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Background: Diffuse midline glioma (DMG) is a fatal tumor that emerges in the

brainstem and thalamus. Compared with microsurgery and chemotherapy,

radiotherapy is currently regarded as a safer and more effective treatment

option. However, mapping radiotherapy target on brain stem is extremely

demanding. In the study, we build a deep learning-based diffuse midline

glioma with H3K27M alteration radiotherapy target area automatic

delineation model.

Methods: We collected contrast-enhanced T1-weighted (T1C), T2-weighted,

and T2 fluid attenuated inversion recovery (T2-Flair) sequences from patients

with DMG and H3K27M alteration from two medical centers to train and test the

model. Based on the framework of generative adversarial networks (GANs), we

integrated spatial channel attention mechanism and multi-scale feature

extraction according to the characteristics of tumor location in the midline

region and diverse morphological changes.

Results: The training and test sets included 116 and 26 patients, respectively. In

the training set, the segmentation performance was best for the T2 sequence

model, with a Dice similarity coefficient (DSC) of 0.916, followed by the T2-Flair

sequence model, with a DSC of 0.893; and the T1ce sequence model had the

lowest segmentation accuracy, with a DSC of 0.802. In the test set, the DSC

values for the T1C, T2, and T2-Flair sequence models were 0.750, 0.872, and

0.862, respectively, demonstrating the strong generalizability of the model.

Conclusions: We developed DMG with H3K27M alteration automatic

segmentation model based on GANs for the first time. It shows excellent

automatic segmentation accuracy and generalizability.
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Introduction

Brainstem gliomas (BGs) are a type of primary neuroglial tumor

occurring within the brainstem. It can occur in any age group but

predominantly affects children (1). Diffuse intrinsic pontine glioma

(DIPG) is the most common type of brainstem tumor in children,

constituting more than 80% of BGs in this age group (2). DIPG is a

highly aggressive and fatal brain tumor. With increasing

understanding of DIPG, the World Health Organization (WHO)

reclassified this disease as diffuse midline glioma (DMG) in 2016

(3). With advancements in biotechnology and biopsy techniques,

research has shown that most DMGs contain the H3K27M

mutation (4, 5). This mutation leads to a global loss of H3K27

trimethylation and an increase in oncogenic H3K27 acetylation (6).

DMGs with the H3K27M mutation demonstrate poorer prognoses

(2, 7). In the 2021 WHO Central Nervous System Tumor

Classification (5th edition), the term “H3K27M mutant” was

replaced by “H3K27M alteration” (8).

Among all DMG cases, H3K27M alterations occur in

approximately 80% of children and 15–60% of adults (9). DMG

with an H3K27M alteration is highly malignant and is considered

WHO grade IV, regardless of the histological characteristics (10). At

present, the range of surgical resection for DMG patients with

H3K27M alteration is still controversial (11, 12), and chemotherapy

does not achieve satisfactory results (13, 14). Radiotherapy is

currently recognized as a treatment that can benefit patient

survival. Standard chemotherapy regimens can delay tumor

progression for up to 3 months in 70–80% of patients (15–17).

However, mapping radiotherapy targets often requires an

experienced neurosurgeon or neuroradiologist. There are several

disadvantages: 1, this is a time-consuming and labor-intensive task,

requiring several minutes to accurately sketch a patient’s magnetic

resonance imaging (MRI); 2, Tumor regions delineated by different

physicians inevitably exhibit individual differences and

heterogeneity, posing challenges to standardized treatment (18).

Computer vision-based automatic segmentation of gliomas

represents a current focal point in medical image analysis,

supporting enhanced clinical decision-making for gliomas (19).

Many studies have achieved good results (20, 21), but they often

target the entire class of gliomas. DMG with H3K27M alteration is a

highly malignant tumor located in the midline region, and
Abbreviations: BGs, Brainstem gliomas; BraTS, Brain Tumor Segmentation;

CPU, Central processing unit; CSF, Cerebrospinal fluid; CSNH, Chengdu

Shangjin Nanfu Hospital; CBAM, Convolutional block attention module; DSC,

Dice similarity coefficient; DIPG, Diffuse intrinsic pontine glioma; DMG, Diffuse

midline glioma; GANs, Generative adversarial networks; GPU, Graphics

processing unit; GTV, Gross target volume; HD, Hausdorff Distance; JSC,

Jaccard Similarity Coefficient; MRI, Magnetic resonance imaging; MFE, Multi-

scale feature extraction; NCCN, National Comprehensive Cancer Network; PPV,

Predictive Positivity Value; RAM, Random access memory; ROIs, Regions of

interests; ScSE, Spatial and channel squeeze and excitation; T1C, T1-weighted

contrast-enhanced; T2-Flair, T2 fluid attenuated inversion recovery; WCHSU,

West China Hospital, Sichuan University; WHO, World Health Organization.
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H3K27M alteration can affect the MRI manifestations of the

tumor (22). However, there is currently a lack of research on

automatic MRI segmentation for DMGs with H3K27M alteration.

Therefore, the purpose of this study is to construct an automatic

delineation model for the radiotherapy target of a DMG with

H3K27M alteration based on deep learning.
Materials and methods

Data collection

We collected data from patients diagnosed with DMG

harboring the H3K27M alteration at West China Hospital,

Sichuan University (WCHSU), from February 1, 2016, to May 31,

2023, which served as the training set. A similar group of patients

from Chengdu Shangjin Nanfu Hospital (CSNH) was collected as

the test set during the same period. The exclusion criteria were as

follows: (1) patients with a history of surgery, radiotherapy, or

chemotherapy prior to the current diagnosis; (2) absence of T1-

weighted contrast-enhanced (T1C) or T2-weighted imaging

sequences preoperatively; and (3) the presence of artifacts in

preoperative MRI scans disrupting image clarity. According to the

2021 National Comprehensive Cancer Network (NCCN)

guidelines, abnormalities detected in T1C or T2 fluid-attenuated

inversion recovery (T2-Flair) sequences are recommended for

defining the gross target volume (GTV) for gliomas. The

consensus among Chinese experts on glioma radiotherapy

suggests the use of T2 or T2-Flair sequences as the standard for

delineating the GTV. Therefore, we collected T1C, T2, and T2-Flair

sequences from patients for model training. The patient selection

flowchart for this study is presented in Figure 1. This study was

approved by the Ethics Committee of West China Hospital, Sichuan

University (Ethics No. 2023.2064). As this was a retrospective study,

patient informed consent was waived by the Ethics Committee of

West China Hospital, Sichuan University. Authors had access to

information that could identify individual participants during or

after data collection.

To address the scarcity of data on DMGs with H3K27M

alteration, we utilized training set data from the 2021 Brain

Tumor Segmentation (BraTS) dataset (23) for model pretraining,

which included MRI scans from 1, 251 patients. The BraTS dataset

comprises preoperative MRI scans of glioma patients collected from

multiple medical centers. These scans were annotated by one to four

experienced physicians, who delineated the tumor regions across

four imaging sequences: T1, T1C, T2, and T2-Flair (18).
MRI preparation

All MRI scans were manually delineated slice-by-slice on axial

MR images by a neurosurgeon with five years of experience and

subsequently reviewed by neurosurgeons with 10 and 30 years of

experience. All annotations were completed via LabelMe software

version 3.16.2. To improve segmentation precision, the images were
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magnified tenfold during the delineation process. MRIs were

randomly selected for annotation, and all patient clinical

information was concealed. The manually annotated images are

displayed in the Supplementary Figure S1. After annotation, the

images were cropped and resized to 240x240 pixels. To accelerate

model convergence, the pixel values were normalized to a range of

0–1. To enhance model generalizability and prevent overfitting,

data augmentation techniques such as horizontal flipping and

random rotation were applied prior to data input.
Model construction

The annotation of medical data is both time-consuming and

labor-intensive. Currently, no labeled MRI datasets for DMG with

H3K27M alteration are available in public databases, making it

challenging to obtain large-scale, finely annotated training data.

Insufficient training data often lead to overfitting in CNN models

(24). Generative adversarial networks (GANs) are a class of

unsupervised learning algorithms derived from zero-sum game

theory and consist of a generator and a discriminator. They are

designed to estimate the underlying distribution of data samples

and generate new data samples (25). Since their inception, GANs

have demonstrated superiority in generating realistic images and in

solving image-to-image translation problems in natural domains

(26, 27). Compared with other models, GANs are notable for

completing segmentation tasks with minimal data (28), requiring

only 0.8% to 1.6% of the annotated data typically needed by other

algorithmic models (29). However, the automatic segmentation of

H3K27M-altered tumors using GANs remains unexplored.

Therefore, we choose GANs as the foundational framework for

this study. A schematic diagram of this study is shown in Figure 2.

Detailed information about the model’s generator, discriminator,
Frontiers in Oncology 03
and optimization functions is provided in the Supplementary

Figures S2, S3.
Module configurations

Given that DMG with H3K27M alteration often occupies the

midline position in spatial terms, typically located in the central

region of the image, we incorporated the spatial and channel

squeeze and excitation (ScSE) module (30) to enable the model to

allocate more attention to spatial location information, thereby

improving segmentation accuracy. To address the issue where

single-scale convolutional layers in neural networks may not

always adapt to a wide range of tumor sizes (31), we introduced a

pyramid pooling module (32) to facilitate multi-scale feature

extraction (MFE). To address the issue of unstable training in

GANs, we introduced the convolutional block attention module

(CBAM) (33) into the network. This integration aims to increase

the stability of GAN training and improve the quality of image

generation (34). Detailed schematic diagrams of the ScSE, MFE, and

CBAM modules are provided in the Supplementary Figures S4-

S6, respectively.
Model training

In the experiment, adamW (35) was adopted as the optimizer of

the model, and the initial parameters of the model were set as

follows: initial learning rate =0.0001, k=0.5, p=2, batch size = 2, and

number of epochs = 500. The learning rate is automatically adjusted

via cosineAnnealingLR during the training process. The training of

the model was divided into two stages. In the first stage, we trained

the training set together with the BraST dataset to make the model
FIGURE 1

Patient selection flowchart for this study.
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familiar with the common characteristics of gliomas and capable of

automatic segmentation of gliomas. The training adopted 5-fold

cross-validation. The second stage involved fine-tuning the model

solely with the training set to enhance its segmentation performance

for DMGs with H3K27M alteration. Later, its generalizability is

tested on the test set. We have detailed the parameter quantities of

the generator and discriminator in the Supplementary Tables S1,

S2, respectively.
Ablation experiment

To verify the effectiveness of the unsupervised learning, MFE,

ScSE, and CBAM modules in this study, we designed ablation

experiments and trained five models, which are as follows: 1.

MSCG, incorporating MFE, ScSE, and CBAM modules into the

GAN model; 2. MSCG-Dis, supervised model, with only the first

half (generator) of the GAN model, without the discriminator part;

3. SCG, the MFE module has been removed from the MSCG model;

4. MCG, the ScSE module has been removed from the MSCG

model; 5. MSG, the CBAM module, has been removed from the

MSCG model.
Evaluation index

We used the Dice similarity coefficient (DSC), 95% Hausdorff

distance (HD95) (36), Jaccard similarity coefficient (JSC),

sensitivity, and predictive positive value (PPV) to evaluate the

performance of the model in automatic segmentation. The DSC

indicates the spatial overlap between the segmented MR image

automatically generated by the model and the real segmented MR

image sketched by the neurosurgeon. HD95 represents the top 95%

of all distances between the nearest points in the real label and the

pseudolabel. The closer HD95 is to 0, the higher the edge similarity
Frontiers in Oncology 04
between the two images and the better the model performance. This

indicator is more sensitive to the accuracy of edge segmentation.

The closer the JSC value is to 1, the better the model performance.

When the PPV value is between 0 and 1 and the value is closer to 1,

the normal tissue pixels are less likely to be misclassified as tumor

tissue pixels.
Experimental environment and
configuration

Our neural network is implemented on an NVIDIA RTX

1080Ti graphics processing unit (GPU), Intel Xeon E5–1650

central processing unit (CPU), and 64G random access memory

(RAM) using the PyTorch 1.7 deep learning framework and Python

3.7 programming language.
Results

Ultimately, we included a total of 116 patients in the training set

and 26 patients in the test set. The results of different models on the

T1C, T2, and T2-Flair sequences in the training set are presented in

Table 1. On the T1C sequence, the MSCG model performed the

best, with a DSC of 0.802, an HD95 of 11.561 mm, a JSC of 0.751, a

sensitivity of 0.837, and a PPV of 0.842. After supervised training,

the model’s DSC decreased to 0.757, the HD95 increased to 15.478

mm, and the JSC, sensitivity, and PPV also decreased. When the

MFE, ScSE, and CBAM modules were removed individually, both

DSC and HD95 showed varying degrees of decline, with the most

significant drop in DSC (0.05) occurring when the ScSE module was

removed. These results indicate that the MFE, ScSE, and CBAM

modules all play important roles in improving model performance,

with the ScSE module contributing the most to the enhancement of

the model’s performance. The results of different models on the
FIGURE 2

Overall schematic diagram of the model. x represents the unlabeled MRI data; Generator q refers to the generator module, where q denotes the
parameters of the generator; Discriminator r refers to the discriminator module, where r denotes the parameters of the discriminator; y represents
the ground truth labels; ŷ represents the pseudolabels generated by the generator.
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T1C sequence were similar in the T2 and T2-Flair sequences, with

the MSCG model demonstrating the best performance across

all sequences.

A comparison of the segmentation accuracy of the model across

different MRI sequences revealed that the T2 sequence model

yielded the best results, with a DSC of 0.916. The T2-Flair

sequence model achieved a DSC of 0.893, whereas the T1ce

sequence presented the lowest segmentation accuracy, with a DSC

of 0.802. Although the T2 sequence model had a higher DSC than

did the T2-Flair sequence model, its PPV was lower than that of the

T2-Flair sequence model. The results of the model on the test set are

presented in Table 2. We observed that the highest DSC was still

achieved by the T2 sequence model, with a DSC of 0.872. However,

compared with the training set, the model’s performance slightly

decreased across the test set. Specifically, the DSCs for the T1ce, T2,

and T2-Flair sequence models decreased by 5.2%, 4.4%, and 3.1%,
Frontiers in Oncology 05
respectively. The T2-Flair sequence model demonstrated the best

generalization performance.
Visualization of the segmentation results

Figure 3 presents selected automatic segmentation results

generated by the model. The MSCG model’s segmentation

outcomes are the most closely aligned with those delineated by

experts across the T1C, T2, and T2-Flair sequences. Overall, all the

models successfully identified the primary location of the tumor

and achieved effective gross segmentation. When finer boundary

details are examined, the MSCG model’s segmentation closely

resembles the expert-delineated edges, demonstrating greater

precision. In contrast, the segmentation boundaries produced by

the MSCG-Dis, SCG, MCG, and MSG models deviate further from

the expert segmentation boundaries and appear to be relatively

coarse. These findings further support the notion that unsupervised

learning, along with the MFE, ScSE, and CBAM modules,

significantly enhances the model’s segmentation accuracy, with

the MSCG model exhibiting the best performance.

In Figure 4, we present the automatically segmented images

generated by the MSCG model on the test set. We observed that all

three sequences achieved relatively accurate overall contour

localization. In the T1C sequence, the regions of interests (ROIs)

exhibit complex morphologies, including branches, and generally

cover relatively small areas. In contrast, the ROIs in the T2 and T2-

Flair sequences are more rounded, with fewer branches and larger

areas. This difference in morphology may be one of the reasons why
TABLE 2 Automatic segmentation results of the MSCG model on the
test set.

MRI DSC HD95 (mm) JSC Sensitivity PPV

T1C 0.750 13.156 0.716 0.782 0.818

T2 0.872 6.259 0.816 0.883 0.867

T2-Flair 0.862 7.237 0.765 0.826 0.832
Bold values indicate the best performance among the three sequences; DSC, Dice Similarity
Coefficient; HD95, 95% Hausdorff Distance; JSC, Jaccard Similarity Coefficient; PPV,
Predictive Positivity Value.
TABLE 1 Automatic segmentation results of the model on T1C, T2, and T2-flair sequences in the training set.

Models MRI DSC HD95 (mm) JSC Sensitivity PPV

MSCG

T1C 0.802 11.561 0.751 0.837 0.842

T2 0.916 4.879 0.845 0.923 0.891

T2-Flair 0.893 6.347 0.813 0.902 0.916

MSCG-Dis

T1C 0.757 15.478 0.723 0.795 0.825

T2 0.835 6.571 0.776 0.857 0.834

T2-Flair 0.831 8.953 0.736 0.847 0.873

SCG

T1C 0.761 13.827 0.716 0.802 0.813

T2 0.873 6.334 0.817 0.892 0.873

T2-Flair 0.858 7.759 0.764 0.865 0.868

MCG

T1C 0.752 14.352 0.687 0.786 0.807

T2 0.848 7.526 0.793 0.901 0.851

T2-Flair 0.821 7.501 0.723 0.849 0.861

MSG

T1C 0.773 12.896 0.732 0.819 0.821

T2 0.882 5.638 0.825 0.915 0.868

T2-Flair 0.853 7.287 0.782 0.872 0.893
Bold values indicate the best performance among the five models; DSC, Dice Similarity Coefficient; HD95, 95% Hausdorff Distance; JSC, Jaccard Similarity Coefficient; PPV, Predictive Positivity
Value.
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the model performs better on the T2 and T2-Flair sequences than

on the T1C sequence.
Discussion

In this study, we developed the first automatic segmentation

model specifically targeting a DMG with H3K27M-positive

molecular markers. To address the common challenge of limited

medical data, we included 1, 251 glioma patients from the BraTS

dataset in the first phase of model training. Additionally, we

employed a GAN network, known for achieving strong

performance even with small datasets, as the foundational

framework for this study. Considering the characteristic location

of the DMG with H3K27M alteration (typically along the midline),

we incorporated the ScSE module into the model. To fully capture

both local and global features in MR images, we also integrate the

MFE module. Ablation experiments were designed to assess the

contribution of each module to the model’s performance. The final

model achieved excellent results and demonstrated strong

generalizability on the test set.
Frontiers in Oncology 06
The model exhibited the best segmentation performance on the

T2 sequence, with all the metrics surpassing those of the T2-Flair

sequence. However, the PPV for the T2 sequence was lower than

that for the T2-Flair sequence, indicating a greater likelihood of

misclassifying normal tissue as tumor tissue in the T2 sequence.

This may be due to the location of the DMG near the midline, close

to the ventricles, where cerebrospinal fluid (CSF) signals in the

ventricles closely resemble tumor signals in the T2 sequence,

leading the model to misinterpret CSF as tumor tissue. In

contrast, the T2-Flair sequence shows low signal intensity for CSF

and high signal intensity for edema caused by the tumor, making it

easier to distinguish between the two and reducing the likelihood of

misclassification. The segmentation performance on the T1C

sequence was inferior to that of the other two sequences, likely

because gliomas almost always present with abnormally high signals

in the T2 or T2-Flair sequences but may not exhibit high signals in

the T1C sequence, resulting in fewer T1C sequences available for

training and consequently lower model performance than the other

two sequences do.

Ablation experiments demonstrated that the modules we

introduced, along with the use of unsupervised learning,
FIGURE 3

Automatic segmentation results of the model in the training set. The first column displays the original images from different MRI sequences before
segmentation, the second column shows the manually segmented images after zooming in on the local ROI, the third column presents the
automatic segmentation results from the MSCG model, the fourth column shows the automatic segmentation results from the MSCG-Dis model,
the fifth column displays the automatic segmentation results from the SCG model, the sixth column shows the automatic segmentation results from
the MCG model, and the seventh column presents the automatic segmentation results from the MSG model.
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significantly improved the model’s performance. Compared with

the other modules, the ScSE module provided the most significant

improvement in the model’s automatic segmentation performance

for the T1C and T2-Flair sequences. Previous studies on automatic

glioma segmentation have also shown that the ScSE module exhibits

strong performance (37, 38). In deep learning, attention

mechanisms are often employed to focus on important

information while disregarding less relevant data (39). The ScSE

module likely enhances model performance by assigning

different parameter weights to key regions of the image, thereby

directing the model’s attention to the lesion areas and improving

segmentation accuracy.

In our study, the size and shape of the DMG with H3K27M

alteration tumors varied significantly, prompting us to use the MFE

module to enhance the model’s ability to extract multiscale and

multilevel information. Previous studies on automatic glioma

segmentation have also demonstrated the effectiveness of pyramid

pooling in multi-scale feature extraction (40). In our research, by

comparing the results of the MSCG and MSCG-Dis models in

ablation experiments, we found that the GAN network

outperformed the supervised learning models. In earlier studies,

Carver et al. (41) explored the use of GANs to augment data,

address the scarcity of medical data and further improve the

performance of automatic glioma segmentation. Their results

showed that GANs could synthesize high-quality MR images,
Frontiers in Oncology 07
highlighting the excellent data generation capabilities of GANs—a

conclusion supported by our research as well.

This study has several limitations. First, the dataset is relatively

small, consisting of only 116 training and 26 test cases from two centers

—a common challenge in rare tumor studies but one that may affect

model robustness. We partially addressed this by incorporating the

BraTS dataset and employing a GAN framework known for performing

well with limited data, and future work will require larger multi-center

datasets. Second, the model’s generalizability across institutions needs

further validation, as differences in scanners and imaging protocols may

impact performance. Third, the study lacks multimodal and

longitudinal validation, limiting its ability to capture disease

progression or integrate complementary imaging information. Finally,

due to the scarcity of existing research on automated segmentation of

H3K27M-altered DMG, comparative analysis with other methods

remains limited and will be essential as the field advances.
Conclusion

We developed the first end-to-end automatic segmentation

model for DMG with H3K27M alteration based on a GAN

network. By pretraining on a large dataset and incorporating

spatial-channel attention mechanisms and multi-scale feature

extraction algorithms, which are tailored to the tumor’s central
FIGURE 4

Automatic segmentation results of the MSCG Model on the test set. The red areas indicate manually segmented labels, while the green areas
represent the automatic segmentation results.
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location and significant size variation, the model achieves excellent

automatic segmentation results. The model also demonstrated

strong generalization performance on the test set. We hope that

this work will provide a novel reference for delineating radiotherapy

target areas in DMG with H3K27M alteration in the future.
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