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Abstract

Background. Conventional MRI cannot be used to identify H3 K27M mutation status. This study aimed to investi-
gate the feasibility of predicting H3 K27M mutation status by applying an automated machine learning (autoML)
approach to the MR radiomics features of patients with midline gliomas.

Methods. This single-institution retrospective study included 100 patients with midline gliomas, including 40 pa-
tients with H3 K27M mutations and 60 wild-type patients. Radiomics features were extracted from fluid-attenuated
inversion recovery images. Prior to autoML analysis, the dataset was randomly stratified into separate 75% training
and 25% testing cohorts. The Tree-based Pipeline Optimization Tool (TPOT) was applied to optimize the machine
learning pipeline and select important radiomics features. We compared the performance of 10 independentTPOT-
generated models based on training and testing cohorts using the area under the curve (AUC) and average preci-
sion to obtain the final model. An independent cohort of 22 patients was used to validate the best model.

Results. Ten prediction models were generated by TPOT, and the accuracy obtained with the best pipeline ranged
from 0.788 to 0.867 for the training cohort and from 0.60 to 0.84 for the testing cohort. After comparison, the AUC
value and average precision of the final model were 0.903 and 0.911 in the testing cohort, respectively. In the vali-
dation set, the AUC was 0.85, and the average precision was 0.855 for the best model.

Conclusions. The autoML classifier using radiomics features of conventional MR images provides high discrimina-
tory accuracy in predicting the H3 K27M mutation status of midline glioma.

Key Points

The 2016 World Health Organization classification of tu- evaluate prognoses.' Thereafter, molecular parameters and
mors of the central nervous system began to integrate  histology were used to define tumor entities. Diffuse mid-
molecular and genetic profiling to assist in diagnoses and  line glioma, H3 K27M mutant, is a newly defined group of
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Importance of the Study

Molecular parameters such as H3 K27M mutation
status are used in addition to histology to help diag-
nose tumors. H3 K27M mutation is mainly described
in midline structures such as the thalamus, brainstem,
and spinal cord. According to previous studies, H3
K27M mutation is an independent predictor of overall
survival regardless of age, tumor location, or histo-
pathological grading. However, midline gliomas with
H3 K27M mutation display variable radiographic fea-
tures. The H3 K27M status is difficult to determine
via conventional subjective analysis of MR images.

tumors characterized by a K27M mutation in either H3F3A
or HIST1H3B/C.2 In early studies, H3 K27M mutation was
detected mainly in diffuse intrinsic pontine gliomas arising
in the brainstem of children,® and it was subsequently de-
tected in adult gliomas of midline structures, such as the
thalamus, brainstem, and spinal cord.*> Among the midline
gliomas, H3 K27M mutation is an independent predictor of
overall survival (OS), regardless of age, tumor location, or
histopathological grading.5® Pediatric patients with high-
and low-grade thalamic gliomas carrying H3 K27M mutation
have a shorter median survival time than patients carrying
wild-type H3 K27M.8 Furthermore, an immunological study
postulated that H3 K27M potentially represents a novel
target for immunotherapeutic approaches due to its signif-
icant immunological effect on gliomas.®

Midline gliomas with H3 K27M mutation display
substantial histological variations and radiographic
features.'®™ An analysis of fluid-attenuated inversion re-
covery (FLAIR) andT1-weighted contrast-enhanced images
of midline gliomas with H3 K27M mutation in pediatric pa-
tients revealed enhanced invasive masses with central ne-
crosis, as well as expansive masses without enhancement
or necrosis.' Similarly, in a study of adult patients with
brainstem gliomas, almost all H3 K27M-mutant cases dis-
played contrast enhancement, but a significant correlation
between enhancement and H3 K27M mutation status was
not identified.' Thus, a conventional subjective analysis
of MR images by radiologists does not appear to provide
adequate diagnostic power to identify H3 K27M mutation
status.

With the rapid development of medical image anal-
ysis in the past decade, radiomics has become a popular
research topic. Using high-throughput computing, innu-
merable quantitative features have been extracted from
radiographic images such as computed tomography (CT)
and magnetic resonance imaging (MRI) scans. Radiomics
extracts more information from medical images and is
able to capture tumor heterogeneity in a non-invasive
manner.”* The radiomics model has the potential power to
improve predictive accuracy' and has been used to pre-
dict molecular markers in gliomas (ie, isocitrate dehydro-
genase [IDH] or TP53 mutations) with high accuracy.'>'8
However, the prediction of H3 K27M mutation status using
a radiomics analysis has not yet been reported.

Radiomics extraction of quantitative features from ra-
diographic images, such as computed tomography (CT)
and magnetic resonance imaging (MRI), has become a
non-invasive method to predict the molecular status of
tumors. Automated machine learning does not require
human intervention and performs better than tradi-
tional supervised machine learning approaches, rep-
resenting a promising tool for the identification of H3
K27M mutation. With this prediction model, we built an
optimal model that can be used for preoperative rou-
tines in the future.

During the process of discovering the optimal pattern
for data, the selection of the approach and setting of ap-
propriate parameters are variable processes that are
researcher dependent. Recent studies have developed sev-
eral automated machine learning (autoML) methods to ad-
dress this challenge.'®TheTree-based Pipeline Optimization
Tool (TPOT) was one of these methods that was designed
to automatically optimize the machine learning pipeline
using a genetic algorithm without the need for human in-
tervention.?® The performance of autoML matched or ex-
ceeded traditional supervised approaches; thus, it may
represent an exciting tool for clinical metabolic profiling.?!
In another study of genomics applications, a Python-based
TPOT library achieved competitive classification accuracy
and showed robustness in classifying the data.?? Thus,
TPOT is a valuable tool with which to obtain the optimal
performance of a prediction during the construction of the
radiomics model.

In the present study, we aimed to develop a radiomics
model with TPOT to predict the H3 K27M mutation
status of midline gliomas based on the hypothesis that
radiomics plus autoML would be very helpful in this do-
main. Radiomics features were extracted from FLAIR
images to generate binary predictions of H3 K27M muta-
tion versus H3 K27M wild-type status. We chose T2-FLAIR
images instead of the widely used contrast-enhanced
T1-weighted images because midline gliomas displayed
variable enhancement (from non-enhancement to intense
enhancement and from homogeneous enhancement to
heterogeneous enhancement), thereby increasing the dif-
ficulty of delineating regions of interests (ROls).

Materials and Methods

Patient Enrollment

This retrospective study was approved by the local in-
stitutional review board, and the requirement to obtain
informed consent was waived. Patients were recruited
form West China Hospital of Sichuan University between
December 2016 and September 2018. All patients had
newly diagnosed midline glioma and underwent resec-
tion or biopsy of the brain tumor. Immunohistochemical
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staining was performed to detect the histone H3 K27M-mu-
tant protein. If these analyses were inconclusive, H3 K27M
mutation status was determined through pyrosequencing
of position K27 of H3F3A and HIST1H3B. Initially, 132 pa-
tients with midline glioma were enrolled, including 54 pa-
tients with H3 K27M mutation and 78 wild-type patients.
Finally, 40 patients with H3 K27M-mutant gliomas (mean
age, 23.60 y; range, 4-60 y; male/female = 14/26) and 60
patients with wild-type midline gliomas (mean age, 31.57
y; range, 2-76 y; male/female = 28/32) were included in
this study; 28 patients were excluded because of inad-
equate MR images (13 patients had only CT images and
15 patients did not have T2-FLAIR images) or poor image
quality (n=4).The survival data were collected by the neu-
rosurgery staff, and the follow-up of glioma patients after
surgery or biopsy is part of their regular clinical practice.
Additionally, we recruited 22 patients who met the inclu-
sion and exclusion criteria as an independent and new
cohort to validate the model, including 10 patients with
H3 K27M-mutant gliomas (mean age, 33.9 y; range, 4-52
y; male/female = 3/7) and 12 patients with wild-type mid-
line gliomas (mean age, 46.6 y; range, 7-63 y; male/fe-
male = 4/8) from West China Hospital of Sichuan University
between September 2018 and August 2019. None of the
patients enrolled in the study had received any treatment
prior to the MR examination.

MR Imaging Acquisition

MR examinations of the brain were performed using
3.0-T clinical scanners (Siemens Healthcare, n = 75 pa-
tients; Philips Achieva, n = 22; GE MR 750W, n = 7) or
1.5-T clinical scanners (Toshiba Medical Systems, n = 15;
Alltech Medical Systems, n = 3). The imaging protocols in-
cluded non-enhanced fast T1-weighted spin-echo (T1W),
fast T2-weighted spin-echo with fat suppression, and
T2-weighted axial FLAIR sequences. The contrast mate-
rial enhanced T1-weighted fast filled echo sequences (on
Philips) or 3DT1W-weighted magnetization-prepared rapid
acquisition gradient echo sequences (on Siemens) were
performed after the administration of the gadolinium-
based contrast agent (0.1 mmol/kg body weight). We fo-
cused on whole tumors in FLAIR images because not all
tumors display enhancement or edema. The main param-
eters of the FLAIR sequence were as follows: repetition
time/echo time (TR/TE) = 6000/81 ms, flip angle = 150°,
slice thickness =5 mm on the Siemens instrument and TR/
TE = 8000/120 ms, flip angle = 90°, slice thickness = 6 mm
on the Philips instrument.

Tumor Segmentation and Feature Extraction

The ROIs of whole tumors were manually segmented on
FLAIR images by 2 authors (X.R., with 3 years of clinical
experience in neuroradiology, and S.M., with 5 years of
clinical experience in neuroradiology). The authors were
blinded to all clinical data and histopathological informa-
tion. The outline of the whole tumor was drawn on FLAIR
images from which the skull was stripped using the FSL
library,?® according to the multimodal brain tumor image

segmentation benchmark,?* and segmentation was per-
formed with a widely used software package called ITK-
SNAP (http://www.itksnap.org) (see Supplementary Figure
1).25 The final ROl was derived from the overlapping seg-
mentation generated by 2 authors.?¢ If the overlap rate was
less than 80%, the ROl was defined by author Q.Y., who has
20 years of diagnostic experience in neuroradiology in an
academic full-service hospital. ROIs with a volume equal
to or greater than 125 mm? were applied in this study to
understand the radiomics features,?® and ROls less than
125 mm? were excluded.

Radiomics features were defined and extracted with the
open-source platform called PyRadiomics, which enables
radiomics data to be extracted from MR images and pro-
cessed.”’ Loading images were preprocessed and pro-
cessed using the proposed default setting. Extracted from
this platform were 18 first-order features, 13 shape fea-
tures, 22 gray-level co-occurrence matrix (GLCM) features,
16 gray level run length matrix (GLRLM) features, and 16
gray level size zone matrix (GLSZM) features.

TPOT Overview and Analysis

Radiomics features extracted from FLAIR images were
used to generate autoML models. The creation of autoML
pipelines and performance of various steps, including
feature selection, model selection, and parameter opti-
mization, were achieved using TPOT (https:/github.com/
rhiever/tpot).?2 Genetic programming implemented in the
Python package DEAP was used in the TPOT to automati-
cally generate the tree-based pipelines and maximize the
final classification accuracy of the pipeline.?® The classifi-
cation accuracy was evaluated using a fitness function that
selects stronger features over weaker features. Prior to the
TPOT analysis, data were randomly stratified into a sepa-
rate 75% training cohort (75 patients) and 25% testing co-
hort (25 patients). For every iteration (a generation) during
the optimization process, the pipeline with the worst per-
formance among all pipelines evaluated was removed and
the TPOT proceeded to the next iteration. In this study, we
used the following settings: number of generations 100,
population size 100, and 10-fold cross-validation on the
training set. The importance of each feature was measured
and ranked. Finally, TPOT recommended and printed the
best-performing pipelines.

Model Comparison and Validation

We replicated the TPOT pipelines 10 times and generated
10 separate models to obtain the preferred model. Model
performance was evaluated by determining the accuracy
and generating receiver operating characteristic (ROC)
curves. Then, we compared the 10 TPOT models based on
the training and testing cohorts using the TPOT process and
printed the 10 most important features of the best model.
Feature importance was measured and ranked according
to importance scores. Metrics such as sensitivity, speci-
ficity, accuracy, area under the curve (AUC), and average
precision provided estimates of the performance of the
TPOT-generated model for various features. We compared
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the accuracy metrics of the TPOT-generated models to de-
termine the best model. The comparison helped to reveal
the best-performing model and the most discriminative
features in the dataset. Features clearly prioritized H3 K27M
mutation and wild-type status as top radiomics features.
An overview of the autoML workflow is shown in Fig. 1.
The independent set was used to validate the best model
selected after a comparison of the models.

Statistical Analysis

A statistical analysis of basic clinical information was per-
formed using the open source R package v3.6. A two-sided
chi-square test was performed to determine significant dif-
ferences in sex between 2 groups. Differences in age dis-
tribution were evaluated using the Mann-Whitney U-test
or Student’s t-test. The survival analysis was conducted
using the univariate Kaplan—-Meier method. P < 0.05 was
considered statistically significant.

Results
Patient Characteristics

One hundred patients with midline gliomas were re-
cruited in the training and testing cohorts, including 40
patients with H3 K27M mutation and 60 wild-type pa-
tients. The characteristics of the cohort participating in this
study are shown in Table 1. Significant differences in sex
were not observed between the H3 K27M-mutant group
and the wild-type group. However, the mean age of the
mutant group was less than that of the wild-type group.
Additionally, adult patients in the mutant group were sig-
nificantly younger than patients in the wild-type group
(32.71+£12.24 y vs 41.88+15.78 y, P = 0.02). Adult patients
also accounted for a larger proportion than pediatric pa-
tients in both groups (mutant group, 60% vs 40%; wild-type
group, 68.33% vs 31.67%). In the validation cohort, patients
in the mutant group were also younger than those in the

wild-type group (10 patients vs 12 patients, 33.9+16.7 y vs
44.6+16.6 y, P = 0.04). There was no significant difference
in sex between the 2 groups (P=0.62).

Feature Selection and TPOT Models

The average cross-validation score (100 times in each
model) for the training set of each model was calculated,
and the pipeline with the best test accuracy for the test
cohort was printed. In total, 10 independent TPOT classi-
fication models were developed to guide diagnostic fea-
ture selection in predicting the H3 K27M mutation status.
Overall, 10 models performed well for both the training
and testing sets and displayed high accuracy (AC). For
each model, the following performance was observed for
the training and testing set: model 1 (AC = 0.81488, 0.760),
model 2 (AC = 0.82643, 0.760), model 3 (AC = 0.78905,
0.800), model 4 (AC = 0.78905, 0.840), model 5
(AC =0.80238, 0.760), model 6 (AC = 0.78821, 0.760), model
7 (AC = 0.80155, 0.840), model 8 (AC = 0.78905, 0.800),
model 9 (AC = 0.810667, 0.750), model 10 (AC = 0.86643,
0.600), and the average of the 10 TPOT-generated models
(AC = 0.810667, 0.756). Fixed training and testing sets were
applied to the TPOT process to reduce the randomization of
patients and controls.

Model Comparison and Final Model

According to the model comparison, model 7 exhibited
the best performance, with the highest average precision
(0.911) and AUC (0.903) among the 10 models (Table 2 and
Figs. 2 and 3; the results for the training set are presented
in Supplementary Table 1). The following parameters were
used in model 7: model [7] = Gradient Boosting Classifier
(learning_rate = 0.1, max_depth = 2, max_features = 0.05,
min_samples_leaf = 7, min_samples_split = 14, n_estim-
ators = 100, and subsample = 0.55). The parameters of the
other 9 models are described in detail in Supplementary
Table 2. The most important features are shown in
Supplementary Fig. 2, including the original GLSZM gray

Patients diagnosed Manual tumor Radiomics feature Automated Validation of the
with midline segmentation extraction machine best model
gliomas (n = 132) learning
e Excluded « Based on * Preprocessing ¢ 10 models * Using data
n = 28, inadequate FLAIR were generated from an
MR images; images  PyRadiomics: using data from independent
n = 4, poor quality first order feature; training and cohort
of MR: . shape feature; testing cohorts e 12 patients
’ e Software: ’ .
e Included ITK-SNAP texture feature e Model without H3
n = 60. H3 K27M comparison: K27M mutation
. ’ . . the best model and 10 patients
wild-type patients; .
n = 40. H3 K27M was selected with H3 K27M
mutant patients mutation

Fig.1 The workflow of the automated machine learning pipeline.
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Table1. The demographics of patients with midline gliomas

H3 K27M Mutant Group H3 K27M Wild-type Group P-value

Demo- Total Pediatric/Adolescent Adult (age 218 Total Pediatric/Adolescent  Adult (age eyt mut_ant
graphics (n=40) (age <18y, n=16) y, n=24) (n=60) (age <18y, n=19) >18y, n=41) vs total wild-type)
Age, y 0.006*
Mean 23.6 9.94 32.71 31.57 9.32 41.88%
Range 4-60 2-17 18-60 2-76 2-17 18-76
Sex 0.07

Male 26 8 18 28 7 21

Female 14 8 6 32 12 20

*P<0.01;7P<0.05 (P=0.02), comparison of age between 2 groups of adult patients.

Table2. Comparison results of 10 TPOT models

Sensitivity Specificity Accuracy Kappa Score Hamming Loss Average Precision
1 0.545455 0.785714 0.68 0.337748 0.32 0.792208 0.772134
2 0.545455 0.928571 0.76 0.493243 0.24 0.837662 0.850578
3 0.727273 0.857143 0.8 0.590164 0.2 0.896104 0.869712
4 0.727273 0.857143 0.8 0.590164 0.2 0.896104 0.899113
) 0.727273 0.857143 0.8 0.590164 0.2 0.850649 0.82549
6 0.636364 0.857143 0.76 0.503311 0.24 0.831169 0.83455
7 0.636364 0.928571 0.8 0.58194 0.2 0.902597 0.911364
8 0.636364 0.857143 0.76 0.503311 0.24 0.844156 0.824954
9 0.727273 0.571429 0.64 0.290221 0.36 0.753247 0.768781
10 0.545455 0.857143 0.72 0.414716 0.28 0.733766 0.764365

#Model 7 was selected as the final TPOT model in this study.

level variance, original first-order 10-percentiles, original
shape maximum 2D diameter slice, original shape surface
volume ratio, original shape volume, original first-order
skewness, original first-order minimum, original GLCM
inverse difference moment normalized (Idmn), original
GLSZM zone variance, and original GLDM dependence
non-uniformity normalized.

In the validation cohort, the values of validation of the
best model (model 7) were as follows: sensitivity = 0.8,
specificity = 0.917, accuracy = 0.864, kappa score = 0.722,
Hamming loss = 0.136, AUC = 0.85 (Fig. 4) and average pre-
cision = 0.855 (see Supplementary Fig. 3).

Survival Analysis

The survival status, either dead or alive, was available
for 55 patients. Unfortunately, 33 patients were lost to
follow-up after surgery, and we lost contact with 12 pa-
tients after one or two follow-up sessions. Therefore,
67 patients were included in the survival analysis. For
these patients, the median OS of the wild-type group
was 33 months, compared with 14 months for the mutant

group (P = 0.093). In the subgroup analysis, the median
OS of patients in the mutant group who were younger
than 18 years old was only 4 months (P = 0.005, median
OS of the wild-type group was NA; see Supplementary
Fig. 4). However, the survival analysis did not reveal a
significant difference in adult patients (P = 0.36, the me-
dian OS was NA in the mutant group and 33 mo in the
wild-type group).

Discussion

In this study, 40 patients who had a glioma carrying H3
K27M mutation and 60 wild-type patients were recruited.
The autoML process based on radiomics was a potential
tool for predicting the H3 K27M mutation status of midline
gliomas. In the final model, we obtained an AUC of 0.903
and an average precision of 0.911. According to the impor-
tance scores of radiomics features, 10 features associated
with shape, first-order, and texture features were selected
as the most important radiomics features for the predic-
tion of H3 K27M mutation status. Good performance was
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Fig.2 Receiver operating characteristic curves for 10 models based on the testing set.
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Fig.3 Average precision of 10 models for the testing set.

observed for the best model in the validation set, with an  promise for discriminating H3 K27M mutation status in our
AUC of 0.85 and an average precision of 0.855. study. In a previous study, the TPOT pipeline was compared

The TPOT method was an exciting tool to optimize tra-  with a basic random tree (random forest, widely used in
ditional machine learning methods and showed great machine learning studies) with equal numbers of decision
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Fig.4 Receiver operating characteristic curves for the best model based on the validation set.

trees as the TPOT to validate the classification performance
of TPOT. The TPOT not only automatically optimized the
model parameters but also discovered useful features to
improve the classification accuracy.?’ When trained on the
midline gliomas with H3 K27M mutation information, our
10 models achieved a prediction accuracy of 0.788-0.867
in the training cohort and an accuracy of 0.60-0.84 in the
testing cohort. In the final model selected after model
comparison, the AUC of our classifier achieved a value of
0.903. The performance of this autoML classifier was sim-
ilar to that of a previous machine learning study using a
random forest model (highest AUC = 0.82)26 or least abso-
lute shrinkage and selection operator (AUC = 0.763).2° Our
study provides compelling evidence for the use of TPOT
to construct a prediction model that is able to identify
H3 K27M mutation status and to advance further clinical
research.

During model construction, autoML was always sensi-
tive to the sample size; thus, a small sample size (n < 50)
could lead to overfitting. We included 100 samples and
99 radiomics features in our study to avoid the problem
of high variance. Regarding the structure of the dataset,
imbalanced datasets or datasets with a large proportion of
missing values can result in a biased analysis for machine
learning.?' Here, we included generally balanced observa-
tions from 2 groups (60 vs 40) and thus reduced the effect
of the imbalance. Furthermore, all radiomics features in
this study were fully populated, thereby reducing noise in
the dataset. The final model in our study required the min-
imum number of parameters and obtained the best perfor-
mance in the model comparison.

The 10 most important radiomics features identified
throughTPOT selection are shown in Supplementary Fig. 2.

Each radiomics feature required 10 patients in the model
based on a binary classifier to ensure a sufficient power
of the classification model." In our study, 100 patients and
only 10 important features, including 3 shape, 3 first-order,
2 GLSZM, 1 GLCM, and 1 GLDM, were included. Tumor
shape features were independent of the gray-level inten-
sity distribution in the ROI. According to the model, tumor
shape features played an important role in predicting H3
K27M mutation, among which the maximum 2D diameter
of the slice (largest pairwise Euclidean distance between
tumor surface mesh vertices in the row-column) of H3
K27M-mutant tumors was smaller than that of wild-type
tumors (41.31 vs 59.35, P = 0.007). These results are con-
sistent with those of a previous study' that used a random
forest model to predict the presence of H3 K27M mutation
in spinal cord diffuse midline gliomas and found that the
maximum length of the tumor was the most important ra-
diological feature in the model, as the mean longest size
in the mutant group was smaller than that in the wild-type
group (5.3 cm vs 5.9 cm). Another study also suggested
that shape information was helpful for improving model
performance.?* The relationship between the tumor shape
and mutation has not been analyzed extensively and re-
quires further exploration.

The first-order features, which describe the distribu-
tion of voxel intensities in the ROI, were also important
in the prediction model. These features were also applied
to the prediction model for gliomas and lung cancers and
yielded good performance.?®30 Texture features, including
GLCM, GLSZM, and GLDM, are another group of widely
used radiomics features. In a previous study, deep learning
radiomics based on texture, shape, and wavelet features
achieved good performance, with an AUC of 0.92 for the
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detection of the IDH1 mutation in gliomas.3" Our study re-
vealed the value of the radiomics features extracted from
FLAIR images in detecting H3 K27M mutation status.
Consistent with the results from our study, texture features
extracted from routine FLAIR images adequately separate
IDH mutant low-grade gliomas from IDH wild-type low-
grade gliomas.3?

In the survival analysis, we did not observe a signifi-
cant difference in OS between the 2 groups. In the sub-
group analysis based on age, differences in OS were
observed between the 2 groups in patients aged younger
than 18 years but not in adult patients. In a previous study
of adult patients with thalamic gliomas, significant differ-
ences in OS were not observed between the mutant and
wild-type groups.3® Nevertheless, the small sample size
subjected to the OS analysis in our study may have af-
fected the results.

Our study has some general and study-specific limita-
tions. First, we recruited only 122 patients in this study be-
cause H3 K27M mutation has been analyzable since 2016
in our hospital. Although radiomics can be performed with
as few as 100 patients,' the inclusion of more patients
should provide more power and is a better choice in the
future. Second, other potential valuable tumor features
for radiomics analyses, such as contrast enhancement
and edema, were not included in this study, and only the
whole tumor (which typically includes regions of contrast
enhancement, non-contrast enhancement, and necrosis)
delineated on FLAIR images was analyzed. Since some
patients did not display contrast enhancement or edema,
the combination of these parameters with other features
would reduce the number of patients. Third, we did not in-
clude clinical data or functional MR imaging data, such as
MR spectroscopy and diffusion-weighted imaging, which
may add more value to the prediction model. Fourth, many
patients were lost to follow-up in the survival analysis, so
the quality of follow-up should be improved.

In summary, autoML is able to predict H3 K27M muta-
tion status in patients with midline gliomas with high ac-
curacy based on the radiomics features and the TPOT
method, which is able to automatically optimize the ma-
chine learning pipeline. This prediction model may aid in
providing more precise diagnoses and guide treatment de-
cisions. Further efforts are required to explore the full value
of radiomics-based diagnoses using more tumor features,
functional-MRI data, and clinical data to build an optimal
model for routine clinical use.
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Supplementary data are available at Neuro-Oncology
online.
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