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Background: H3K27M is the most frequent mutation in brainstem gliomas (BSGs), and it has great signif-
icance in the differential diagnosis, prognostic prediction and treatment strategy selection of BSGs. There
has been a lack of reliable noninvasive methods capable of accurately predicting H3K27M mutations in
BSGs.
Methods: A total of 151 patients with newly diagnosed BSGs were included in this retrospective study.
The H3K27M mutation status was obtained by whole-exome, whole-genome or Sanger’s sequencing. A
total of 1697 features, including 6 clinical parameters and 1691 imaging features, were extracted from
pre- and post-contrast T1-weighted and T2-weighted images. Using a random forest algorithm, 36
selected MR image features were integrated with 3 selected clinical features to generate a model that
was predictive of H3K27M mutations. Additionally, a simplified prediction model comprising the
Karnofsky Performance Status (KPS) at diagnosis, symptom duration at diagnosis and edge sharpness
on T2 was established for practical clinical utility using the least squares estimation method.
Results: H3K27M mutation was an independent prognostic factor that conferred a worse prognosis (p =
0.01, hazard ratio = 3.0, 95% confidence interval [CI], 1.57–5.74). The machine learning-based model
achieved an accuracy of 84.44% (area under the curve [AUC] = 0.8298) in the test cohort. The simplified
model achieved an AUC of 0.7839 in the test cohort.
Conclusions: Using conventional MRI and clinical features, we established a machine learning-based
model with high accuracy and a simplified model with improved clinical utility to predict H3K27Mmuta-
tions in BSGs.

� 2018 Elsevier B.V. All rights reserved. Radiotherapy and Oncology 130 (2019) 172–179
Brainstem gliomas (BSGs) represent a group of highly heteroge-
neous tumors. Diffuse intrinsic pontine glioma (DIPG) is the most
common type of BSG, accounting for 80% and 45–50% of BSGs in
children and adults, respectively [1,2]. Over the past 5 years, the
unique genetic landscape and tumorigenesis of DIPG have been
elucidated [3,4]. The heterozygous somatic H3K27M mutation,
which affects nearly 80% of pediatric DIPGs and is present at the
original and metastatic sites throughout the entire course of the
disease, initiates tumorigenesis by reprogramming histone
H3K27 methylation and gene expression [5–7]. While the WHO
pathological grade cannot predict prognosis [8], the H3K27M
mutation portends a worse prognosis, with a mean overall survival
(OS) of 0.73 years for patients with H3K27M tumors versus
4.83 years for patients with wild-type (WT) tumors [9]. Recently,
inhibition of histone demethylation and deacetylation has been
demonstrated to prolong survival in patient-derived orthotopic
xenograft mouse models [10,11]. Taken together, these findings
indicate that the H3K27M mutation can serve as a qualified bio-
marker for diagnosis, prognosis and therapeutic selection in DIPG
patients.

Compared with DIPG, tumors arising from the midbrain or
medulla oblongata are more likely to be low-grade gliomas with
relatively favorable prognoses. With the advancement of intraop-
erative electrophysiological monitoring and multimodal neu-
roimaging techniques, surgical resection has become safely
feasible for these tumors and can prolong high-quality OS
[12–17]. The decision to pursue surgery is usually based on the
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neurosurgeon’s inference of the tumor grade from both the clinical
and MRI features, as surgical resection cannot prolong OS for
patients with high-grade tumors. However, there are no distinct
radiological differences between low-grade and high-grade glio-
mas because they usually share common features; for example,
both grade I pilocytic astrocytomas (PAs) and grade III–IV high-
grade gliomas can demonstrate contrast enhancement, intratu-
moral hemorrhage and leptomeningeal dissemination [18–20].
However, an accurate differential diagnosis is of paramount impor-
tance, considering the different prognoses and treatment strategies
of these tumors. Recent studies have shown that PA is predomi-
nantly driven through the activation of the MAPK pathway without
the other significant mutations that are involved in grade II–IV
gliomas [21]. Therefore, the presence of H3K27M mutations can
be used to rule out PA and avoid an inappropriate treatment
strategy.

Based on these observations, a preoperative noninvasive
method for reliably predicting the H3K27M mutation status in
BSGs would be extremely helpful. Radiomics is a new field of
research that examines the relationship between the medical
imaging data and molecular features of a disease [22]. The
machine-learning algorithm has shown advantages for complex
imaging and big ‘‘-omics” data [23]. However, radiomic studies in
BSGs are lacking, which is likely due to the paucity of patients with
available genetic information in a single institution. We collected
151 BSGs from cases with available H3K27Mmutation information
from November 2010 to March 2017, and using these data, we cre-
ated a machine learning-based model capable of accurately pre-
dicting H3K27M mutations. Moreover, we constructed a
simplified model to improve the practical utility of the model. To
the best of our knowledge, this is the first study in this field.
Materials and methods

Patient enrollment

This study was approved by the Institutional Review Board of
Beijing Tiantan Hospital, Capital Medical University. The clinical,
radiological and histopathological data were obtained from medi-
cal charts. The inclusion criteria were as follows: (1) primary
brainstem tumor with a definitive histological diagnosis of
glioma; (2) available information regarding the H3K27M mutation
status; and (3) available preoperative T1-weighted images (T1),
T2-weighted images (T2) and contrast-enhanced T1-weighted
images (T1c). Patients who had previously received radiotherapy,
stereotactic radiosurgery, anti-vascular therapy or surgery at a
local hospital were excluded. Of the 183 patients, 151, including
91 with H3K27M-mutant tumors and 60 with H3K27-WT tumors,
were ultimately enrolled. A flowchart is presented in Supplemen-
tary Fig. S1 to specify which patients were excluded for which
reasons.
Patient characteristics and survival analysis

The patient characteristics are provided in Supplementary
Table 1. Overall, 91 tumors were identified as harboring H3K27M
mutations, all of which targeted H3F3A with no HIST1H3/C
detected. Among these mutant tumors, 25 were grade II, 40 were
grade III, and 26 were grade IV, whereas no grade I tumors were
detected. Forty-two (46.2%) mutations were found in children
(0–14 years old), of whom 32 (35.2%) were between 5 and 10 years
old. The other 49 (53.8%) mutations were relatively evenly dis-
tributed across different age groups, ranging from 15 to 60 years
old. Fifty-three (58.2%) of the H3K27M-mutant tumors were
located at the ventral brainstem, accounting for 64.6% (53/82) of
all ventral tumors. The H3K27M-mutant ventral tumors were pre-
dominantly (38/53, 71.7%) found in children, whereas the
H3K27M-mutant dorsal tumors were predominantly (34/38,
89.5%) found in adults. The median OS of patients with H3K27M-
mutant tumors was 11.1 months, which was significantly shorter
than that of patients with H3K27-WT tumors (Kaplan–Meier’s sur-
vival analysis, p < 0.01) (Fig. 2). The multivariate Cox regression
analysis, which included children/adults, ventral/dorsal tumor
location, pathological grade and H3K27 mutation status, showed
that the H3K27M mutation was an independent prognostic factor
that conferred a worse prognosis (p = 0.01, hazard ratio = 3.0, 95%
confidence interval [CI], 1.57–5.74).
Histopathological diagnosis and H3K27M mutation detection

One experienced neuropathologist (G.L.L.) reviewed all diagnos-
tic materials from the archived histopathological slides for each
case. The H3K27M mutation status, including H3F3A and
HIST1H3B/C, was obtained from whole-exome sequencing in 33
cases (previously published data) and whole-genome sequencing
in 101 cases (unpublished data, performed on the Illumina X-Ten
platform at Genetron Health Co., Ltd. Beijing, China) [24]. An addi-
tional 17 samples were sequenced for H3F3A K27M and HIST1H3B/
C K27M by Sanger’s sequencing.
MRI data acquisition and preprocessing

The standard MR imaging protocol for BSGs at our institution
includes non-enhanced axial T1-weighted (TR, 2031 ms; TE,
19.536 ms; slice thickness, 5 mm), axial T2-weighted fast spin-
echo (TR, 4900 ms; TE, 117 ms; slice thickness, 5 mm) and Omnis-
can (GE Healthcare, Little Chalfont, Buckinghamshire, United King-
dom; 0.1 mmol/kg)-based T1c (TR, 2031 ms; TE, 19.536 ms; slice
thickness, 5 mm), with an FOV of 24 cm and a matrix size of
512*512. The MRI scanning device used was a GE Discovery
MR750 3.0T. 3D Slicer (version 4.1), a user-driven and open-
source software platform for medical image informatics and image
processing, which was used to segment the BSG region in each 2D
slice image [25]. The tumor contour was delineated manually by
the two neurosurgeons (P.C.C. and T.J.) in source T1, T1c and T2
images. The corresponding author (Z.L.W.) and senior neuroradiol-
ogist (G.P.Y.) reviewed the results. The entire tumor region (TR)
volume was labeled on T1, T2 and T1c, and the enhanced region
was labeled on T1c (Fig. 1). After that, as previously reported in
glioblastoma [26], the largest axial tumor slice was used to extract
the region of interest (ROI) (2D-ROI and 3D-ROI, as shown in the
brainstem tumor segmentation part of Fig. 1). The MRI features
were extracted from the segmented TR and ROI (ROI was defined
as a rectangular (for 2D slice images) or cuboid (for 3D volume
data) region containing the brainstem tumor). To obtain more
robust image features, we performed preprocessing of MRI
sequences. First, we used an improved nonparametric non-
uniform intensity normalization algorithm bias correction
(N4BiasFieldCorrection) [27] to correct for inhomogeneity on T1
and T1c sequences. N4BiasFieldCorrection was performed using
Slicer 3D. Then, we resampled all MR images to a uniform voxel
size (1 � 1�1 mm) using trilinear interpolation. The final process-
ing step involved scaling the intensity of the MRI volume data to
0–255.
MRI feature and clinical parameter extraction

Four categories of features, namely, texture, shape, edge sharp-
ness and pixel intensity, were extracted from the conventional MR
images of each tumor. For 2D image features, only the largest axial
tumor slice was used. The textural features included two cohorts of
global image features: gray-level co-occurrence matrix (GLCM),



Fig. 1. MRI feature extraction and machine-learning pipeline. With manually segmented tumor, we first extracted 1691 quantitative imaging features, including texture,
shape, edge sharpness and pixel intensity from masked pre-surgical T1, T1c and T2 MRIs. Then, feature selection was applied on the extracted features with Spearman’s
correlation and relief algorithm and 39 features were selected. Finally, selected 36 radiomics signature and 3 clinical characteristics were incorporated into a random forest
based prediction model for individually prediction.

Fig. 2. Kaplan–Meier’s survival curves of H3K27-WT versus H3K27M-mutant
brainstem gliomas.
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local binary patterns (LBPs), histogram of oriented gradients
(HOGs), and Haralick textural features. For each MRI sequence,
we extracted 144 3D-GLCM features, 80 3D-HOG features, 10 2D-
LBP features and 14 2D-Haralick features for ROI and TR. The 15
shape features included the compactness index, surface area, vol-
ume, 10 Fourier descriptors and the fractal dimension for TR in
each sequence. The 30 edge sharpness features included the med-
ian, mean and variance of the pixel intensity on, inner and outer of
the tumor edge (the details were shown in Fig. S2 of Supplemen-
tary Material) and the difference in the mean pixel intensity values
across the tumor edge in each sequence. We also extracted 20 pixel
intensity statistical features for each TR and ROI, including the
mean value, median value, variance value, Shannon’s entropy and
quartile value in each sequence. In addition, we obtained the vol-
ume and surface area of contrast-enhanced TR. Six different values
(intensity average and variance value between three sequences)
were calculated as MRI features. Therefore, 1691 MRI features
were extracted from three MRI sequences (detail definition in Sup-
plementary material).

Four traditional clinical parameters were used, including the
Karnofsky Performance Status (KPS) at diagnosis, symptom dura-
tion at diagnosis (SD), age, and tumor location. Additionally, we
established two previously undefined clinical parameters: the
apparent tumor growth rate (ATGR, which was defined as the ratio
of tumor volume to SD) and the speed of functional state deterio-
ration (SFSD, calculated as KPS/SD). Finally, 1697 features were
extracted for each patient, including a feature vector for 1691
quantitative image features and 6 clinical features.
Construction of machine learning-based prediction model

The proposed prediction model aimed to predict the H3K27M
mutation status using MRI features and clinical parameters based
on machine-learning methods (shown in Fig. 1). To achieve this
goal, three parts of this study were executed using a pattern-
recognition procedure.

Part 1, division of samples: In this study, all 151 patients were
randomly assigned to either the training cohort (n = 106) or the
test cohort (n = 45). The training cohort included 63 H3K27M-
mutant tumors and 43 H3K27-WT tumors. Because the sample
class of training cohort is not balanced, 43 H3K27-WT tumors’ data
were added to 61 data s by directly copying the sample data.
Therefore the new training cohort included 63 H3K27M-mutant
tumors and 61 H3K27-WT tumors. The test cohort included 28
H3K27M-mutant tumors and 17 H3K27-WT tumors.

Part 2, feature selection: To remove irrelevant or less discrimi-
native features, which could skew the classifier’s performance, fea-
tures with a Spearman rank correlation coefficient (p-value > 0.05)
were removed from the training cohort. The remaining 39 features
with importance weights >0.013 were used as the result of feature
selection by relief algorithm [28] on the training cohort. We then
performed a linear discriminant analysis (LDA) to map the features
to a dimensionality feature space that could be more easily
classified.

Part 3, classification: We used a random forest algorithm to cre-
ate the prediction model using selected features. All cases in the
training cohort were used to train the classifier, while cases in
the validation cohort were used to independently evaluate the
performance of the final model. A key problem with constructing
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random forests is selection of the best parameters. The solution is
based on the calculation of the out-of-bag classification error. In
implementing the random forest algorithm, we specified 2 param-
eters: (i) the number of decision trees in the ensemble and (ii) the
minimum number of observations per tree leaf. Two other param-
eters—the number of trees and the minimum number of leaf nodes
in the random forest—were determined through hyperparameter
tuning, and we selected the best model based on the minimum
out-of-bag classification error in the training cohort. The out-of-
bag classification error is an unbiased estimate of the generaliza-
tion error of a random forest, and its results are similar to those
of K-fold cross-validation, which requires a large number of calcu-
lations. Moreover, the estimated error rate is as accurate as the
error rate obtained by a test set that is in accordance with the size
of the training set [29]. The number of trees was set to 50, and the
minimum number of leaf nodes was 2. The performance of the final
model was validated in the test cohort by calculating the predic-
tion accuracy and performing an area under the receiver operating
characteristic curve (AUC) analysis.

The prediction method was developed in the MATLAB 2017a
programming language with the MATLAB Statistics and Machine-
Learning Toolbox.
Simplified model

Despite the high accuracy of a machine learning-based predic-
tion model of IDH1 status [30], many of the adopted features are
difficult to interpret and use in clinical practice. Therefore, we
attempted to create a simplified version of the machine learning-
based model to improve its clinical utility. Considering the demand
for utility, we chose two clinical parameters after a comprehensive
consideration of clinical practicality and one MRI feature to con-
struct a simplified. To create the simplified model, we generated
a logistic model of the probability of H3K27M mutation as a func-
tion of four selected features in the training cohort. The mutation
probability of a sample was designated P, and the two clinical
parameters and one MRI feature was represented by X1, X2 and X3.
Fig. 3. (A) Random forest classifier scores for H3K27M-wildtype and H3K27M-
mutant brainstem gliomas in the validation cohort; (B) Receiver operating
characteristic (ROC) curve for prediction in the validation cohort.
Results

Image feature robustness analysis

We assessed the feature stability for delineation inaccuracies
using the multiple delineation data generated by two neurosur-
geons (P.C.C. and T.J.). All radiomic features were computed for
two delineations per patient, and a stability value was calculated
for each feature using Student’s t-test. The t-test can be used to
determine whether two sets of data are significantly different from
each other. We tested the null hypothesis that the pairwise differ-
ence between data vectors x and y has a mean equal to zero. A
returned p-value < 0.05 indicated that t-test rejected the null
hypothesis at the default 5% significance level. Therefore, a
p-value < 0.05 indicated that the feature was not robust for
delineation inaccuracies. Of the 1697 analyzed features, 499 had
Table 1
Top-performing non-redundant features in univariate prediction of H3K27Mmutation base
and test cohorts.

Feature Type Image Feature

Edge sharpness T2-3D Difference in average intensity bet
Edge sharpness T2-3D Difference in average intensity bet
Texture GLCM T2-3D-ROI MaxProbability
Texture GLCM T2-3D-ROI Energy
Texture GLCM T2-3D-ROI Correlation

T2, T2-weighted images; ROI, region of interest.
a p-value < 0.05, indicating that they were the least stable features.
These 499 radiomic features included 68 of 480 HOG features, 303
of 864 GLCM features, 3 of 45 shape features, 82 of 90 edge features
and 43 of 60 intensity features. In addition, our selected 39 features
used to generate the prediction model were all robust, with
p-values < 0.05. The results indicated that all the 2D-LBP features
and 2D-Haralick features were robust for multiple delineation
data.
Feature selection results and univariate analysis

Finally, 39 features were selected, including 3 clinical parame-
ters, 28 textural features, 3 shape features, 4 edge sharpness fea-
tures and 1 pixel intensity features. The three clinical parameters
selected were KPS, ATGR and SFSD. The selected MRI textural
features included 14 3D-HOG features, 4 2D-LBP features,
d on area under the receiver operating characteristic curve (AUC) values in the training

Training AUC Test AUC

ween outer edge and inner edge 0.7218 0.6744
ween edge and inside edge 0.7039 0.7311

0.6780 0.5861
0.6664 0.6176
0.6651 0.6449
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3 2D-Haralick features, and 7 3D-GLCM features. To assess the
association between the selected features and H3K27M mutation
status, the AUC was calculated by generating a logistic model of
the probability of H3K27M mutation as a function of univariate
features in the training cohort and the test cohort. The perfor-
mance of the top 5 features is presented in Table 1. From the
results in Table 1, the edge sharpness on T2 feature achieved the
highest performance for predicting H3K27M mutation, and MRI
textural features on T2 were more important than those on T1
and T1c.
Model prediction performance

The out-of-bag classification error of the prediction model in
the training cohort was 0.1935. A prediction accuracy of 84.44%
(AUC = 0.8298) was achieved in the test cohort (Fig. 3A). In a ran-
dom forest classifier, a matrix of classification scores (score) indi-
cates the likelihood that a label comes from a particular class. In
our prediction classifier model, a sample with a mutation label in
the test cohort had a mean probability (score) of 0.68 (95% CI:
0.64–0.72) for being predicted to be mutant and 0.32 (95% CI:
0.28–0.36) for being predicted to be WT (Fig. 3B).

To assess the impact of MRI features alone, we generated a
model excluding selected 3 clinical parameters (KPS, ATGR and
SFSD). This MRI feature-only model achieved a prediction accuracy
of 80.00% (AUC = 0.7899) in the test cohort and an out-of-bag clas-
sification error of 0.2177 in the training cohort. To assess the
impact of clinical parameters alone, we generated a model includ-
ing three clinical parameters and excluding 36 MRI features. This
clinical parameters-only model achieved a prediction accuracy of
66.67% (AUC = 0.6071) in the test cohort and an out-of-bag classi-
fication error of 0.3065 in the training cohort. Therefore, our model
combining clinical parameters with image features could predict
Fig. 4. Illustrative cases of the simplified prediction model. The upper and low panel dem
(edge sharpness on T2); these images shows the variety of the intensity difference betw
H3K27Mmutation status better than models relying solely on clin-
ical parameters or MRI features.

When selecting features for the simplified model, we first chose
two clinical parameters (X1: KPS and X2: SD) that are easy for a
physician to obtain and with a Spearman rank correlation coeffi-
cient p < 0.05. Then, one MRI feature was selected from the top 5
non-redundant features in the univariate prediction of H3K27M
mutation (see Table 1). The one selected features were X3: edge
sharpness on T2 (top 1). Example values of these features in differ-
ent patients are presented in Fig. 4. Edge sharpness mainly reflects
the invasiveness of the tumor cells. The selected MRI feature was
assigned a score of �1, 0, 1 according to the distribution of their
values in the training, which can be used to neuroradiologist. In
addition, this one MRI features were chosen because they are easily
understood by physicians and as a subjective qualitative judgment
based on the clinical experience of the senior author. Therefore,
two clinical parameters and one MRI features were used to create
the simplified prediction model of H3K27M mutation.

To create the simplified model, we generated a logistic model of
the probability of H3K27M mutation as a function of the four
selected features in the training cohort. The performance of the
simplified model was assessed by determining its AUC in the train-
ing cohort (0.7608) and its prediction accuracy in the test cohort
(AUC = 0.7836).

Through fitting the regression equation, each feature’s weight
was determined and used to calculate the mutation probability
(P) as follows:

Logit Pð Þ ¼ 3:17� 0:04 � X1 � 0:04 � X2 þ 0:75 � X3 ð1Þ
In addition, we calculated the mutation probability and created

a nomogram, as shown in Fig. 5. The above results demonstrated
that the simplified prediction model can serve as a qualified and
convenient tool for daily use in the clinic.
onstrates illustrative T2-weighted images from 3 BSGs with difference value of X3
een the inner of the tumor and the outer of the tumor.



Fig. 5. Nomogram for the estimation of H3K27M mutation risk in brainstem glioma patient using simplified model.
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Discussion

The emergence of radiomics has made routinely obtained MR
images a promising noninvasive surrogate for important genetic
features [31–33]. H3K27M is the most frequent mutation in BSGs
and a perfect marker for differential diagnosis, prognosis predic-
tion and treatment strategy selection [7,10,11,34]. In the present
study, using conventional MRI and clinical features, we created a
machine learning-based prediction model for H3K27M mutations,
which achieved a prediction accuracy of 84.44% in the test cohort.
Moreover, to improve its practical utility, we constructed a simpli-
fied model comprising 4 radiological and clinical features and
achieved an accuracy of 75.55% in the test cohort. To the best of
our knowledge, this represents the first radiomic study of BSGs.

In previous retrospective studies involving only tumors of a
specific WHO grade or pathological type, qualitative analyses
exhibited good performance. Sonoda et al. reported that the IDH
mutation was strongly associated with the frontal location of grade
III anaplastic gliomas [35]. Using the tumor volume and non-
contrast-enhanced tumors, Carrillo, JA et al. achieved 97.5% accu-
racy in predicting IDH1 mutations in glioblastoma multiforme
[36]. In an expanded cohort that included WHO grade III–IV
tumors, a random forest algorithm-based prediction model of
IDH1 achieved an accuracy of 89%, which demonstrated the capac-
ity of machine learning-based quantitative analysis in addressing
complex medical data [30]. However, these preset conditions limit
the practical application of these studies’ findings because tumor
grade and pathological type cannot be obtained preoperatively.
The current study included both children and adults with BSGs
across all WHO grades, making our model more clinically
applicable.

We did not use advanced MR images, such as DTI, MRS or PWI
[30,37,38], because they are more susceptible to the effects of vari-
ations in scan parameters, head motion, and homogeneity of the
magnetic field. However, unlike previous studies, we extracted 4
categories (i.e., texture, shape, edge and pixel intensity) of features
to take full advantage of routinely obtained conventional MR
images, making our model accurate and easy to implement. Nota-
bly, each of the 4 categories yielded features with strong contribu-
tions to the model, especially our newly defined edge sharpness on
T2 (represented by the intensity difference across the edge).

The edge sharpness mainly reflects the invasiveness of the
tumor cells. Autopsy studies have demonstrated that 50–56% of
DIPGs had invasion of adjacent structures (cerebellum, spinal cord
and thalamus), 25–38.6% had leptomeningeal dissemination and
62.5% had subventricular spread [8,39–41]. Despite a lack of
H3K27M information, these observations confirmed the high
migration ability of DIPG tumor cells. Since the discovery of the
H3K27M mutation, 7 H3K27M-mutant DIPGs have been reported
to exhibit distant spread to the hippocampus, frontal lobe or occip-
ital lobe, even in the absence of clinical and histopathological evi-
dence of a disseminated tumor in 2 cases [7,8,42]. Furthermore, the
expression of H3.3K27M can increase the migration and invasion
of neural progenitor cells in vitro [6]. Given the high frequency of
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H3K27M mutations in DIPG, these findings may explain why
H3K27M-mutant tumors are more likely to have a less sharp edge.

In the simplified model, SD and KPS are the two important con-
tributors because they are faithful indicators of tumor biology [43].
H3K27M-mutant tumors follow a more rapid and progressive
course with destructive neurological deficits, whereas H3K27-WT
tumors follow an indolent course with minor neurological dysfunc-
tions that are mainly due to tumor compression.

We also acknowledge several limitations of this work. First,
these models were created based on data from a single institution;
therefore, their generalizability needs to be further validated using
independent data. Second, 2D-ROIs were manually annotated in a
single section that contained the largest cross-section of the tumor,
and manually annotating ROIs is labor intensive. In addition, man-
ual segmentation of the tumor may introduce inter-performer
variations; a future study will focus on optimizing manual segmen-
tation using a convolution neural network method, which can
reduce subjective factors and extract high-level image features.
Additionally, to achieve high prediction accuracy, doctors need to
be trained to use the simplified model.

In summary, we created 2 prediction models for H3K27Mmuta-
tion in BSGs. One is a machine learning-based model with a high
prediction accuracy of 84.44%. The other is a simplified model with
improved practical utility and a modest prediction accuracy of
75.55%. These models use conventional MR images and clinical fea-
tures and are based on BSGs from patients of all ages and all WHO
grades, which make them more applicable and easy to implement
than traditional models. These models may serve as qualified and
convenient tools for differential diagnosis, prognostic prediction
and treatment strategies for BSG patients.
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