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ABSTRACT

Approximately 30% of medulloblastoma (MB) patients exhibit metastasis at initial diagnosis, which often leads
to a poor prognosis. Here, by using univariate Cox regression analysis, two machine learning methods (Lasso-
penalized Cox regression and random survival forest-variable hunting (RSF-VH)), and multivariate Cox
regression analysis, we established two metastasis-related prognostic models, including the 47-mRNA-based
model based on the Lasso method and the 21-mRNA-based model based on the RSF-VH method. In terms of the
results of the receiver operating characteristic (ROC) curve analyses, we selected the 47-mRNA metastasis-
associated model with the higher area under the curve (AUC). The 47-mRNA-based prognostic model could
classify MB patients into two subgroups with different prognoses. The ROC analyses also suggested that the 47-
mRNA metastasis-associated model may have a better predictive ability than MB subgroup. Multivariable Cox
regression analysis demonstrated that the 47-mRNA-based model was independent of other clinical
characteristics. In addition, a nomogram comprising the 47-mRNA-based model was built. The results of ROC
analyses suggested that the nomogram had good discrimination ability. Our 47-mRNA metastasis-related
prognostic model and nomogram might be an efficient and valuable tool for overall survival (OS) prediction and
provide information for individualized treatment decisions in patients with MB.

INTRODUCTION

Medulloblastoma (MB) is the most frequent type of
malignant pediatric brain tumor and comprises at least
four distinct molecular subgroups: WNT, SHH, Group
3, and Group 4 [1, 2]. The presence of metastatic
disease often results in a less favorable outcome for MB
patients, and unfortunately, approximately 25-33% of
MB patients present with metastases at the time of
diagnosis [3, 4]. Currently, the standard protocol,
including surgery followed by craniospinal radiation

and chemotherapy, achieves an overall survival (OS)
rate of about 85% at 5 years for standard-risk patients
with MB [5-7]. However, a number of survivors suffer
from serious treatment-related effects of radiotherapy
and cytotoxic chemotherapy, resulting in a decline in
cognition and intellect, endocrine disorders and an
increased incidence of secondary cancers [8, 9]. In
addition, some MB patients receive unnecessary or
excessive therapies, while others may be faced with
metastasis or recurrence because of a lack of
appropriate treatment. The risk stratification of MB
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patients is mainly based on age at diagnosis, size of the
residual disease, metastatic status, histology, subgroup,
and some cytogenetic biomarkers [4, 10, 11]. The
current therapies and the risk stratification used since
the late 1980s pose tremendous challenges [10]. The
survival rate of MB patients has been stagnant for
approximately 30 years despite the multipronged
approach to therapy [12]. These limitations have
prompted a search for more precise and comprehensive
biomarkers for the discrimination of MB patients to
improve precision MB treatment.

With the advances of high-throughput microarray and
RNA sequencing technologies, an increasing number of
metastasis-related prognostic signatures have been
identified in various types of cancers [13-18]. A six-
gene metastasis signature has been reported to be robust
for predicting the survival of hepatocellular carcinoma
patients in multicenter cohorts [15]. Another study
showed that some novel tissue- and serum-based
metastasis-specific microRNA biomarkers could be
clinically applicable to predict prognosis in colorectal
cancer [13]. In addition, a lymph-node-metastasis-
related gene signature had stronger predictive power
than other clinical information for the prognostic
evaluation of esophageal cancer [17]. These studies
suggest that metastasis-related signatures might serve as
potentially accurate biomarkers for predicting the
outcome of cancer patients. Therefore, searching for a
metastasis-related biomarker signature may have
concrete prognostic and predictive value in the
management of MB. Moreover, the identification of
metastasis-related molecular markers might pave the
way for precisely targeted metastasis-related molecular
therapies for MB.

In the present study, we focused on the mMRNA
expression profiles of large cohorts of patients with MB
from the Gene Expression Omnibus (GEO) database.
The differentially expressed genes (DEGS) were
screened by analyzing the gene expression data between
MB tissues with and without metastasis. Then, by
employing Cox regression analysis and two machine
learning algorithms, including the Lasso-penalized Cox
regression model and random survival forest-variable
hunting (RSF-VH) algorithm, we identified a
metastasis-related prognostic signature that can
accurately predict survival in MB patients. Moreover,
the metastasis signature was a survival-related factor
independent of well-known clinical characteristics.
Finally, we built a predictive nomogram that showed
good discrimination ability and was clinically useful.
Overall, the metastasis signature and nomogram may be
reliable and practical prognostic tools for OS evaluation
and might facilitate individualized therapy for MB
patients with different risks of disease.

RESULTS

Development and validation of a 47-mRNA
metastasis-related prognostic model

Differential expression analysis using metastatic
status as the group variable identified a total of 2,429
DEGs (adjusted P < 0.2). To define the association of
the DEGs with the OS of MB patients, univariate Cox
regression analysis was conducted, and the results
revealed that 307 of the 2,429 DEGs were
significantly related to OS in MB patients. Then, we
employed the Lasso-penalized Cox regression and
RSF-VH methods to identify the DEGs with the
greatest prognostic value in which we required the
selected prognostic DEGs to appear > 100 times out
of 1,000 repetitions. Finally, by using multivariable
Cox regression analysis, a 47-mRNA metastasis-
related prognostic model based on Lasso-penalized
Cox regression and a 21-mRNA metastasis-related
prognostic model based on RSF-VH were established.
Supplementary Tables 1 and 2 show the multivariate
Cox regression coefficients of the genes in the 47-
MRNA metastasis-related prognostic model and the
21-mRNA  metastasis-related prognostic  model,
respectively. In addition, Supplementary Tables 3 and
4 show the repeat occurrence frequencies of the genes
in the 47-mRNA metastasis-related prognostic model
and the 21-mRNA metastasis-related prognostic
model, respectively. To investigate the predictive
efficiency of the afore-mentioned two metastasis-
related prognostic models, the receiver operating
characteristic (ROC) curve analysis was performed.
The resulting area under the curve (AUC) of the 47-
MRNA metastasis-associated prognostic model was
0.817 (95% CI: 0.762-0.872) (Figure 1A), while the
resulting AUC of the 21-mRNA metastasis-associated
prognostic model was 0.691 (95% CI: 0.625-0.757)
(Figure 1B). Therefore, the 47-mRNA metastasis-
associated prognostic model with the higher AUC was
selected for further analysis.

Among the genes in the 47-mRNA metastasis-related
prognostic model, 31 genes (AK7, ARL1, ARSG,
BACH2, C90rf153, COPS7B, CPB2, EIF2B3, FABP4,
GAGE1, GPR126, GUCY2C, GYG2, HIST1H2AE,
ICOS, IDI2, MAGEB5, MEIS2, NTHL1, NUP210L,
POLN, POU1F1, PSORS1C1, RN7SKP226,
RN7SL432P, RNA5SP53, SAA3P, STXBP5L, TBCC,
ZIC1, and ZPBP2) had positive coefficients, indicating
an association between their higher expression levels
and shorter OS, while the higher expression levels of
the remaining 16 genes with negative coefficients
(ARHGEF40, CAMKK1, CCDC125, FAMBSIA,
GSDMC, 1L22, KCNAB3, MDN1, PAPPA2, POLES,
RN7SL187P, RN7SL581P, RNASE9, RNU1-75P,
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SLC25A11, and TBCK) may correlate with longer OS.
The distributions of the 47-gene-based risk scores, OS,
survival status, and 47-gene expression profiles of the
MB patients in the discovery set and validation set are
shown in Figure 2A, 2B. The 31 risk-related mRNAs
tended to be more highly expressed in the high-risk
group, whereas the 16 protective mRNAs tended to
exhibit higher expression in the low-risk group. K-M
survival analysis showed that in the discovery set,
patients in the high-risk group (n = 110) had a
significantly shorter OS than those in the low-risk
group (n = 193; P < 0.0001; Figure 3A). Similar
results were observed in the validation set (P =
0.00034; Figure 3C). To evaluate the predictive
performance of the 47-mRNA metastasis-related
prognostic model, we performed time-dependent ROC
curve analysis. The AUCs of the metastasis-related
prognostic model were 0.901 at 1 year, 0.806 at 3
years, and 0.782 at 5 years for the discovery set
(Figure 3B), and 0.804 at 1 year, 0.759 at 3 years, and
0.69 at 5 years for the validation set (Figure 3D). All
AUCs exceeded 0.6, indicating that the metastasis-
related forecast model had a good performance for OS
prediction in MB patients. The 47-mRNA metastasis-
related prognostic model had a better predictive
performance than MB subgroup in the discovery set
(0.817 vs 0.586) (Figure 3E) and in the validation set
(0.693 vs 0.64) (Figure 3F). When we employed the
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47-mRNA metastasis-related prognostic model to
predict the survival of patients in each MB subgroup,
we found that there were statistically significant
differences in OS between the high-risk group and the
low-risk group (Figure 3G-3J). In addition, the results
of multivariable Cox regression analysis revealed that
the metastasis-associated prognostic model was a
powerful and independent prognostic factor related to
OS (Figure 4).

Weighted gene co-expression network analysis and
gene ontology enrichment analysis for identifying the
pathways significantly associated with the 47-
MRNA-based risk score model

All genes from entire MB dataset were applied to
construct a gene co-expression network using weighted
gene co-expression network analysis (WGCNA). The
original 55 modules were obtained with Dynamic Tree
Cut method (Figure 5A). The module dissection
threshold was set at 0.3 to merge correlated modules
and 41 modules were finally generated (Figure 5B). The
correlations between co-expression modules and
clinical phenotypes were calculated and visualized
through a heatmap (Figure 6). The scatterplot of gene
significance (GS) for the 47-mRNA-based risk score
model vs. module membership (MM) was plotted in the
co-expression magenta module (Figure 7A). Gene
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Figure 1. Comparison of the predictive power of the 47-mRNA metastasis-related model based on Lasso-penalized Cox
regression and the 21-mRNA metastasis-related model based on random survival forest-variable hunting (RSF-VH). The
receiver operating characteristic (ROC) curves of the 47-mRNA-based model based on Lasso-penalized Cox regression (A) and the 21-mRNA-

based model based on RSF-VH (B).
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ontology (GO) enrichment analysis of hub genes
revealed a significantly relationship between sensory
perception of smell, cellular process involved in
reproduction, and regulation of STAT cascade and the
47-mRNA-based risk score model (Figure 7B).

Construction and validation of a metastasis-related
nomogram

To provide clinicians with a quantitative method that
could predict the probability of 1-, 3-, and 5-year OS
in patients with MB, a metastasis-associated
nomogram was generated by integrating the 47-
MRNA metastasis-related prognostic model and five
clinicopathological factors (Figure 8). Calibration
plots showed that the metastasis-related nomogram
performed well compared with the ideal curve (the
45-degree line) (Figure 9A-9C). Decision curve
analysis (DCA) indicated that if the threshold
probability of patients or doctors is more than 10%,
then utilizing the metastasis-related nomogram to
predict the probability of 1-, 3-, and 5-year OS adds
more net benefit than the treat-none scheme or the

treat-all-patients scheme (Figure 9D-9F). The AUCs
of the metastasis-related nomogram were 0.887 at 1
year, 0.834 at 3 years, and 0.805 at 5 years for the
discovery set (Figure 10A), and 0.84 at 1 year, 0.775
at 3 years, and 0.73 at 5 years for the validation set
(Figure 10B).

DISCUSSION

Although MB consists of four primary molecular
subgroups with disparate clinical outcomes, molecular
markers that could precisely predict survival in MB
patients are still lacking. Given that nonmetastatic and
metastatic patients with MB often have distinct
outcomes, metastasis-associated MRNAs may be
accurate predictors of outcome in MB patients. In our
study, the differentially expressed genes between
metastatic and nonmetastatic MB tissues were
screened, and univariate Cox analysis, two different
machine learning algorithms including Lasso-
penalized Cox regression and RSF-VH, and
multivariate Cox analysis were performed to construct
two metastasis-related prognostic models (the 47-
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Figure 2. The distribution of the risk score, overall survival (0S), OS status, and heatmap of the 47-mRNA metastasis-related
model in the discovery set (A) and validation set (B).
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Figure 3. Prognostic value of the 47-mRNA metastasis-related model. The Kaplan-Meier (K-M) curves show the OS of the
high- and low-risk patients with MB classified by the optimal cutoff value. (A) K-M curves for the discovery set. (B) ROC curves for the
47-mRNA-based model in the discovery set. (C) K-M curves for the validation set. (D) ROC curves for the 47-mRNA-based model in the
validation set. (E) The comparison of the area under the ROC of the 47-mRNA-based model versus that of subgroup in the
discovery set. (F) The comparison of the area under the ROC of the 47-mRNA-based model versus that of subgroup in the validation
set. (G) K-M curves showing the OS for the high- and low-risk patients with WNT MB using the 47-mRNA-based model in the discovery
set. (H) K-M curves showing the OS for the high- and low-risk patients with SHH MB using the 47-mRNA-based model in the discovery
set. (I) K-M curves showing the OS for the high- and low-risk patients with group 3 MB using the 47-mRNA-based model in the
discovery set. (J) K-M curves showing the OS for the high- and low-risk patients with group 4 MB using the 47-mRNA-based model in

the discovery set.
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Figure 4. Multivariate Cox regression analysis incorporating the 47-mRNA metastasis-related model and known prognostic
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MRNA metastasis-related model based on Lasso Cox
regression and the 21-mRNA metastasis-related
model based on RSF-VH). According to the predictive
performance, we chose the 47-mRNA metastasis-
associated model based on Lasso Cox regression with
the higher AUC. More recently, machine learning
approaches have been successfully utilized for
identifying novel diagnostic molecular markers,
tracking cancer development, predicting cancer
prognosis and monitoring treatment responses to
allow the accurate classification of cancer [19]. Lasso
and RSF are two common machine learning methods
used for building cancer-related prognostic models.
Several recent studies showed that in the case of low
data dimensions, linear models such as Lasso
regression can separate samples more ideally, whereas
more complex machine learning models such as
random forest are more prone to overfitting, leading
to a less precise prediction [20-22]. Thus, considering
that the sample size used in the present study is
relatively small, Lasso Cox regression may be an
appropriate  method to establish MB-related
prognostic models.

A

Module membership vs. gene significance
cor=0.47, p=1.5e=75

0.20 0.25 0.30 0.35
1 I L

Gene significance for riskscore

0.10

T
0.1 02 0.3 0.4 0.5 0.6 0.7

Module Membership in magenta module

The 47-mRNA metastasis-related model developed in
this study categorized MB patients into low- and high-
risk groups with significantly different OS outcomes in
the discovery and validation cohorts. The clinicians
could design the MB patients’ treatment plans based on
the predicted outcome of the metastasis-associated
model to achieve individualized treatment of patients
with MB. Strategies should be developed to prevent
metastasis or detect MB metastases as early as possible
in high-risk MB populations.

Among the 47 genes of the metastasis-related model
based on Lasso Cox regression, except for ZIC1 [23,
24], the other 46 genes were either poorly investigated
or have not been reported in MB. In addition, five
genes involved in the 47-mRNA metastasis-related
model, including FABP4 [25, 26], GUCY2C [27-29],
MEIS2 [30, 31], POU1F1 [32-34], and SLC25A11
[35] have been reported to be related to the metastasis
of other human cancers. Although the roles of these
five genes in MB are presently unclear, our results
suggest that they deserve further biological and
mechanistic investigation. Interestingly, we found that
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seven  pseudogenes, including RN7SKP226,
RN7SL187P, RN7SL432P, RN7SL581P, RNA5SP53,
RNU1-75P, and SAA3P, were included in the 47-
MRNA metastasis- related model, indicating that

expression analysis of these pseudogenes might
become a new paradigm for investigating MB
mechanisms and discovering prognostic biomarkers in
MB. Therefore, the 47-mRNA metastasis-related model
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Figure 8. Nomogram for predicting 1-, 3-, and 5-year OS in patients with MB.
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may offer MB

treatment.

potential therapeutic targets for

Furthermore, we demonstrated that the 47-mRNA
metastasis-related model remained an independent
prognostic factor after adjusting for other clinical
characteristics. This finding suggests that a
comprehensive model incorporating the 47-mRNA
metastasis-related model and other clinicopathological
factors may achieve a more reliable and favorable OS
prediction efficacy for MB patients. Therefore, we
built a nomogram that combined the 47-mRNA
prognostic model and other clinical features (age, sex,
histology, metastatic status, and subgroup). The
calibration curves showed that the actual OS
corresponded closely with the predicted OS,
indicating that the predictive performance of the
metastasis-related nomogram was good. DCA
demonstrated that the metastasis-related nomogram
was clinically useful. According to the results of ROC
analyses, this nomogram showed good discrimination
ability. Thus, our nomogram could be a promising
tool for facilitating patient counselling, treatment
decision-making, and follow-up scheduling.
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However, our study had some limitations. First, our
47-mRNA metastasis-related model and nomogram
need further validation in multicenter, large-scale,
prospective  studies.  Second, functional and
mechanistic studies on the 47 genes alone and in
combination should be performed to support their
clinical  application.  Third, information on
radiotherapy protocols, chemotherapeutic regimens,
patient neurological/clinical status, and cytogenetic
aberrations is not available in the MB cohort
included in the present study. Finally, we
constructed the 47-mRNA metastasis-related model
based on the gene expression data without considering
the DNA methylation, mutation, or other genetic
events of genes that likely have an effect on the
metastasis of MB.

In summary, our findings indicate that the 47-mRNA
metastasis-related prognostic model derived from
Lasso-penalized Cox regression might be a reliable and
useful tool for predicting OS in MB patients. A
nomogram comprising the metastasis-related prognostic
model may assist clinicians in selecting personalized
therapeutic regimens for MB patients.
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Figure 10. ROC curves for the nomogram in the discovery set (A) and validation set (B).
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MATERIALS AND METHODS
Data source

MB gene expression data were directly downloaded from
the GEO GSE85218 dataset (http://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=GSE85218) [36]. The
corresponding clinical information was obtained from the
supplementary data in the relative literature [36]. Then,
MB patients with no information on at least one of the
following clinical characteristics were excluded from
further analysis: age, sex, metastatic status, histology,
survival time, and survival state. Finally, a total of 432
MB patients were included in this study; the median age
was 8.00 years (range, 0.24 to 52.00 years) and the
median OS was 4.06 years (range, 0.08 to 19.03 years).
These 432 MB patients were randomly divided into a
discovery set (70%) and validation set (30%) by utilizing
the createDataPartition function of the caret package for
R software. The distribution of the baseline clinical
characteristics of the two groups was balanced (all P
values > 0.05). The clinical information of these MB
patients is summarized in Supplementary Table 5.

Construction and validation of a metastasis-
associated gene signature

In the discovery set, DEGs between MB tissues from
patients with and without metastatic disease were
calculated using the limma package for R software. The
DEGs with an adjusted P value of < 0.2 were considered
for downstream analysis. Next, univariate Cox
proportional hazards regression analyses were performed
to investigate the association between the OS of MB
patients in the discovery set and the expression level of
each DEG. In the univariate Cox regression analyses, the
genes whose parameter P values were < 0.05 were
selected for subsequent analysis. To further select primary
predictive features, we applied two well-established
machine learning algorithms (Lasso-penalized Cox
regression and RSF-VH) on the discovery set. Within
these two analyses, we subsampled the discovery set at a
ratio of 7:3 with 1,000 replacements and selected the
prognostic DEGs with repeat occurrence frequencies of
more than 100. Then, two metastasis-related risk score
staging models (one derived from Lasso-penalized Cox
regression and another derived from RSF-VH) were
constructed based on a linear combination of the
regression coefficient obtained from the multivariate Cox
regression analysis (B;) multiplied by its expression level
(expr;). The formula for computing the risk scores of these
two prognostic models is described as follows:

Risk score = " (/3 *expr,)

i=1

The area under the curve (AUC) of the ROC curve
was calculated to assess the prediction efficiency of
the two metastasis-related prognostic models by using
the pROC package for R software. The metastasis-
associated risk score model with the higher AUC was
kept for subsequent analysis. MB patients in the
discovery set were classified into high and low risk
score groups according to the optimal risk score cutoff
point yielded by utilizing the surv_cutpoint function
of the survminer package for R software. We also
performed ROC analyses to compare the specificity
and sensitivity of OS prediction based on the
metastasis-related  prognostic model and MB
subgroup. Given that the validation set size is small
(WNT subgroup, n=12; SHH subgroup, n=35; Group
3, n=17; Group 4, n=65), we only employed the
metastasis-related prognostic model to predict
survival of patients for each MB subgroup in the
discovery set. To test whether the metastasis-related
prognostic model was independent of other clinical
features (including age, sex, histology, metastatic
status, and molecular subgroup), multivariate Cox
regression analyses were performed. In the validation
set, we used the same risk score formula and cutoff
value and divided the MB patients into high- and low-
risk groups to test the robustness of the metastasis-
related risk score model. The survival difference
between the low- and high-risk groups in each set was
evaluated by the Kaplan-Meier (K-M) method and
compared with the log-rank test.

WGCNA and GO enrichment analysis for
discovering the pathways significantly correlated
with the 47-mRNA-based risk score model

The expression data of all genes and clinical data (risk
score, survival time, survival status, age, gender,
histology, metastatic status, and subgroup) in entire MB
cohort were included in the WGCNA and analyzed by
using the WGCNA package for R software [37]. The all
genes were classified into some co-expression modules
utilizing an appropriate soft-thresholding parameter 3
which was calculated by using the pickSoftThreshold
function. The Eigengenes for each co-expression
module were calculated and correlated modules were
merged according to the module dissection threshold.
By calculating the correlation between co-expression
modules and clinical features by the module-trait
relationship of WGCNA, we could screen the module
most associated with the clinical trait we were interested
in. In this study, the 47-mRNA-based risk score model
was selected as the interested clinical trait for
subsequent analysis. After the interesting module was
chosen, we defined the cor.geneTraitSignificance > 0.2
(the correlation between the gene expression profile and
the module eigengene) and the cor.geneModule
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Membership > 0.4 (the correlation between a certain
clinical phenotype and the gene) as the threshold for
screening hub genes in a module. GO enrichment
analysis was performed by using the clusterProfiler
package for R software.

Establishment and validation of a predictive
nomogram

A metastasis-related nomogram was constructed to
predict 1-, 3-, and 5-year OS for MB patients by
combining the metastasis-related risk score model with
clinical variables (age, sex, histology, metastatic status,
and subgroup) by using the regplot package for R
software. Subsequently, validation, comprising the
discrimination ability and predictive accuracy of the
nomogram, was performed. Time-dependent ROC
curve analyses, which were conducted with the R
package “survivalROC”, were performed to assess the
discrimination ability of the nomogram. The predictive
accuracy of the nomogram was determined using the
calibration plots, which were generated with the R
package “rms”. Additionally, decision curve analysis
was conducted to assess the clinical usefulness of
the nomogram by quantifying the net benefits for a
range of threshold probabilities using the “stdca.R”
package [38].

Statistical analysis

All statistical analyses were executed by R 3.5.2. Lasso
Cox regression analysis and RSF-VH were performed
with the R package “glmnet” and “randomForestSRC”,
respectively. For survival analyses including the K-M
method and Cox regression, a two-sided P value < 0.05
was considered statistically significant. The adjusted P
values for multiple testing were calculated by using the
Benjamini-Hochberg method.
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SUPPLEMENTARY MATERIALS
Supplementary Tables

Supplementary Table 1. The multivariate Cox regression coefficients of the genes in the 47-mRNA metastasis-related
prognostic model.

Gene name Coefficient
AK7 0.179608
ARHGEF40 -0.62077
ARL1 0.670076
ARSG 0.31238
BACH2 0.387613
C9orf153 0.759155
CAMKK1 -0.42176
CCDC125 -0.50066
COPS7B 0.417233
CPB2 0.490751
EIF2B3 0.244405
FABP4 0.084767
FAMS81A -0.09479
GAGE1l 0.085492
GPR126 0.176501
GSDMC -0.03405
GUCY2C 0.926616
GYG2 0.545351
HIST1H2AE 0.757313
ICOS 0.48971
IDI2 0.382761
IL22 -0.27895
KCNAB3 -0.17314
MAGEB5 0.560332
MDN1 -0.4732
MEIS2 0.233501
NTHL1 1.20003
NUP210L 0.776257
PAPPA2 -0.05873
POLE3 -0.64073
POLN 0.177848
POU1F1 0.06912
PSORS1C1 1.19728
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RN7SKP226
RN7SL187P
RN7SL432P
RN7SL581P
RNASSP53
RNASE9
RNU1-75P
SAA3P
SLC25A11
STXBPSL
TBCC
TBCK

ZIC1
ZPBP2

0.206219
-0.62164
0.854117
-1.14738
0.854826
-0.09789
-0.51289
0.462747
-0.39191
0.008379
0.709829
-0.46125
0.077023
1.18368
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Supplementary Table 2. The multivariate Cox regression coefficients of the genes in the 21-mRNA metastasis-related
prognostic model.

Gene name Coefficient
AK7 0.003188
ARHGEF40 -0.81575
FABP4 0.220511
FAMB81A 0.262222
GPR126 0.0707
ICT1 -0.0832
IDI2 0.887522
LRRC45 0.913915
LUZP4 0.160284
MEIS2 0.274243
OR2W1 0.888631
PPIL1 -0.62113
PSMG3 0.348928
RN7SKP226 0.395319
RNA5SP318 -0.16243
RNUA4-13P 0.072429
RNU5A-2P 0.495492
SCNB8A -0.06987
SLC8B1 0.088436
STXBP5L -0.20713
TBCC 0.456662
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Supplementary Table 3. The repeat occurrence frequencies of the genes in the 47-mRNA metastasis-related
prognostic model based on Lasso-penalized Cox regression.

Gene name Repeat occurrence frequency
NTHL1 616
SLC25A11 596
IDI2 586
ARHGEF40 509
MEIS2 440
ZPBP2 432
CCDC125 407
RN7SKP226 391
RNAS5SP53 387
KCNAB3 372
HIST1H2AE 370
RN7SL581P 366
GPR126 355
FABP4 337
FAMS81A 334
PSORS1C1 333
BACH2 303
GYG2 289
NUP210L 283
RN7SL187P 251
RNU1-75P 248
POLE3 247
ZIC1 235
AK7 211
SAA3P 208
ARSG 206
CAMKK1 205
EIF2B3 201
POLN 183
TBCC 179
MAGEB5 171
PAPPA2 165
CPB2 155
COPS7B 154
C9orf153 153
STXBP5L 152
GAGE1 142
MDN1 137
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POU1F1

ARL1
ICOS

RN7SL432P
RNASES
IL22

TBCK
GSDMC
GUCY2C

137

121
118

115
114
111
109
108
108
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Supplementary Table 4. The repeat occurrence frequencies of the genes in the 21-mRNA metastasis-related
prognostic model based on RSF-VH.

Gene name Repeat occurrence frequency
ICT1 229
ARHGEF40 201
FABP4 164
RNA5SP318 151
IDI2 146
FAMS81A 141
STXBP5L 133
LUZP4 127
SCN8A 120
TBCC 120
OR2W1 116
PSMG3 115
LRRC45 113
RNU5A-2P 109
AK7 108
RNU4-13P 107
SLC8B1 106
RN7SKP226 105
GPR126 104
PPIL1 104
MEIS2 102
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Supplementary Table 5. Comparison of distribution of clinical characteristics between the discovery and validation
set.

Parameter Discovery set (n= 303) Validation set (n=129) p-value
Age (mean (SD)) 8.78 (7.74) 10.30 (8.21) 0.066
Gender (n (%))
Female 100 (33.0) 54 (41.9)
Male 203 (67.0) 75 (58.1) 0.099
Histology (n (%))
Classic 201 (66.3) 91 (70.5)
Desmoplastic 54 (17.8) 15 (11.6) 0.052
LC/A 42 (13.9) 15 (11.6)
MBEN 6(2.0) 8(6.2)
Metastatic status (n (%))
Non-metastatic 214 (70.6) 89 (69.0) 0.822
Metastatic 89 (29.4) 40 (31.0)
Subgroup (n (%))
Group 3 64 (21.1) 17 (13.2)
Group 4 129 (42.6) 65 (50.4) 0.197
SHH 87 (28.7) 35 (27.1)
WNT 23(7.6) 12 (9.3)

Abbreviations: SD, standard deviation; LC/A, large cell/anaplastic; MBEN, medulloblastoma with extensive nodularity.
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