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Abstract

Background Medulloblastoma (MB), the most common malignant pediatric brain tumor,
lacks prognostic tools integrating clinical, molecular, and treatment-related characteristics
for individualized management.
MethodsWe developedmachine learning models using multicenter data from 729 Chinese
patients (2001-2023), of whom 509 were assigned to the training set and 220 to the testing
set, and further validated the models on 201 patients from international MB consortia. To
accommodate patients and researchers with varying datatypes, four application scenarios
were established, including clinical-molecular-radiotherapy (CMR), clinical-molecular (CM),
clinical-radiotherapy (CR), and clinical-only (CO).
ResultsWe construct four model scenarios and assess their predictive performance in the
testing set: an XGBoost-based CMRmodel (incorporating 11 features, including molecular
subgroup, radiotherapy dose, and key gene expression) with a C-index of 0.612; an
XGBoost-based CM (C-index = 0.609); a GBM-based CR (C-index = 0.637); and a GBM-
based CO (C-index = 0.635). External validation demonstrates robust performance, with
radiotherapy andmolecular data contributing significantly to enhanced efficacy. In addition,
interactive web-based Shiny applications have been launched to facilitate dynamic risk
assessment and treatment optimization.
Conclusions By integrating multidimensional data, our framework enables the tailored
prognostication andclinical decision tomeet themultidimensional requirements of research
and medicine.

Medulloblastoma (MB) is the most common malignant pediatric tumor
originating from the cerebellum, accounting for approximately 20% of
pediatric brain tumor cases1. The 5-year survival rate varies by risk strati-
fication: average-risk patients exhibit a 5-year survival rate of approximately
80%2–4, whereas high-risk patients have a 5-year survival rate of 60~65%5–9.
Radiotherapy is a crucial element in the comprehensive treatment strategies
for MB, enhancing survival rates in both standard-risk and high-risk
patients4,6.

Predicting postoperative survival probabilities is critical for informing
treatment strategies and patient counselling. Large clinical and molecular
data actually make the traditional hypothesis-driven traditional statistical
method less effective10,11. Machine learning (ML) algorithms have been
employed to develop prognostic models for predicting mortality and end-
points, contributing to capturing complex relationships, and thereby
improving predictive accuracy. ML applications in cancer survival analysis
have significantly emerged, particularly inMB.Most of these studies rely on
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Plain language summary

Medulloblastoma is a fast-growing brain
tumor that is themost commonbrain tumor in
children. Current clinical treatments are not
designed for individualized patient manage-
ment. In this study, we analyzed data from
729 people in China and 201 people inter-
nationally with medulloblastoma to develop
four computational models for different sce-
narios. The models were able to predict the
likely outcome for people with medullo-
blastoma. To facilitate clinical implementa-
tion, we have developed web-based
applications that enable their use for risk
assessment. This work could enable more
personalized treatment decision-making and
potentially improve the management of peo-
ple with medulloblastoma clinically.
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data from the Surveillance, Epidemiology, and End Results (SEER)
database10,12,13, which offers comprehensive and regularly updated clinical
information, including clinical and demographic variables. However, the
SEER database has some drawbacks such as relatively limited included
variables, limited representativeness of the population, and lack of long-
term follow-up information, diagnostic and genetic profiles. In addition,
somemodelsmay produce inaccurate predictions due to small sample sizes,
thereby limiting their clinical applicability. Although some studies have
developed models to predict the survival of MB patients, the previous tools
often fail to fully account for radiation dose and critical genetic events.
Therefore, it is imperative to integrate genetic events with radiotherapy
strategy to establishmore effective survival predictionmethods and develop
individualized radiotherapy regimens and follow-up strategies.

Irrespective of molecular subgroups, craniospinal irradiation (CSI) and
posterior fossa tumor bed (PFTB) boost for primary MB are indispensable
for potential cures14–16. However, long-term follow-up has revealed that
intensive treatment was associated with an increased risk of late toxicity,
resulting in treatment sequelae that severely affected patients’ quality of
life17,18. Additionally, the NCCN guidelines also highlight that the molecular
classification and associated risk stratification function ascrucial considera-
tions during clinical practices19, playing a critical role in prognosis. Integrating
molecular subgroups, gene signatures, and radiation dosages into a unified
modeling framework is essential to yield clinically relevant and realistic
prognostic predictions. However, non-specialists such as patients may not
always have an accurate understanding of radiotherapy dosing, highlighting
the need for inclusivity. Developing diversified applications tailored to dif-
ferent audiences is essential to fully realize the practical value of the study.

In the current study, we aim to introduce a predictive model for
postoperative survival probabilities of MB patients in international multi-
center longitudinal cohorts with six algorithms. Four scenario-specific
models are developed to predict survival rates at 1, 3, 5 and 10 years. In
addition to standard clinical variables, we incorporate transcriptomic
prognostic signatures, such as MYC and OTX2, to enhance predictive
power. The optimalmodel is translated as an interactive online calculator to
facilitate utility for clinicians andpatients. Thefinalmodels of four scenarios
effectively predict survival rates at 1, 3, 5, and 10 years, providing reliable
prognostic information for clinical decision-making.

Methods
Study cohort
We retrospectively collected data on patients with MB who underwent
surgery followed by radiotherapy and/or chemotherapy from September
2001 to April 2023. This multicenter cohort was led by Beijing Tiantan
Hospital, Capital Medical University (Beijing, China). Written informed
consent was obtained from all subjects, and the study was approved by the
Institutional ReviewBoard (IRB) of BeijingTiantanHospital (KY2022-133-
03 and KY2023-130-01).

A total of 729 patients met the inclusion criteria: (1) a pathological
diagnosis of MB, (2) availability of complete clinicopathological data, and
(3) complete follow-up information. Patients were excluded if: (1) outcome
or treatment information was absent (n = 277), (2) no treatment or only
chemotherapy was administered (n = 18), or (3) treatment data were
insufficient (n = 19).

Regarding treatment protocols, the extent of resection was assessed by
contrast-enhanced MRI within 72 hours post-surgery, with a gross-total
resection rate of 91.2% in this cohort. All patients received X-ray photon
radiotherapydeliveredwith conventional fractionation (1.8 Gyper fraction)
in accordance with NCCN guidelines. Intensity-modulated radiotherapy
(IMRT) was predominantly used before 2012, whereas volumetric-
modulated arc therapy (VMAT) was gradually adopted thereafter. The
median interval between surgery and the initiation of radiotherapy was
38 days, and the median radiotherapy duration was 42 days. The median
craniospinal irradiation (CSI) dose was 30.6 Gy, and the median posterior
fossa/tumor bed (PFTB) boost dose was 55.8 Gy. No concurrent che-
motherapywas administered during radiotherapy. Adjuvant chemotherapy

was initiated4–6weeks after the completionof radiotherapy,with regimens
determined according to risk stratification. Before 2010, radiotherapy was
the primary treatment approach. Following 2010, the standard of care
shiftedpredominantly to a combinationof radiotherapy and chemotherapy.
Given the potential time-related effects of this treatment transition, we
incorporated treatment strategy as a factorwhen evaluating batch effects via
principal component analysis (PCA). The PCA results showed samples
clustered tightly, with no distinct separation related to assay platforms,
protocols, or sequencing dates—confirming no obvious batch effects
(Supplementary Fig. 1). This ensures no batch-related confounding in the
molecular predictors. Therefore, the treatment strategies for RT and RT+
CT were accounted for in the two clinical scenarios analyzed in our
modeling.

Additionally, data from 201 patients enrolled in international MB
consortia—comprising 32 medical centers from 16 countries led by Texas
Children’s Hospital and The Hospital for Sick Children—were utilized for
external validation20. Data variables in the external cohort were harmonized
to ensure consistency with the training cohort.

Data collection
Data for variables evaluated in the current study were obtained from
medical records and follow-up information, including demographics, his-
tological and molecular pathology, molecular events, metastatic (M) stage,
operation, treatment strategies, radiation dose, and survival follow-up.
Demographic variables included age at diagnosis (infant: 0–3 years, child:
4–10 years, adolescent: 11–17 years, adult: Greater than or equal to 18 years)
and sex.Histological andmolecular pathology includedmolecular subgroup
[WNT, SHH, Group_3 (Gr.3), and Group_4 (Gr.4)] and histological sub-
group [classic (CMB), desmoplastic nodular (DNMB), MB extensive
nodularity (MBEN), and large cell/anaplastic (LC/AMB)]. Operation
resection extent included gross or nearly total resection (GTR/NTR; residual
tumor ≤ 1.5 cm²) and subtotal resection (STR; residual disease > 1.5 cm²).
Treatment strategies included radiotherapy only and concurrent radio-
therapy and chemotherapy. M stage was divided into M0 and M+ stages.
Radiotherapeutic strategies were subdivided into craniospinal irradiation
(<36.0 Gy, 30.6 ~ < 36.0 Gy, and 36.0 Gy) and posterior fossa tumor bed
boost (<55.8 Gy and ≥ 55.8 Gy). Molecular events includedMYC,MYCN,
OTX2, and GFI1 expression levels. The interval, measured in months from
the surgery to the recorded date of death or the last follow-up time point if
patients were alive, was defined as overall survival (OS). This study is strictly
compliant with the “Guidance of the Ministry of Science and Technology
(MOST) for the Review and Approval of Human Genetic Resources”. The
multi-omics data used in this study have been formally filed for the external
provision of human genetic resource information (Filing No.
*BF2022062811508). To protect patient identities, all samples were coded,
de-identified, and desensitized. The raw genomic, clinical, and imaging data
are securely archived at the ChinaNational GeneBankDataBase (CNGBdb,
https://db.cngb.org). Due to national regulations on human genetic
resources and privacy protection, these data are available to qualified
researchers for academic purposes upon reasonable request, subject to
approval by the institutional Data Access Committee (DAC).

471 patients from an international cohort of 57 medical centers
worldwide to externally validate the extrapolationof thepredictivemodels20.
Information on operative resection and radio-/chemotherapy was provided
by the collaborative team at Texas Children’s Hospital. The data informa-
tion and variables in the external database were harmonized and consistent
with the training cohort. All studies within the consortia received approval
from their respective IRBs, and all participants provided informed consent.
The cohortflow chart ofChinese cohort and international cohort are shown
in Fig. 1a, b, which demonstrates the study subject screening process. The
same inclusion and exclusion criteria were applied to both databases. The
final included study subjects had complete clinical data and comprehensive
follow-up records.

During surgery, MB samples were procured from 303 chemo-/radio-
therapy-naïve patients. Portions of tissues were embedded in paraffin,
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whereas the remaining tissueswerepreserved in liquidnitrogen. In total, 279
MB samples were classified according to DNA methylation using whole-
genome bisulfite sequencing (WGBS). Next-generation sequencing (NGS)
was conducted on 224 samples, and bulk RNA sequencing was performed
on 252 samples. The samples were coded with a distinct patient identifier to
uphold patient confidentiality. Multi-omics approaches were employed to
refine molecular subgroup classification.

WGBS
For the Chinese cohort, all molecular profiling (DNA methylation arrays,
NGS, and RNA-seq) underwent standardized library construction and
sequencing at Beijing Genomics Institute (BGI Research, Chongqing),
ensuring consistent technical quality. DNA was extracted, with 0.5%
unmethylated λ phage DNA incorporated to evaluate bisulfite conversion
efficiency, and the efficiency was confirmed to exceed 99.5% in all samples.
DNAwas fragmented to an average length of 250 bp using a Covaris M220
(RRID: SCR_019818) focused-ultrasonicator. Bisulfite conversion was
carried out with the EZ DNA Methylation-Gold Kit, followed by library
preparation using the Accel-NGS Methyl-Seq Kit. Libraries underwent
quality verification on a 2100 Bioanalyzer, and sequencing was performed
on the MGISEQ-2000 system to generate 151 bp paired-end reads.

Bulk RNA sequencing
Gene expression profiling was conducted on the BGISEQ-50 platform.
Reads underwent alignment to the hg38 human reference genome, followed
by quantification through Expectation-Maximization software.
Mann–Whitney tests were employed for global integration analyses, con-
trasting the expression levels of amplified or deleted genes against those in
copy-number-balanced regions. To control statistical errors, false discovery
rate correctionwas independently implemented at each locus, with adjusted
thresholds applied to minimize false-positive.

Model development and performance comparison
The data from the Chinese cohort were divided, with 70% utilized for
training and 30% for testing, in order to avoid overfitting. Additionally, an
external international set was used for external validation. We constructed
four scenarios for predictor variables, each including different combinations
of clinical,molecular, and radiotherapeutic information: Scenario 1 includes
clinical, molecular, and radiotherapeutic information (CMR); Scenario 2

includes clinical and molecular information (CM); Scenario 3 includes
clinical and radiotherapeutic information (CR); and Scenario 4 includes
only clinical information (CO). These scenarios represent predictor vari-
ables with orwithout radiotherapy andmolecular information, respectively.
Six algorithmswere applied to constructmodels to predict prognosis in each
of four scenarios, including Cox Proportional Hazards (CoxPH), Random
Survival Forests (RSF), Extreme Gradient Boosting (XGBoost), Elastic Net
(ENET), DeepSurv, and Gradient Boosting Machine (GBM). These meth-
odologies have previously been adapted into survival models proficiently in
managing right-censored survival data. For non-WNT/non-SHH (Gr.3/4)
MB patients inmolecular scenarios, features were selected with reference to
molecular risk stratification and incorporation of key molecular events
based on previous studies21,22. Briefly, manual feature selection of molecular
scenarios was performed based on clinical expertise, previous studies, and
accessibility, referring to univariate COX analysis to select candidate pre-
dictors (p < 0.1). Model hyperparameters were optimized through grid
search, utilizing a repeated 5-fold cross-validation method to maximize the
concordance index (C-index) (Supplementary Table 5).

Several common evaluation metrics, such as the C-index, Brier score,
and Integrated Brier Score (IBS), were involved to assess the performance of
these models. Furthermore, the predictive accuracy for 5- and 10-years
survival was assessed using the area under the receiver operating char-
acteristic (ROC) curve (AUC) and calibration curves. Decision curve ana-
lysis (DCA) curves for 5- and 10-years periods were presented to evaluate
the net benefits of different models. The generalizability of the final model
was validated in international MB consortia.

Model explanation
Formodel explanations, we utilized SHAP (SHapleyAdditive exPlanations)
values to explain how the final model works23. This interpretable approach
provided two distinct forms of explanations: an overarching explanation of
the model at the feature level and a personalized explanation at the indi-
vidual level. The overarching explanation described the overall functionality
of the model.

Statistics and reproducibility
The outcome indicators included the survival status and the overall survival
time information. Data for categorical variables were processed using the
one-hot encodingmethod.Continuous variableswere presented asmeans±

1043 MB patients assessed for 
eligibility

Patients has sufficient data available 
for analysis (n=729)

Insufficient data on outcome (n=277)

No treatment or only chemotherapy 
(n=18)

Insufficient data on treatment (n=19)

The scenario with full 
information (clinical, 

molecular and 
radiotherapeutic)

The scenario with clinical 
and molecular 

information

The scenario with 
clinical and 

radiotherapeutic 
information

The scenario with only 
clinical information

471 MB patients from international 
consortia for eligibility

Patients has sufficient data available 
for analysis (n=201)

Insufficient data on outcome (n=24)

No treatment or only chemotherapy 
(n=23)

External validation set (n=201)Training set

Baseline data missing (n=205)

Insufficient data on treatment (n=18)

Scenario 1: CMR Scenario 2: CM Scenario 3: CR Scenario 4: CO

a b

Testing set7:3

Fig. 1 | Cohort flow diagram. a Cohort flow diagram of Chinese cohort. b Cohort flow diagram of international cohort.
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standard deviation (SD), and categorical data as frequencies (percentages).
For categorical variables, group comparisonswere performedusing theChi-
square test or Fisher’s exact test; for continuous variables, the Wilcoxon
rank-sum testwas utilized.Wecalculated theAUCtodetermine themodel’s
discriminative ability and select the optimal model. We used the DCA to
evaluate the clinical utility of the prognostic model. The DeLong test was
used for the comparison between AUC values. After selecting the best
model, we developed a browser-based interactive application for computing
individualized survival probabilities. Statistical analyses were carried out
using R software (Version_4.4.0). A two-sided p < 0.05 was considered
statistically significant.

Results
Baseline clinical information
This retrospective study involved 729 patients with MB in the Chinese
cohort for the identification of the prediction model. These 729 patients
were allocated into separate training and testing sets (Fig. 1a). The inter-
national cohort consisting of 201patientswas used as the external validation
set (Fig. 1b). Supplementary Tables 1 and 2 summarize the comparison of
clinicopathological and molecular characteristics of patients who received
postoperative radiotherapy and/or chemotherapy among the training,
testing, and external validation sets. The details of study design are displayed
in Fig. 2. The design consists of five parts: data preparation, model devel-
opment, optimal model selection, model interpretation, and an online cal-
culator construction.

Among the 729 patients in the derivation cohort, molecular subgroups
were identified in 424 (58.2%) patients, including 40 WNT-MB, 84 SHH-
MB, 84 Gr.3-MB, and 216 Gr.4-MB. Patientswere followed up for amedian
of 6.9 years (95%CI, 6.6 to 7.4). The 5-year and 10-year cumulativeOS rates
were 82.7%and67.5%, respectively. Themedian age at diagnosiswas 8 years
(IQR, 6 to 11). Based on the presence of dissemination on cytology or
gadolinium-enhanced craniospinal MRI, 110 patients (15.1%) had metas-
tases (M+ ). Histopathological classification was performed for 525
(72.0%) patients. Of those, the proportion of CMB (41.8%) was the highest,
followed by DNMB (20.6%) and LC/AMB (5.6%), and the lowest percen-
tage was found in MBEN (4.0%). GTR/NTR was achieved in 665 (91.2%)
patients and STR in 64 (8.8%). A total of 533 cases (73.1%) received post-
operative radiotherapy combined with chemotherapy, while the other 196
cases (26.9%) had only radiotherapy after the operation. The median CSI
dosewas 30.6 Gy (IQR, 28.8 to 36.0)with PFTBboosted to amedian dose of
55.8 Gy (IQR, 54.0 to 55.8). According to the classification of the observed
outcomes, 729 cases were divided into alive and deceased groups, of which
542 cases were survivors. The clinicopathological and molecular char-
acteristics of the training and testing sets are listed in Supplementary
Table 1 and 2. There was no statistically significant difference between the
two sets for all the analyzed characteristics (all p > 0.05).

Supplementary Tables 1 and 2 provide the clinicopathological and
molecular characteristics of 201 patients in the international cohort, which
had amedian follow-upof 5.8 years (Q1-Q3: 5.3–6.7). Themedian agewas 8
(5.0, 12.6) years, and 135 (67.2%) were male. Molecular subgroups were
identified in 200 patients (99.5%), including WNT-MB (n = 4), SHH-MB
(n = 61), Gr.3-MB (n = 45), and Gr.4-MB (n = 90). The M+ stage was
observed in 60 (29.9%) patients and the M0 stage in 141 (70.2%). Histolo-
gical subgroups were identified in 179 patients (89.1%), including CMB
(n = 121), DNMB (n = 27), MBEN (n = 6) and LC/AMB (n = 25). GTR/
NTRwas achieved in 181 (90.0%) patients and STR in 20 (10.0%). A total of
154 cases (76.6%) received postoperative radiotherapy in combination with
chemotherapy, while the other 47 cases (23.4%) received postoperative
radiotherapy alone. The median CSI dose was 24.0 Gy (IQR, 23.4 to 36.0)
with PFTB boosted to a median dose of 54.0 Gy (IQR, 54.0 to 55.8).

Feature selection
In the CMR and CM scenarios, candidate predictors were selected using
univariate Cox analysis (Fig. 3a), based on NCCN guidelines, previous
studies, clinical expertise, and data accessibility. The expression levels of

molecular markers MYC, MYCN, OTX2, and GFI1 (p = 0.026) were ulti-
mately included in the analysis. Specific data for each variable from the
training setwere utilized to develop six algorithms—CoxPH,RSF,XGBoost,
ENET, DeepSurv, and GBM—to predict 5- and 10-year prognoses in the
four scenarios.

Model performance comparison
Given the significant differences between WNT-MB and other molecular
subgroups, we included interaction terms in the multivariate Cox analysis.
As shown in Supplementary Tables 3 and 4, no significant interactions were
found when PFTB boost dose and treatment strategies were analyzed
separately with molecular subgroups. Therefore, we combined WNT with
other subgroups to construct the predictive model.

In four scenarios (including CMR, CM, CR, and CO), we utilized six
algorithms to predict patient prognosis. Their comparative performances
are summarized in Supplementary Table 6, demonstrating that the
XGBoost and GBM algorithms exhibited moderate yet consistent dis-
crimination and favorable calibration across different scenarios. In theCMR
scenario for Gr.3/4-MB in testing set, XGBoost algorithm (IBS = 0.122, C-
index = 0.612) exhibited exceptional predictive performance for the prog-
nosis of MB patients, achieving an AUC of 0.601 at 5 years and 0.734 at 10
years (Figs. 3b, 3c), followed by CoxPH algorithm (C-index = 0.578), RSF
algorithm (C-index = 0.531), GBM algorithm (C-index = 0.510), ENET
algorithm (C-index = 0.495), and DeepSurv algorithm (AUC= 0.465). The
calibration plots in testing set presented in Fig. 3e illustrated that XGBoost
algorithm maintained good consistency between its predictions and the
observations for the 5- and 10-yearOS rates (IBS = 0.122).Moving on to the
CM scenario, XGBoost algorithm continued to show its superiority. It also
boasted the best predictive performance (IBS = 0.131, C-index = 0.609),
achieving an AUC of 0.618 at 5 years and 0.737 at 10 years, and the Time-
dependent AUC values plot and ROC curves and for ML algorithms are
presented in Supplementary Fig. 2a and 2b respectively. The calibration
curves in Supplementary Fig. 2d show that the predicted probabilities and
observed outcomes for the XGBoost algorithm were similar for the 5- and
10-year overall survival rates (IBS = 0.131).Moreover, in theCR scenario for
the testing set, the GBM model demonstrated the best predictive perfor-
mance in predicting the prognosis of MB patients (IBS = 0.114, C-index =
0.637), with 5-year AUCs of 0.662 and 10-year of 0.736 (Supplementary
Fig. 3a, b). As shown in Supplementary Fig. 4a, b, of the abovementioned six
algorithms, the GBMmodel fared best in terms of predicting the prognosis
of MB patients in the CO scenario (IBS = 0.112, C-index = 0.635). GBM
algorithm also showed good agreement between predicted and observed
5-year and 10-year OS rates in the CR and CO scenarios (Supplementary
Figs. 3d, 4d). Overall, the superiority of XGBoost and GBM method was
quantitatively validated through C-index, IBSmetrics, and calibration plots
across testing cohorts, demonstrating their potential for clinical practice.

Predictive performance of disease-free survival (DFS) models
To further address the clinical significance of tumor recurrence,we analyzed
DFS, defined as the interval from treatment initiation to the first recurrence
or death. In the testing set, the predictive performance across the four
scenarios was modest, with C-indices of 0.657 for the CoxPH-based CMR
model, 0.632 for the GBM-based CM model, 0.659 for the RSF-based CR
model, and 0.643 for the RSF-based CO model. Furthermore, external
validation was unfeasible due to the absence of recurrence data in the
international cohort. Considering the limited predictive efficacy and the
current lack of external generalizability, these DFS models do not yet meet
the requirements for robust clinical application. Consequently, we did not
develop an interactive web-based calculator for DFS at this stage (Supple-
mentary Fig. 6).

External validation
To evaluate the generalizability of the model, we performed external vali-
dation using the XGBoost and GBM algorithms in the international MB
cohort.When combiningmolecular information and radiotherapy strategy
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Fig. 2 | Overview of the studymethodology.Thisfigure illustrates thefive core phases
of the research, ranging from data preparation to the construction of clinical application
tools. a Data preparation: flowcharts detailing the screening process for the Chinese
discovery cohort (n = 1043) and the international consortium external validation cohort
(n=471).Basedon exclusion criteria, 729Chinesepatients and201 international patients
with complete clinical data were ultimately included. The Chinese cohort was further
partitioned into training and testing sets at a 7:3 ratio. bModel development: integration
of clinical features,molecular features, and radiotherapy parameters. Six algorithmswere

employed to construct predictivemodels across fourdistinct application scenarios:CMR,
CM,CR, andCO. c Selecting the bestmodel: evaluation ofmodel performance for 5- and
10-year survival predictions viaROCcurves,AUC, calibrationcurves, andDCA.dModel
interpretation: utilization of the SHAPmethod to rank feature contributions and provide
individualizedexplanations for thefinal selectedmodel. eOnline calculator: translationof
the optimized models into interactive web-based Shiny applications that support the
inputof clinical andmolecular features todynamically assesspatient survivalprobabilities
at various time points.
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in the CMR scenario, as depicted in Fig. 3d, the externally validated ROC
curve attained a 5-year AUC of 0.807 (95% CI: 0.685–0.930) and a 10-year
AUC of 0.787 (95% CI: 0.610–0.963), which was comparable to that of the
testing set (p = 0.12). For the external validation the CM scenario (Supple-
mentary Fig. 2c), the XGBoost algorithm achieved a 5-year AUC of 0.692
(95% CI: 0.584–0.801) and a 10-year AUC of 0.729 (95% CI: 0.581–0.877),
which was similar to the AUC obtained in the testing set (p = 0.29). Addi-
tionally, for the CR scenario, as illustrated in Supplementary Fig. 3c, the
externally validated ROC curve demonstrated a 5-year AUC of 0.722 (95%

CI: 0.608–0.836) and a 10-year AUC of 0.727 (95% CI: 0.547–0.906),
comparable to that observed in the testing set (p = 0.96). For theCOscenario
(Supplementary Fig. 4c), the GBM algorithm achieved a 5-year AUC of
0.730 (95% CI: 0.638–0.822) and a 10-year AUC of 0.712 (95% CI:
0.591–0.833), which was not statistically distinguishable from the AUC
obtained in testing set (p = 0.92).

Model calibration is depicted in the external validation set (Fig. 3e,
Supplementary Figs. 2d, 3d, and 4d), which show favorable consistency
between the predictions and the observed outcomes of the four scenarios.
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Fig. 3 | Performance of six algorithms in the prediction of medulloblastoma
prognosis in CMR scenario. a Univariate COX regression feature selection for
model construction. b Comparison of Area Under the Receiver Operating Char-
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Collectively, the XGBoost and GBM algorithms in the four scenarios
showed favorable calibration and consistent performance in external
validations.

The DCA further demonstrated the predictive and clinical application
potential for XGBoost and GBM algorithms in the four scenarios. In the
CMR and CO scenarios, the DCA presented in Fig. 3f and Supplementary
Fig. 4e revealed the XGBoost and GBM algorithms each perform optimally
across thewide threshold range for predicting the 5- and 10-yearOS rates in
their corresponding scenarios. Furthermore, regarding the clinical applic-
ability of the CM and CR scenarios, the XGBoost and GBM algorithms
achieved a robust net benefit only within a narrow range of threshold
probabilities (Supplementary Figs. 2e and 3e).

Model explanation
Given that the SHAP method interprets the final model output by calcu-
lating each variable’s contribution to prediction, we employed this method
to analyze the results of the XGBoost algorithm. We evaluated the feature-
importance rankings based on SHAP values for the CMR scenario(Fig. 4a).
In this plot, the contributions of each indicator to the predictionmodel were
assessed using the average SHAP values and presented in descending order
as the fivemost essential features:GFI1 expression level,M stage, Subgroup,
MYCN expression level, andMYC expression level. We performed dot plot
analysis to uncover the direction and strength of the influence of each
feature onmodel prediction. Features, such asM+ stage and highMYC and
GFI1 expression, significantly resulted in the poor prognosis, further
underscoring the significance of molecular events in predictive modeling
(Fig. 4b). The top 5most influential variables in the summaryplot of theCM
scenario were roughly the same as the CMR scenario (Supplementary
Fig. 5a). In CR and CO scenarios, histological and molecular subgroups
ranked as the top twomost important variables (Supplementary Fig. 5b, c).
Notably, under these two clinical scenarios, the M stage significantly
increases the risk of poor prognosis, while a higher PFTB dose (≥ 55.8 Gy)
and RT+CT can dramatically reduce this risk (Supplementary Fig. 5b, c).

Implementation of the web calculator
The XGBoost-based survival predictor was integrated into a web application
for utilization in clinical scenarios. To improve clinical practicality, two
interactive web-based Shiny apps by the CMR and CM scenarios were

created: https://prognosticmodel.shinyapps.io/Scenario1_CMR/ for cases
where the radiotherapeutic dose information was available and https://
prognosticmodel.shinyapps.io/Scenario2_CM/ for cases where it was not.
The web applications for the CR and CO scenarios are accessible online at
the following links: https://prognosticmodel.shinyapps.io/Scenario3_CR/ and
https://prognosticmodel.shinyapps.io/Scenario4_CO/. Practical demonstra-
tion using a representative case in CMR scenario. By inputting the actual
values of the features required for the scenarios, the application can auto-
matically predict the survival rates and clinical risk groups of individual
patients withMB. In this case, users input complete data entry by responding
to 11 queries and the calculator could predict survival rates at different time
spans and the importance of variables (Fig. 5a, b). The results in Fig. 5c
showed that LC/AMB, Gr.3, andMYC high level were associated with poorer
prognosis, while CSI dose contributed positively to the favorable prognosis.

Discussion
Although researchers have proposed numerous prediction models, the
current study presents using anML-based prognostic model that integrates
radiotherapy dose andmolecular events to predict survival outcomes inMB
patients, and thismodelwas based on theXGBoost algorithmusing amulti-
center follow-up database. Our study revealed that XGBoost outperformed
other models in accurately predicting the survival outcomes ofMB patients
in four scenarios. Among the four scenarios, scenarios involving radio-
therapy information were superior to those without radiotherapy. In the
CMR and CM scenarios testing sets, the C-indexes were 0.612 (with
radiotherapy) and 0.609 (without), respectively. In the CR and CO sce-
narios, they were 0.637 (with radiotherapy) and 0.635 (without), respec-
tively. These findings confirm themodel’s high predictive performance and
emphasize the significance of radiotherapy dose as a key variable in prog-
nostic assessment. Moreover, the model offers better recommendations for
radiotherapy doses tailored to MB cases and provides an intuitive under-
standing of how various treatment strategies influence patient survival.

In this study, incorporating radiotherapy dose into the prognostic
prediction model for MB represented a key innovation that addresses a
critical gap in molecular identification and therapeutic planning. Following
the introductionofmolecular subgroups, dose reduction in radiotherapy for
low-risk groups has become a prevailing trend24. Current MB prognostic
models are primarily based on radiomics, clinical information, or
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transcriptomic data10,12,25,26. However, these models generally fail to account
for the impact of radiotherapydose, a fundamental therapeutic variable. The
novelty of incorporating radiotherapy dose lies in its ability to capture not
only the direct effects of treatment intensity on prognosis but also to surpass
traditional single-variable prediction methods, providing clinicians with
more precise guidance for radiotherapy dose optimization and demon-
strating its breakthrough potential in personalized treatment of MB.

In some countries, medical centers still lack the ability to determine
molecular subgroups through sequencing-based approaches. In order to
facilitate the use of the model calculator, undefined molecular or histology
subgroup data were not excluded in the modeling process, which was
convenient for patients and their doctors. Additionally, since patients may
not easily understand or obtain radiotherapy dose indicators, we designed
four scenarios with/without radiotherapy and molecular information to
improve usability. Since GTR or NTR is the standard for clinical risk group
classification in theNCCNguidelines, the excision variablewas added to the
clinical scenario. Consistent with previous studies27, our cohort analysis
found that the extent of tumor resection had no significant impact on
prognosis,which led to its exclusion as a predictive variable inCMRandCM
scenario construction.

The evaluation of feature significance revealed the contribution to
prediction accuracy of themodel. Our findingswere in close alignmentwith
prior studies, which had consistently identified molecular markers, radia-
tion, and chemotherapy as critical determinants of prognosis. Since the
advent of genetic examination and therapy, molecular characteristics have
become the most important prognostic factors, second only to treatment
strategies, in various malignancies, including gliomas28, breast cancer29, and
hematological cancers30. For instance, Pfister et al., in their analysis of MB

patients, emphasized the significance of genomic amplifications ofMYC or
MYCN as the important prognostic factor31. As Northcott PA et al. sug-
gested, GFI1 is abnormally overexpressed via the mechanism of enhancer
hijacking in Gr.3 and Gr.4 MB driving tumor progression and influencing
prognosis. However, GFI1 has rarely been incorporated into prognostic
models for brain tumors32. In our study, the influence of high GFI1
expression levels on prognosis was evident in the CMR and CM scenarios.
Additionally, Kuo et al.’s study on MB patients from SEER database iden-
tified radiotherapy and chemotherapy as significant factors in predicting
OS10. Similarly, Qaddoumi et al. highlighted the radiotherapy, tumor grade,
and surgical methods as the independent adverse prognostic factors in
pediatric glioma using SEER database33. Although these studies included
radiotherapy variables, they did not explore the effect of detailed radiation
doses on the prognosis of patients with brain tumors. Notably, a higher
PFTB dose (≥ 55.8 Gy) significantly reduced the risk of poor prognosis in
our study, highlighting the predictive value of increasing the PFTB boost
dose inCMRandCMscenarios. Extended follow-up analysis demonstrated
that intensive treatments substantially affected the quality of life in pediatric
patients17,18, with children under the age of 7 being particularly vulnerable to
neurological impairments due to radiotherapy34. Overall, our model pro-
vides a comprehensive framework that enables clinicians and patients to
systematically assess prognosis during the development of treatment plans.

As an integrating multiple weak-classifier learning method, XGBoost
algorithm isoptimized based on gradient-boosting decision trees, making it
especially suitable for large datasets and complex features. Recently, pre-
diction models based on the XGBoost algorithm have been widely used in
the medical field, demonstrating excellent performance in multiple areas,
such as breast cancer prognosis35 and in-hospital mortality prediction36,37.
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Compared with the traditional Cox regression algorithm, the XGBoost
model can effectively capture the nonlinear relationship and improve
generalization ability. Furthermore, the XGBoost model is robust to high-
dimensional andhighly variable datasets,which can further reduce thenoise
within the datasets. Similarly, XGBoost and GBM algorithms were utilized
under four scenarios to develop the well-calibrated and explainable pre-
diction model for prognosis assessment of MB patients.

By analyzing the involved variables, certain limitations of the current
mode include the lack of key imaging features such as tumor location and
size,MRI contrast enhancement intensity, as well as the degree of brainstem
invasion. Additionally, critical pathological features, including the Ki-67
index or mitotic count, as well as clinical indicators reflecting postoperative
functional status, such as assessments of speech, balance, mutism, respira-
tion, and swallowing function were also omitted. The Ki-67 index has
emerged as a critical prognostic indicator for various types of cancer38,39.We
attempted to incorporate thismetric into the currentmodel; however, due to
the limited sample size and the absence of this indicator in the external
validation set, it was ultimately excluded from the final analysis. Future
studies incorporating higher-resolution datasets encompassing these vari-
ables will be essential for refining predictive accuracy and guiding long-
itudinal data follow-up.

Although DFS is critical for informing surveillance strategies in MB,
the predictive performance of our DFS models was slightly lower than that
of theOSmodels. This discrepancymay stem from the inherent complexity
of accurately recording recurrence events and the limited number of such
events in retrospective cohorts. Furthermore, the lack of recurrence data in
the international consortia precluded external validation of theDFSmodels,
limiting their current generalizability. Consequently, OS remains the pri-
mary endpoint of this study, while future efforts will focus on aggregating
multicenter recurrence data to refine and validate DFS-based
prognostic tools.

In conclusion, we developed XGBoost and GBM models with better
predictive performance to predict the prognosis of MB patients and vali-
dated their potential as clinically reliable tools. Based on the interactive
applications, this study addresses a gap in previous models that overlooked
treatment-specific details and provides additional assistance to radiation
oncologists for strategy determination.

Data availability
The WGBS dataset is deposited in the China National Genomics Bank
(CNGB) with the accession code (CNP0006196). The NGS data are
deposited in CNGB with the accession code (CNP0006197). The total bulk
RNA sequencing data are deposited in CNGB with the accession code
(CNP0006198). The data will be made available upon reasonable request.
The source data supporting the findings of this study are available in
Figshare40. Access to the international cohort data can be requested from the
original data custodians at Texas Children’s Hospital20.
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