct immune cell
quantity and proportional profiles. For instance, tumor-
associated macrophages and lymphocytes are prominently
observed in both murine models and patients with SHH
MB.>~7 Group 3 tumors are characterized by elevated lev-
els of regulatory T cells (Tregs), whereas Group 4 tumors
show the highest concentration of natural killer (NK)
cells.®

Moreover, immune infiltration differences within specific
subgroups have been associated with clinical outcomes.
For example, high Treg levels in infant SHH MB and
elevated monocyte levels in Group 4 MB have been sig-
nificantly correlated with poorer survival.® Despite these
insights, most studies have focused primarily on the TME
characteristics of specific molecular subgroups, with lim-
ited attention given to TME features associated with other
critical prognostic factors, such as metastasis. As TME
alterations are critical drivers of metastasis, investigating
metastasis-associated TME characteristics offers consid-
erable potential for enhancing prognostic accuracy and
understanding the mechanisms underlying MB progression.

In recent years, machine learning (ML) models have
demonstrated remarkable improvements in predicting var-
ious diseases and clinical conditions.””!! Compared to
traditional statistical methods, ML models excel at cap-
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worse survival outcomes compared to patients with low expression and no

Interpretation: This study identifies metastasis as the key prognostic factor
in MB and reveals the pivotal roles of CD8+ T cells, CTLs, and TGF-£1
within the TME in promoting metastasis and poor outcomes. These findings
provide a foundation for developing future therapeutic strategies targeting
the TME to improve MB patient outcomes.

turing complex, nonlinear relationships and identifying
previously unrecognized correlations in large datasets.'?
This capability enables ML models to provide deeper
insights from clinical data, especially in scenarios with
limited prior knowledge about the connections between
clinical features and outcomes. '

In this study, we implemented an explainable ML model to
explore the contributions of diverse clinical and molecular
factors to adverse outcomes in MB. Specifically, we sought
to identify key factors influencing MB prognosis based on
established MB risk stratification schemes.>-'*-1® Among
these, metastasis emerged as a critical determinant of prog-
nosis. We further utilized the explainable ML model to
analyze the contributions of various immune cell popula-
tions and effector molecular components within the TME
to metastasis. The expression profiles of immune cells
and effector molecules driving metastasis progression were
systematically identified and characterized.

METHODS
Ethical approval

The study was approved by the Human Ethics Commit-
tee of Beijing Children’s Hospital, affiliated to the Capital
Medical University ([2023]-E-113-Y). Research purpose
and informed consent had been signed by parents/guardians
of all the patients.

Raw data acquisition and preprocessing

Expression datasets of primary MB tumors, GSE85217
(n = 763) and GSE10327 (n = 62), were obtained from
the Gene Expression Omnibus database (https://www.ncbi.
nlm.nih.gov/geo/). Raw data were extracted and processed
using R software. Probes were mapped to correspond-
ing genes according to the manufacturer’s instructions for
each microarray platform (e.g., GPL22286, Affymetrix
Human Gene 1.1 ST Array). When multiple probes rep-
resented the same gene without manufacturer-specific
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recommendations, the probe with the highest mean expres-
sion level across the dataset was selected for downstream
analysis.

Data preprocessing and normalization were performed
using the Robust Multiarray Average method implemented
in the “affy” package in R. Clinical information, includ-
ing metastatic status, gender, histology, age, and molecular
subgroup, was extracted from associated publications.!”!3
Patients lacking critical clinical data, such as survival or
metastasis information, were excluded from the GSE85217
dataset, resulting in a final cohort of 432 MB patients with
complete transcriptomic and clinical data for subsequent
analysis.

Risk prediction model development and evaluation

To construct a robust risk prediction model, a voting classi-
fier ensemble was utilized, incorporating multiple ML algo-
rithms, including extreme gradient boosting (XGBoost),
bagging decision trees, decision trees, logistic regression,
multilayer perceptron, naive Bayes, k-nearest neighbors,
and support vector machines. Comparative performance
evaluation of these models identified XGBoost as the
optimal algorithm due to its superior performance on imbal-
anced datasets and its ability to handle diverse variable

types.

The XGBoost algorithm, a nonparametric method based on
sequential decision trees, was used to develop predictive
models for all-cause mortality and metastasis.'” XGBoost
effectively addresses class imbalance and low event rates
without requiring imputation for missing data.'” Feature
selection using Lasso regression identified the top variables
contributing to MB survival and metastasis, which were
subsequently used as input features for the XGBoost model.
Lasso regression improved model interpretability and pre-
dictive performance. The dataset was randomly divided
into training (70%) and internal validation (30%) subsets
using the “caret” package in R. To address class imbal-
ance, an oversampling strategy was applied to enhance the
representation of minority classes in the training data.

Hyperparameter tuning was conducted using a grid search
with 10-fold cross-validation. Parameters including eta
(0.3), max_depth (6), min_child_weight (1), subsample
(0.3), and colsample_bytree (1) were optimized over 1000
iterations. Model performance was assessed using the area
under the receiver operating characteristic curve (AUC)
and accuracy metrics to mitigate biases arising from class
imbalance and low event rates.?’

Explainable ML model interpretation

To enhance the transparency and interpretability of the
XGBoost model, SHapley Additive exPlanations (SHAP)

values were employed. SHAP provides a unified frame-
work for quantifying the contribution of each feature to
the model’s predictions, grounded in cooperative game
theory.?!

For each clinical feature, SHAP values were calculated as
the average contribution across all possible feature com-
binations, enabling detailed insights into the influence of
individual variables. Positive SHAP values indicated an
increased risk of a specific outcome, whereas negative val-
ues signified a decreased risk. SHAP values were visualized
at both the global level (across the entire cohort) and the
individual level, providing insights into interactions among
clinical variables, immune cell markers, and immunolog-
ical genes. This explainable ML approach facilitated an
improved understanding of the mechanisms underlying
model predictions.

Evaluation of immune infiltrating cells

To assess tumor-infiltrating immune and stromal cells
in MB, the microenvironment cell populations (MCP)-
counter algorithm was utilized. This method estimates
the abundance of specific immune and stromal cell pop-
ulations based on predefined gene expression signatures.
MCP-counter generated abundance scores for cell types
including CD3+ T cells, CD8+ T cells, cytotoxic T lym-
phocytes (CTLs), NK cells, B lymphocytes, monocyte
lineage cells, myeloid dendritic cells, and neutrophils, as
well as stromal components such as endothelial cells and
fibroblasts.?”> These abundance scores were calculated inde-
pendently for each sample, allowing direct comparisons of
immune cell enrichment across MB samples.

Immunohistochemistry

Fourteen MB tumor samples were obtained from Beijing
Children’s Hospital. Immunohistochemistry was performed
to detect the expression of CD8 and transforming growth
factor beta 1 (TGF-1) proteins in formalin-fixed, paraffin-
embedded tissue sections. Briefly, 4 um-thick sections were
deparaffinized with xylene and rehydrated through graded
alcohols. Antigen retrieval was performed using a citrate
buffer (pH 6.0) in a microwave for 15 min. Endoge-
nous peroxidase activity was blocked with 3% hydrogen
peroxide for 10 min. Sections were incubated with pri-
mary antibodies at optimized dilutions overnight at 4°C.
After washing, slides were treated with biotinylated sec-
ondary antibodies and streptavidin-HRP. Immunoreactivity
was visualized using 3,3’-diaminobenzidine as the chro-
mogen, followed by counterstaining with hematoxylin.
Dehydrated sections were mounted for microscopic
evaluation.

Scanned IHC sections were visualized using the Panno-
ramic 250 Flash III scanner and analyzed with CaseViewer
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software (3D HISTECH). Quantitative assessment of stain-
ing intensity was performed using Image-Pro Plus version
6.0 software (Media Cybernetics, Inc.), which calculated
the area and integrated optical density of the stained
sections.

Statistical analysis

Descriptive statistics were used to summarize patient char-
acteristics in the MB dataset. Group differences were
evaluated using the unpaired two-tailed Student’s z-test
or one-way ANOVA for normally distributed variables
and the Wilcoxon signed-rank test for non-normally dis-
tributed data. A P-value < 0.05 was considered statistically
significant.

Survival analysis was performed using the R software
(package “survminer,” function “ggsurvplot”) to evaluate
the overall survival (OS) of MB patients. Kaplan—-Meier
survival curves were generated to visualize survival proba-
bilities over time. To determine the statistical significance
of survival differences between groups, the log-rank test
was used as the primary method due to its sensitivity to
detecting differences in hazard rates under the assump-
tion of proportional hazards. For survival curves with
overlapping segments, which may indicate nonproportional
hazards or early differences in survival, the Breslow (Gen-
eralized Wilcoxon) test was additionally applied. This test
assigns greater weight to early survival events, making
it more sensitive in detecting early-phase group differ-
ences. By combining these two complementary tests, a
comprehensive evaluation of group survival differences was
achieved.

RESULTS

Clinical factors influencing survival in MB patients

In this study, the publicly available dataset (GSE85217)
was analyzed to identify clinical and immune factors influ-
encing prognosis and metastasis in MB patients.!” The
demographic and clinical characteristics, including age,
gender, tumor histology, metastatic status, and molecu-
lar subgroups, are summarized in Table 1. Kaplan—-Meier
survival analysis was conducted to evaluate the impact
of these characteristics on OS. Prognostic outcomes
differed significantly across molecular (P < 0.01), his-
tological (P < 0.01) subgroups, and metastatic status
(P =0.02). Metastatic patients exhibited significantly worse
OS compared to nonmetastatic patients. However, no sig-
nificant differences were observed between age groups
(P = 0.16) or gender groups (P = 0.92) (Figure 1A-E).
These findings underscore the critical prognostic influ-
ence of molecular subgroups, histological subgroups, and
metastatic status, highlighting their potential as prognostic
factors in MB.

TABLE 1 Baseline demographics and clinical characteristics of
medulloblastoma patients (n = 432)

Characteristics n (%)
Age (years)
0-3 62 (14.35)
4-9 224 (51.85)
10-17 105 (24.31)
>18 41 (9.49)
Gender
Female 154 (35.65)
Male 278 (64.35)
Histology
CMB 292 (67.59)
DNMB 69 (15.97)
LCA 57 (13.19)
MBEN 14 (3.24)
Metastasis
No 303 (70.14)
Yes 129 (29.86)
Molecular subgroup
Group 3 81 (18.75)
Group 4 194 (44.91)
SHH 122 (28.24)
WNT 35 (8.10)

Abbreviations: CMB, medulloblastoma with classic, DNMB, medul-
loblastoma with desmoplastic/nodular; LCA, large cell/anaplastic;
MBEN, medulloblastoma with extensive nodularity.

ML model analysis identifies key clinical
characteristics influencing survival in MB patients

To comprehensively assess the impact of clinical char-
acteristics on MB survival, a machine learning (ML)
model was developed. This model incorporated key fac-
tors, including age, gender, metastatic status, and molecular
and histological characteristics. Eight ML algorithms were
evaluated, with the XGBoost algorithm demonstrating the
highest accuracy and AUC (Figure 2A). XGBoost was
subsequently used to construct a predictive model for
MB survival. The model achieved an AUC of 0.68 and
an accuracy of 0.71 in the internal validation subsets
(Figure 2B).

Global interpretation of the XGBoost model using SHAP
values revealed that metastasis was the most critical factor
influencing survival outcomes. Among the top 12 features,
metastasis, the large cell/anaplastic histological subtype,
and the age group 0-3 years emerged as strong predictors
of poorer survival outcomes. Conversely, the WNT molec-
ular subtype, MB with desmoplastic/nodular histological
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FIGURE 1 Kaplan—Meier survival curves for overall survival in medulloblastoma patients based on (A) Molecular subgroup, (B) histological subgroups,
(C) metastatic status, (D) age, and (E) gender. Statistical significance was tested using the log-rank test, with additional Breslow test applied for curves

with overlapping segments.

subtype, and the age group 10-17 years were associated
with better survival outcomes (Figure 2C). Other fea-
tures showed limited predictive value for survival. These
results highlight the importance of metastatic status and
specific clinical subgroups in shaping survival outcomes
and demonstrate the utility of the ML model in identi-
fying high-risk patients to guide personalized treatment
strategies.

Tumor-infiltrating CD8+ T Cells and CTLs influence
MB metastasis and survival outcomes

To investigate the role of TME immune cells in MB
metastasis, infiltration analysis of 10 TME cell types
was performed using the MCP-counter method based on
transcriptomic data from 432 MB primary tumors. Unsu-
pervised hierarchical clustering of infiltration scores failed
to distinctly separate metastatic and nonmetastatic groups
(Figure 3A). Subsequently, ML models were employed to
identify immune cell types with predictive value for metas-

tasis. Among the tested algorithms, XGBoost demonstrated
superior performance, achieving the highest accuracy and
AUC (Figure 3B). Lasso regression further refined the
model by selecting nine critical cell types for anal-
ysis, excluding endothelial cells due to their negative
impact on model accuracy. The optimized XGBoost model
achieved an AUC of 0.83, highlighting its robust predictive
capability.

Global SHAP analysis identified CD8+ T cells, CTLs, and
dendritic cells as the top three immune cell types influenc-
ing MB metastasis (Figure 3C). CD8+ T cells emerged as
the most crucial factor in predicting metastatic progression
in MB. The SHAP dependence plot revealed a nonlinear
relationship between immune cell infiltration scores and
SHAP values representing the model’s contribution. CD8+
T cells, CTLs, and dendritic cell infiltration scores exhib-
ited a nonlinear positive correlation with SHAP values, as
revealed by the SHAP dependence plots. This relationship
indicates that as the infiltration scores for these immune cell
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FIGURE 2 Contribution of clinical features to prognosis prediction evaluated using machine learning (ML) models in medulloblastoma patients. (A)
Line plot showing the area under the curve (AUC) and accuracy scores of eight machine learning algorithms based on clinical information. The XGBoost
model achieved the highest AUC and accuracy scores among the eight algorithms. (B) Receiver operating characteristic (ROC) curve demonstrating
the classification performance of the XGBoost model based on the internal validation subsets for predicting patient mortality (AUC = 0.68). (C) SHAP
summary plot highlighting the top 12 clinical features contributing to the XGBoost model for survival prediction. The y-axis indicates the rank of feature
importance by SHAP values, and the x-axis reflects the feature values. DNMB, medulloblastoma with desmoplastic/nodular; LCA, large cell/anaplastic;

MBEN, medulloblastoma with extensive nodularity.

types increase, their contributions to the model’s metas-
tasis predictions also rise, albeit in a nonlinear manner
(Figure 3D).

Further analysis of two MB cohorts (GSE85217 and
GSE10327) revealed significantly higher CTL infiltration
in metastatic compared to nonmetastatic patients (CTLs
P < 0.01 and CTLs P = 0.03, respectively). However, no
significant differences were observed for CD8+ T cells or
dendritic cells (Figure 3E,F). We attempted to evaluate the
impact of CD8+ T cells, CTLs, and dendritic cells on MB
patient survival. There was no significant effect on survival,
when stratifying patients based solely on high or low cell
infiltration scores (data not shown). The SHAP dependence

plot identified thresholds of 3.05 for CD8+ T cells, 4.90
for CTLs, and 3.96 for dendritic cells (SHAP values = 0)
as predictive of metastasis (Figure 3D). These thresholds
were used to classify high and low infiltration groups,
which were combined with metastasis status for survival
analysis. The metastatic patients with high infiltration
of CD8+ T cells and CTLs had significantly worse OS
compared to nonmetastatic patients with low infiltration
(CD8+ T cells, P < 0.01; CTLs, P = 0.03) (Figure 3G).
Immunohistochemistry confirmed higher CD8+ T cell lev-
els in metastatic MB samples compared to nonmetastatic
samples (P < 0.01) (Figure 3H,I). These findings suggest
that CD8+ T cells and their activated subset, CTLs, are
associated with MB metastasis and poor survival outcomes.
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FIGURE 3 Metastatic-associated immune cell profiles in MB patients. (A) Heatmap showing MCP-counter immune infiltration scores of eight immune
cell types and two stromal cell subpopulations, stratified by clinical metastasis status. (B) Line plot illustrating the AUC and accuracy scores of eight
machine learning algorithms for predicting metastasis based on MCP-counter immune infiltration scores. (C) SHAP summary plot ranking the importance
of immune cell types in the XGBoost model. The plot illustrated the influence of immune cell infiltration scores on SHAP values, with a color gradient
(yellow to blue) representing low to high cell infiltration scores. (D) SHAP dependence plot displaying the nonlinear relationship between infiltration
scores of the top three immune cell types (CD8+ T cells, CTLs, and dendritic cells) and SHAP values. The red line indicated the cell infiltration score
corresponding to a SHAP value of 0. (E and F) Box plots comparing infiltration scores of CD8+ T cells, CTLs, and dendritic cells between metastatic
and nonmetastatic MB patients in cohorts (E) GSE85217 and (F) GSE10327. Red points represented metastatic patients, and blue points indicated
nonmetastatic patients. (G) Kaplan—Meier survival curves showing overall survival probabilities of MB patients stratified by metastasis status and cell
infiltration levels. Statistical significance was tested using the log-rank test. (H) Representative immunohistochemistry staining comparing CD8+ T
cell density between metastasis and non-metastasis MB samples. Scale bar, 20 um. (I) Dot plot comparing CD8+ T cell density scores between MB
patients with and without metastasis. Patients with metastasis showed significantly higher CD8+ T cell density scores (P < 0.01). AUC, area under the
curve; CTLs, cytotoxic T lymphocytes; MB, medulloblastoma; MCP, microenvironment cell populations; NK, natural killer; SHAP, SHapley Additive
exPlanations.

T cell-related regulator TGF-£1 influences MB tive correlation between TGFBI expression and metastasis
metastasis and survival outcomes predictions (Figure 4D).

Given the worse OS associated with high CD8+ T cell and ~ Transcriptomic analysis confirmed significantly higher
CTL infiltration in metastatic MB, we screened effector =~ TGFBI expression in metastatic MB samples compared
molecules regulating T cell activity. Unsupervised cluster-  to nonmetastatic samples (GSE85217, Prgpg; < 0.01;
ing of transcriptional profiles did not distinguish metastatic =~ GSE10327, Prgpg; = 0.01) (Figure 4E,F). The SHAP
from nonmetastatic groups (Figure 4A). Using XGBoost,  dependence plot identified expression thresholds of 6.38
predictive models for metastasis based on gene expres-  for TGFBI, 5.80 for HAVCR2, and 3.79 for IFNG (SHAP
sion were constructed, with TGFBI, HAVCR2, and IFNG  values = 0) as the cutoff points distinguishing metastatic
identified as the top three genes influencing predictions  from nonmetastatic events (Figure 4D). Kaplan—-Meier sur-
(Figure 4B,C). SHAP dependence plots revealed a posi-  vival analysis based on these cutoffs showed that MB
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patients with high TGFBI expression and metastasis had
significantly worse survival outcomes compared to non-
metastatic patients with low TGFBI expression (P < 0.01)
(Figure 4G). Immunohistochemistry further validated ele-
vated TGF-f1 levels in metastatic samples (P = 0.02)
(Figure 4H,I). Correlation analysis showed a positive rela-
tionship between TGF-£1 and CD8+ T cell levels (r=0.78,
P < 0.01) (Figure 4J), suggesting that elevated TGF-£1
may contribute to increased CD8+ T cell infiltration in
metastatic MB.

DISCUSSION

Considering the ambiguous contribution and nonlinear
interactions of multiple features, this study presented an
explainable ML-based risk prediction model for identify-
ing patients with MB at risk of death and metastasis.>! The
use of explainable ML is particularly important in clinical
studies due to the need for transparency and interpretabil-
ity. Although non-explainable models, such as deep neural
networks, often deliver higher predictive accuracy by cap-
turing complex data relationships, their “black-box” nature
presents challenges in clinical settings, where understand-
ing the decision-making process is crucial for ethical and
safety reasons. In contrast, explainable models, like those
used in this study, offer greater interpretability, enabling
clinicians to understand and trust predictions. By using
explainable ML to predict outcomes based on clinical
features, immune cell profiles, and cytokine expression,
this study provides a clear rationale for model predic-
tions, enhancing confidence in its application for clinical
diagnosis and prognostic evaluation.

Among the various clinical features analyzed, metasta-
sis emerged as the most significant factor in predicting
mortality in MB patients. Survival analysis consistently
demonstrated a poor prognosis for patients with metastatic
MB. Although previous studies have largely emphasized
the prognostic influence of MB molecular subgroups
(Group 3, Group 4, WNT, and SHH) due to their distinct
molecular characteristics,? our ML-based decision model
identified metastasis as the strongest predictor of MB prog-
nosis. This finding highlights the critical role of metastasis
in shaping prognosis and offers a valuable tool for enhanc-
ing clinical diagnosis and prognostic evaluation in MB
patients.

TME played a crucial role in the metastatic progres-
sion of tumors.?* Although increasing evidence suggests
that immune cell subsets vary significantly based on the
clinical characteristics of MB, limited progress has been
made in elucidating the TME factors associated with MB
metastasis.® The ML model in this study identified CD8+
T cells and CTL subpopulations as the primary immune
cell types influencing MB metastasis. This observation

is consistent with prior findings showing that Group 3
tumors, which have a higher incidence of metastasis, con-
tain elevated proportions of CD8+ T cells.”>>> Additionally,
earlier studies have explored immune cell infiltration scores
and their association with MB outcomes using conven-
tional cutoff thresholds, such as median or average values,
to predict adverse events.® However, these studies rarely
identified that specific immune cell infiltration levels have
independent prognostic value. The SHAP dependence plots
generated by the ML model provided an objective method
for defining threshold values that distinguish predictive
events, allowing for precise feature grouping. In our study,
the grouping of immune cell characteristics combined with
metastasis status revealed significant differences in MB
prognosis.

In the metastatic TME, the expression of immunoregula-
tory molecules often shifts toward an imbalance dominated
by inhibitory factors.?® TGF-g1, in particular, frequently
acts as an immunosuppressive mediator, promoting tumor
metastasis and progression by inhibiting the antitumor
activity of immune cells.”’-?® Consistent with this, high
TGFBI expression was identified as a positive contributor
to metastasis in the XGBoost prediction model, suggest-
ing its critical role in MB metastasis. Furthermore, the
inability of highly infiltrated CD8+ T cells and CTLs in
metastatic patients to prevent tumor progression may be
partially attributed to the suppressive effects of TGF-£1.
This observation provides a plausible explanation for why
these immune cells fail to counteract tumor advancement in
MB despite their high infiltration levels.

In conclusion, this study utilized interpretable ML models
to evaluate the effects of clinical and TME character-
istics on the risks of mortality and metastasis in MB
patients. The findings identified metastasis as a key clini-
cal factor associated with poor prognosis, whereas CD8+
T cells, CTLs, and the immunosuppressive factor TGF-£1
within the TME were revealed to significantly influence
MB progression and prognosis. These results not only
deepen our understanding of the mechanisms underlying
MB progression but also provide potential avenues for
improving prognostic evaluation and guiding therapeutic
strategies in MB.
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