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Deepmutual learningonhybridaminoacid
PET predicts H3K27Mmutations in
midline gliomas
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Yifan Yuan 1,2,3,10, Guanglei Li4,10, Shuhao Mei1,2,3,10, Mingtao Hu5, Ying-Hua Chu6, Yi-Cheng Hsu6,
Chaolin Li 7, Jianping Song1,2,3,8, Jie Hu1,2,3, Danyang Feng9, Fang Xie 2,4, Yihui Guan2,4, Qi Yue1,2,3 ,
Mianxin Liu5 & Ying Mao 1,2,3

Predicting H3K27M mutation status in midline gliomas non-invasively is of considerable interest,
particularly usingdeep learningwith 11C-methionine (MET) and18F-fluoroethyltyrosine (FET) positron
emission tomography (PET). To optimise prediction efficiency, we derived an assistance training (AT)
scheme to allowmutual benefits betweenMETandFET learning toboost thepredictability but still only
require either PET as inputs for predictions. Our method significantly surpassed conventional
convolutional neural network (CNN), radiomics-based, and MR-based methods, achieved an area
under thecurve (AUC) of 0.9343 forMET, andanAUCof 0.8619 for FETduring internal cross-validation
(n = 90). The performance remained high in hold-out testing (n = 19) and consecutive testing cohorts
(n = 21), with AUCs of 0.9205 and 0.7404. The clinical feasibility of the proposed method was
confirmed by the agreements to multi-departmental decisions and outcomes in pathology-uncertain
cases. The findings positions our method as a promising tool for aiding treatment decisions in midline
glioma.

Midline glioma, including brainstem glioma and thalamus glioma, is a
relatively rare disease,with an incidence of less than5% inall central nervous
system (CNS) tumours1. Among them, diffuse midline gliomas (DMGs)
with H3K27M mutation are a newly described group of tumours in the
World Health Organisation’s (WHO) classification of CNS tumours2.
H3K27M mutation, an independent adverse predictor of overall survival
(OS)3, was initially reported in diffuse intrinsic pontine gliomas (DIPGs)
arising in the brainstems of children4. This mutation has further been
detected in gliomas of midline structures, such as the thalamus, brainstem,
and spinal cord, with a short OS of 11–15 months4,5. In addition to con-
ventional surgery, chemotherapy, and radiotherapy, there are a number of
clinical trials, including ONC2016, validating the efficacy of targeted
therapies for H3K27M mutations7. Accurate genetic diagnosis is a pre-
requisite for individualised comprehensive treatment, which often relies on
surgical biopsy. However, due to the deep location of the tumour and

proximity to eloquent areas such as midbrain8,9, surgery is extremely risky,
with high mortality and morbidity10. Thus, non-invasive prediction of
H3K27M mutations is promising to avoid the enormous risks associated
with surgery and to directly guide individualised treatment options, such as
targeted therapy.

In previous studies, magnetic resonance imaging (MRI) was regarded
as key to establishing a diagnosis for midline glioma, defining the extent of
the tumour, and guiding biopsy when indicated. These works integrated
artificial intelligence (AI) methods, typically machine learning on radiomic
features extracted from MRI, to predict H3K27M mutation status with
relatively good performance11. Nevertheless, the enhanced signal on post-
contrast T1 images, which relies on blood–brain barrier intact, and the high
signal area in T2-FLAIR may not be precise enough to delineate tumour
infiltration. This is essential because the characteristics derived from MRI
were the indirect outcomes instead of hallmarks in molecular biological
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changes of tumours. In addition, due to the anatomic structure of midline
glioma, MR signal could be interfered with by skull-base bone and artery,
which may further compromise the prediction effect. Therefore, additional
non-invasive imaging biomarkers are still needed that could contribute to
disease prediction and prognosis and guide the treatment of patients with
midline gliomas. Amino acid positron emission tomography (PET),
including 11C-methionine (11C-MET, MET in short) and
18F-fluoroethyltyrosine (18F-FET, FET in short), reflects the tumour’s sub-
jective metabolic profile and thus serves as an optimal technique for eval-
uating midline glioma. Previous studies have preliminarily revealed that
imaging characteristics such as higher tumour–brain ratios, largermetabolic
tumourvolumeandhigher total lesionmethionineuptakewere significantly
associated with shorter progression-free survival and OS of midline
gliomas12,13. A recent study has further suggested that methionine meta-
bolism represents a vulnerability inH3K27Mmutant gliomabymodulating
the epigenome, supported by evidence from enrichment analysis and cell
culture analysis14. Thus, 11C-MET, a tracer specifically designed for
methionine metabolism, may partly establish an underlying biological
relationship between H3K27M evaluation andmedical imaging prediction.
These emerging evidence indicate amino acid PET’s promising value in
predicting key genes and guiding therapeutic interventions. However, stu-
dies combining amino acid PET and AI remain blank, potentially due to
limited cases caused by the low incidence rate of midline gliomas and the
intricate technical requisites for amino acid PET tracer synthesis. It can be
expected that developing advancedAImethodsonaminoacidPETs, such as
deep learning, would significantly help advance research and enhance the
diagnostic and therapeutic options for patients with midline gliomas

In the present study, we proposed a deep learning framework adapted
to both FET and MET to predict the H3K27M mutation status of midline
gliomas with a high efficacy. To push the boundary of model predictability,
we specifically designed a training scheme using the common diagnostic
information from both FET and MET, supported by previous evidence on
the high similarity between FET and MET15–17, to realise a “deep mutual
assistant training” between FET- andMET-basedmodel, but without losing
their respective specificities. Using multimodal imaging and clinical data
from 133 DMG patients, we validated the effectiveness of the proposed
method and demonstrated its advantages over conventional methods.

Methods
Human study, ethics approval and consent to participate
This study was conducted in accordance with the Declaration of Helsinki.
The Ethics Committees of Huashan Hospital and Shanghai Gamma Hos-
pital approved this retrospective study (KY2015-256). All patients or their
legal guardians provided written informed consent.

Study design
Data from an internal cross-validation cohort (90 patients, aged 6–68 years)
were examined to build and validate the H3K27M-mutant prediction
model. A hold-out testing cohort (19 patients, aged 6–68 years) was then
studied to test the established prediction model in out-of-sample unseen
data (Fig. 1A). As we used five-fold cross-validation in the internal cohort,
the sample size of the testing cohort (19) is roughly equal to the validation
data set in the internal cohort (90/5 = 18). Another 3 pathology-uncertain
patientswere included to demonstrate the clinical feasibility of the proposed
method. All the above patients with midline gliomas were recruited from
August 2016 to May 2023. To demonstrate the model’s prediction capacity
under the real-world setting, we further collected a consecutive testing
dataset in the same hospital after the model was trained (n = 21, from June
2023 to June 2024). Patient inclusion criteria were (1) diagnosis of midline
glioma based on MRI and (2) no preoperative treatment.

Imaging acquisition
MRI was performed within 14 days before surgery. Routine clinical
sequences, including contrast-enhancedT1-weighted (T1C) images, T2 and
T2-FLAIR, were acquired on a 3 T Ingenia MRI scanner (Koninklijke

Philips N.V., Netherlands) for patients recruited on the west campus of
Huashan Hospital. A 3 T Verio MRI scanner (Siemens Healthineers,
Erlangen, Germany) was used for patients recruited on themain campus of
Huashan Hospital, and a 1.5 T Signa HDxt MRI scanner (GE Healthcare,
Milwaukee, WI, USA) was used for patients recruited at Shanghai Gamma
Hospital.

MET PET and FET PET scans were performed using a Biograph
128 PET/ computed tomography (CT) system (Siemens, Erlangen,
Germany). The internal time between an MRI scan and a PET scan is
less than 14 days. Before PET, 4 h fasting was required before tracer
injection, and CT was performed with a 1.5-mm isotropic spatial
resolution for attenuation correction and image fusion. Data acquisi-
tion for MET began 10 min after an intravenous bolus injection of 370
MBq (10 mCi)MET.METPET images were obtained in a 20-min static
scan in three-dimensional (3D) acquisition mode. For FET, 185 ± 10
MBq (5 mCi) FET was intravenously injected before the PET/CT scan.
A static scan was performed 20 min after the tracer injection and lasted
20 min. Both PET images were reconstructed with filtered back pro-
jection (FBP) and full width at a maximum of 3.5 mm using the
manufacturer’s workstation and post-reconstruction with Gaussian
3D filter smoothing. The standardised uptake value (SUV) was com-
puted as the uptakes divided by the injected dose and the total body
weight.

Pathology and H3K27M status analysis
Tumours were graded according to the 2021 WHO Classification of
Tumours of the Central Nervous System. H3K27M and IDH statuses
(mutant or wild-type) were determined by immunohistochemical staining
using a mutation-specific antibody (Abcam ab190631 for H3K27M and
ab172964 for IDH).

Data preprocessing and feature extraction
For thePET-only experiments, after PETacquisition and reconstruction,we
converted the original intensity into the standardised untaken value ratio
(SUVR) by dividing the averaged regional value within a large crescent-
shaped volume of interest, which was drawn in the normal cerebral hemi-
sphere at the level of the centrum semiovale, including cortical and white
matter12. The used volume of interest is shown in Supplementary Fig. 1. The
principle of implementing SUVR is to achieve an approximated “tumour-
to-brain ratio”. Also, it helps the normalisation between two types of PETs
(there is a discrepancy in SUV level in two PETs). The T1 template in MNI
space waswrapped, using affine registration, to individual space and used as
amask applied to individual PETs to remove extracranial noise.Amanually
drawn mask for the thalamus and brain stems in the MNI space is co-
registered into individual PET spaces along this process. The inter-observer
inter-rater reliability of this mask was evaluated according to the Cohen’s
kappa statistic (kappa = 0.842, indicating high reliability. See Supplemen-
tary Table 1 for details). The fields of view in different PETs were aligned by
image cropping (into 188 × 188 × 148 pixels). Axial slices containing tha-
lamus and brain stemmasks (with region sizes >100 pixels in thewhole slice
to ensure relevant information) were selected. The slices were further
cropped according to the bounding box of the intracranial region and
resized to 188 × 188 pixels.

For theMRI-vs-PET comparison, individual PETs (SUVR-converted),
T2-FLAIR, and the template T1 brain were registered into individual T1C
space to generate alignment in slice numbers and spatial contexts. The PET
images then underwent head masking and volume resizing. The MRI
images were processed with head masking, intensity normalisation, and
volume resizing to perform spatial and intensity normalisation over the
multi-centre MR data and align PET and MR. The bias field effect was
adjusted using N4 bias correction with ANTS toolbox18. In this process,
individual T1C, T2-FLAIR, and PET data were resized/resampled to
188 × 188 × 180 pixels. Intensity normalisation for theMRI images (T1C or
T2-FLAIR) used 0-to-100 normalisation over the whole brain. The fol-
lowing slice-based operations were described above.
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CNN architecture
A 2D convolutional neural network (CNN) was implemented to predict
H3K27M mutants. The CNN was based on classical ResNet19 blocks using
slices of single-modality data as input; such 2D slice-based training poten-
tially increases the training samples and could bemore realistic.Whenusing
3DCNN, a 3D image andH3K27Mstatewould constitute a pair of samples,
so that the number of samples available for training would significantly
decrease (to the same number as the number of patients). Therefore, it is
more reasonable to pair the 2D slices with the subject’s gene status to

constitute multiple pairs of samples and train a capable 2D CNN first and
then integrate the slice-based decisions into an individual’s diagnosis. Figure
1B, C shows the architecture and parameter settings.

We trained the CNN using single-modality data, with training
epochs: 15, learning rate: 0.001, and batch size: 64. We used the Adam
algorithm to automatically optimise the trainable parameters, with a
weight decay of 0.005. Because the sample size was slightly imbalanced
between groups, weighted cross-entropy was used as the loss function,
with weights adaptively configured using the inversed class ratio within

Fig. 1 | Illustrations for keymethodology components of the study.ATheworkflowof the patient recruitment and exclusion.BOverall data flow in the implemented CNN
architecture. C Structure of the “ResNet” block. D Schematic demonstrations for single-modal, mixed and the proposed assistance training schemes.
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the training set. Other parameters of the neural network models were
initialised with random weights. The training was accelerated with an
Nvidia GTX 1660 GPU. During the training, we implemented random
translation, rotation, horizontal flipping and vertical flipping of the
inputted image to increase the model’s generalisability.

Assistance training scheme
We further designed an assistance training (AT) scheme to allow mutual
assistance between MET and FET data (Fig. 1D) to build a better single-
modal PET-based CNN model. AT consists of mixed training using both
PETdata and afine-tuningusing specific typeofPETdata. The advantage of
this training design is theoretically guaranteed byMET-FET correlation and
transfer learning. The existence of the common diagnostic information
from both FET and MET supports that we can utilise the knowledge from
FET(encoded inside themodel parameters) to facilitate the learningofMET
andviceversa. Specifically, FETsamples couldplay as pseudo-METsamples
and could assist the training for theMET-basedmodel during the joint pre-
training by increasing the learning sample size and improving the learning
of the robust common diagnostic information. The additional fine-tuning
could further transfer the optimal common model into a strong modality-
specific model. In a similar rationale, MET could benefit from the FET-
based model training.

We used two training stages. In the first stage, we trained themodel on
amixed dataset from both FET andMET, expecting themodel to first learn
common and generalisable features in augmented samples with bothMET
and FET data. In the second stage, the model should adapt to one targeted
PET type by enhancing the learning of specific features, and the pre-learned
common features should help the model perform better than single-modal
training only (see Fig. 5). Operationally, we first trained the CNN model
using bothMET and FET data from the training set using a learning rate of
0.001 in the first 8 epochs, then fine-tuned the model using a targeted PET
typewith a learning rate of 0.001 for another7 epochs.Theweights for cross-
entropy loss were estimated only in the targeted PET and kept the same
throughout the training for the smoothness of the supervision signal. Using
only the first stage would not yield optimal predictions because hetero-
geneity betweenMET and FET hinders the best fit in the targeted modality
(Figs. 1D and 3. “mixed training”).

Radiomics
The open-source toolbox “Pyradiomics” (https://pyradiomics.readthedocs.
io/en/latest/)20 was used to compute radiomics features from the FET and
MET data. Note that the shape features were not extracted, as a tumour
annotation was not needed for our proposedmethodology and thus, we will
compare all the radiomicsmethods under the same condition for reasonable
comparisons. The other features were computed within the thalamus and
brain stem masks in each slice. All other features automatically provided in
the toolbox were implemented, resulting in 93 features per slide. The
extracted features were fed into a conventional machine-learning classifier.
Results from three methods are presented in the main text: (1) a logistic
regression (LR) model with ElasticNet penalty for classification, which
combines L1 andL2penalties as the loss function (ratio: 0.5); (2) a non-linear
support vector machine (SVM) with radial basis function or polynomial
kernel; and (3) the random forest (RF) method, which represents ensemble
learning. We set the number of trees in the forest to 100. In this setting, LR
and RF performed automatic feature selections during the model optimi-
sation (using sparseness constraint and Gini impurity, respectively). The
numberof selected features is thus adaptively changing.Thebest-performing
results are reported. All threemachine-learningmethods were implemented
with the open-source “scikit-learn” toolbox21. To address the imbalanced
sample size between classes, weights were automatically set on the classes
according to the inverse proportion of class frequencies in the training data.

Internal cross-validation and hold-on testing using PET
For the internal cross-validation experiment, we used individual-level
fivefold cross-validation to build and validate the prediction model. Thirty-

four participants with MET (1517 slices, 17 mutants) and 58 with FET
(2638 slices, 28 mutants) were evaluated. The available participants were
randomly separated into five equal folds, and the slices from their imaging
data were correspondingly assigned to the same fold (for MET and FET).
Slices from four foldswere used as the training set; slices from the remaining
foldwere used as the validation set. The roles of the foldswere switched until
all folds were used once as the validation set. This cross-validation design
prevents intra-individual correlation in slices from the same participant
from artificially boosting the performance. In this experiment, we were
using FET and MET from roughly 72 patients (80% of the 90 patients) for
the pre-training stage of AT.

The hold-on testing cohort only involved the PET data and partially
assessed the out-of-sample generalisability of the methods in the internal
cross-validation set. We included eight participants (363 slices, 3 mutants)
with MET and 11 (505 slices, 5 mutants) with FET. Models of different
methods were retrained based on all the data inside the internal cross-
validation dataset (90 participants). The pre-training of AT therefore
involved all 90 patients.

MRI-vs-PET comparison
We compared the single-modal CNN methods working on enhanced T1
contrast (T1C), T2-FLAIR, or PET images, from participants with all three
datamodalities. Among all available data, bymatching PETwithMRI data,
we yielded 3805 slices from 47 participants with FET (22 mutants) and
2076 slices from 26 participants with MET (17mutants). Because theMET
dataset contained fewer participants, we performed only individual-level
fivefold cross-validation on the FET dataset. The data in the MET dataset
were used as assistance for the FET-based training process. Here, we
included FET from around 38 patients (80% of 47) MET from 26 partici-
pants at the pre-training of AT. To obtain comparable results, we also used
theT1CandT2-FLAIRdata in theMETdataset as augmenteddata (from26
participants) for the T1C-based and T2-FLAIR-based training.

Consecutive testing
In the consecutive test dataset, we directly applied the final model trained
using all data in the internal cross-validation dataset without any further
tuning, which proposes a higher requirement on the model’s reliability. In
the consecutive testing dataset, 7 MET (336 slices, 6 mutants) and 14 FET
(596 slices, 7 mutants) data were included. We only investigated AT-CNN
in the consecutive testing dataset, as the method comparison has been
comprehensively conducted with the above-mentioned experiments. In
addition, we only focused on the individual-level prediction performances,
which match the realistic requirement.

The PET scanning variation could be often observed across different
scanners and collection sites. During the FET image collection, we found
that different reconstruction protocols were applied at the hospital, which
offers us a chance to investigate the reliability of our model and the effect of
the variations in sampling parameters. Five data (246 slices, 3mutants) were
reconstructed using FBP as mentioned above, and 9 data (350 slices, 4
mutants) used ordered subset expectation maximisation (OSEM).

Validation metrics
For all experiments, we assessed the predictionperformance at both the slice
and individual levels, expect the consecutive testing cohort. At the slice level,
for slice-based predictions from each round, we computed four metrics
from different aspects to evaluate the performance: accuracy, sensitivity,
specificity, and area under the receiver operating characteristic curve
(AUC). The accuracy, sensitivity, and specificity are computed under the
probability threshold of 0.5.

To obtain the individual-level metrics, we integrated the predictions for
slices from the same participant. The individual-level prediction probability
was given by the averaged prediction probability among all slices for each
class and the final prediction corresponding to the class with the probability
being larger than 50%. Because of the limited sample size, we integrated the
individual-level predictions from each fold to compute the metrics on
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predictions for all participants during internal cross-validation. Otherwise,
the small sample size would artificially induce large variations in estimated
metrics across the folds.

We did not respectively compute individual-level AUCs for hold-out
and consecutive testing cohorts for MET and FET because the limited
sample size could bias the AUC estimations22. Alternatively, we computed
the overall individual-level metrics by combining the predictions from
subjects asmany as possible in the testing cohorts (using bothFETandMET
data, or both FBP and OSEM data) for a reasonable and comprehensive
quantification. In the consecutive testing cohort, we did not compute the
slice-level prediction performance.

Feature analysis for AT-CNN
We implemented the Grad-CAM (class activationmap) method to explore
the explainable feature hidden in the CNNmodels. The toolbox is publicly
available at https://github.com/jacobgil/pytorch-grad-cam. Briefly, the
Grad-CAM tracks the gradient of the prediction probability for the mutant
class with respect to the feature maps in intermediate layers of CNN. The
gradient can be interpreted as the amount of influence of the intermediate
feature on the outputted decision-making and thus can be regarded as the
importance of each feature element. TheGrad-CAMmapwas computed by
the product between the gradient map and the feature map at individual
data. We derived the Grad-CAM map from accurately predicted mutant
slices. The Grad-CAMmapwas further smoothed using “aug-smooth” and
“eigen-smooth” configurations. Due to the variations in tumour locations,
we presented the typical cases rather than a group-level result.

Statistical analysis
For slice-level metrics in the internal cross-validation and MR-vs-PET com-
parison, the mean and standard deviation of the performance metrics from
the cross-validationwere calculated. Thesemetricswere compared among the
methods using one-sided two-sample t-tests. For individual-level metrics and
testing cohort results, the metrics to be compared were values without var-
iance, as all foldswere integrated toguarantee the sample sizeoronlyone-time

testing was conducted. To further compare the individual-level metrics, we
used a one-sided Delong’s test23 to test the improvement of our proposed
method over other methods in terms of the AUCs. Since we aimed only to
assess the significance of the improvements based on t-tests andDelong’s test,
significant results (P < 0.05) may not appear due to a large variance in the
metrics from the compared method, although the proposed method showed
great improvements. To testwhether theAUC is higher than the chance level,
a permutation test was implemented. The distribution of chance-level is
estimated with 1000 times permutation on the label. And P-value is the
probability that the real AUC is higher than the chance-level AUCs.

Results
Patient demographics and imaging characteristics
Weenrolled 389 patients withmidline gliomas (Fig. 1A); 280were excluded
for a lack of amino acid PET (n = 261) or poor imaging quality (n = 19).
Finally, 53 patients with H3K27M-mutant DMGs (34.5 ± 16.2 years old; 27
women, 26 men) and 56 with wild-type gliomas (40.9 ± 16.2 years old; 31
men, 25 women) were consecutively enrolled. Patients were randomly
separated into the internal cross-validation (n = 90) and test (n = 19)
cohorts via computer-generated random numbers.

More than one-third (19/53, 35.85%) of the H3K27M-mutant
(denoted as “H3K27Mmut”) DMGs were in the thalamus, followed by the
pons (16/53, 30.19%) and multiple regions (13/53, 24.53%), with similar
distribution frequencies in wild-type (denoted as “H3K27Mwt”) midline
gliomas. According to the 2021 WHO central nervous system oncology
classification, H3K27Mmut midline gliomas were totally diagnosed as
DMGs, WHO grade 4, whereas only half (28/56) of the wild-type midline
gliomaswereWHOgrade 4, with twoWHOgrade 3 cases and 26 low-grade
gliomas. IDH mutation was detected in 21.43% (12/56) of the H3K27Mwt

gliomas, but not in the DMGs (Table 1).
No significant statistical difference was found in the relationship

betweenH3K27Mstatus and conventional PET statistics, including themax
SUV within the tumour region, SUVmax (MET: 3.81 ± 0.99 in H3K27Mmut

and 3.70 ± 2.09 in H3K27Mwt, two-sample t-test, P = 0.84; FET: 3.36 ± 1.41

Table 1 | Participants’ demographic and imaging features

Whole dataset H3K27Mmut H3K27Mwt MET–PET FET–PET

No. of patients 109 53 56 42 67

Age

Range 6–68 6–67 16–68 7–67 6–68

Mean 37.8 34.5 40.9 39.7 36.6

Gender

Female 52(47.71%) 27(50.94%) 25(44.64%) 20(47.62%) 32(47.76%)

Male 57(52.29%) 26(49.06%) 31(55.36%) 22(52.38%) 35(52.24%)

Tumour location

Thalamus 41(37.61%) 19(35.85%) 22(39.29%) 15(35.71%) 26(38.81%)

Midbrain 1(0.92%) 0(0.00%) 1(1.79%) 0(0.00%) 1(1.49%)

Pons 37(33.94%) 16(30.19%) 21(37.50%) 12(28.57%) 25(37.31%)

Medulla 8(7.34%) 5(9.43%) 3(5.36%) 7(16.67%) 1(1.49%)

Multiple Regions 22(20.18%) 13(24.53%) 9(16.07%) 8(19.05%) 14(20.90%)

H3K27M status

H3 K27Mmut 53(48.62%) N/A N/A 20(47.62%) 33(49.25%)

H3 K27Mwt 56(51.38%) N/A N/A 22(52.38%) 34(50.75%)

IDH Status

IDH mutant 12(11.01%) 0(0.00%) 12(21.43%) 6(14.29%) 6(8.96%)

IDH wildtype 97(88.99%) 53(100.00%) 44(78.57) 36(85.71%) 61(91.04%)

MR imaging features

Enhanced 43(39.45%) 22(41.51%) 21(37.50%) 17(40.48%) 26(38.81%)

Nonenhanced 66(60.55%) 31(58.49%) 35(62.50%) 25(59.52%) 41(61.19%)
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in H3K27Mmut and 2.98 ± 1.53 in H3K27Mwt, two-sample t-test, P = 0.31)
and themaximum tumour to brain ratio (MET: 3.82 ± 1.25 in H3K27Mmut

and 2.86 ± 1.05 in H3K27Mwt, two-sample t-test, P = 0.09; FET: 3.39 ± 1.45
in H3K27Mmut and 2.98 ± 1.73 in H3K27Mwt, two-sample t-test, P = 0.31).
Representative images of H3K27M mutant and wild-type cases were
demonstrated in Fig. 2.

Prediction results for internal cross-validation cohort
In the internal cross-validation cohort, we tested on the radiomics-based
(with machine learning classifiers, support vector machine [SVM],
random forest [RF], and logistic regression [LR]) and CNN-based
methods using MET and FET separately as inputs (Fig. 3A–D and
Supplementary Table 2). First, for both MET and FET, all radiomics-

based methods exhibited worse predictability than the CNN-based
methods. The AUCs from the radiomics-based methods ranged from
0.4781–0.5836 at the slice level and 0.4152–0.6155 at the individual level.
The AUCs lower than 0.5 could be attributed to overfitting issues or
insufficiency of extracting useful information when using thesemethods
(we have tried other configurations or parameters while the results
remain similar). In comparison, the CNN yielded an AUC of
0.6803 ± 0.0236 using MET and 0.7384 ± 0.0238 using FET at the slice
level, while an AUC of 0.7474 for MET and 0.7452 for FET at the
individual level. The restricted predictability of CNN can be attributed to
the limited training samples.

Former studies evidenced thatMETandFET imagingpotentially share
features in imagingmanifestations15–17. This potentially provides a chance to

Fig. 2 | Representative images of H3K27M-mutant and wild-type midline glio-
mas (from left to right; images are CT, T2-Flair, gadolinium-enhanced T1 and
amino acid PET: 18F-FET in A and C; 11C-MET in B and D). A Nine-year-old
boy with diffuse midline glioma, H3K27Mmut; B 21-year-old man with diffuse

midline glioma, H3K27Mmut; C 39-year-old woman with left thalamus glio-
blastoma, WHO Grade 4, H3K27Mwt; D 55-year-old man with medulla astro-
cytoma,WHOGrade 2, IDHmut, H3K27Mwt. The red arrow indicates the location
of the tumour.
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increase the training samples by using both MET and FET. We thus tested
this bybuilding amodel trainedonmixeddata frombothMETandFETand
letting the model make predictions using either MET or FET (corre-
sponding results denoted as “MT-CNN”, Fig. 3A–D and Supplementary
Table 2).We combined the training and used validating splits implemented
in the respectiveFETandMETexperiments so that the comparison couldbe

fair. This model, simultaneously using information from MET and FET,
generated satisfactory predictions, which were only supported by nearly
60–70% accuracy andAUCs at the individual level, which is higher than the
theoretical chance level (i.e. AUC = 0.5). The results of this mixed model
verified the existence of common information between MET and FET.
However, compared with the results from CNNs trained on single PET

Fig. 3 | Results in internal cross-validation and hold-out testing cohort from the
differentmethods.A–D Internal cross-validation andE–GHold-out testing cohort.
A, B Boxplots for the slice-level results from MET and FET, respectively. C, D Bar
plots for the individual-level results from MET and FET, respectively.
E, F Corresponding slice-level results for A, B in the hold-out testing cohort, as bar
plots.G Bar plots for the individual-level results from combinedMET and FET data

in the hold-out testing cohort. * Results from CNN with assistance training (AT-
CNN) were significantly higher than those of the indicated method at P < 0.05. **
P < 0.01. *** P < 0.001. RO radiomics, SVM support vector machine, RF random
forest, LR logistic regression, MT mixed training, AT assistance training. Detailed
performance values are provided in Supplementary Table 2 for the internal cross-
validation cohort and in Supplementary Table 3 for the hold-out testing cohort.
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modalities, the mixed model performed poorly. This may be because a
model trained on both MET and FET could better learn the common
and generalisable features (combining MET and FET led to learning
more samples) for predicting H3K27M mutations, but some modality-
specific features were ignored. In addition, it can be observed that the
results tend to be biased to FET, where the samples could be more
sufficient. Therefore, we further designed an assistance training scheme
to allow the model to first learn the common features using both
modalities and then adapt to specific PET types by further learning the
targeted modality (“AT-CNN” in Fig. 3A–D and Supplementary Table
2). The AT-CNN provides improved predictability than that of the
originals without AT (“CNN” and “MT-CNN”). At the slice level, the
AUCs were significantly improved (P = 0.0065 for MET, P = 0.04 for
FET). At the individual level, the AT-CNN reached 91.18% accuracy for
MET and 82.76% accuracy for FET, yielding increases of 17.7% and
12.1%, respectively, compared with that of CNN. The AUCs of AT-
CNN were 0.9343 for MET and 0.8619 for FET, which shows different
levels of significant improvements when compared to other methods
(Fig. 4A, B). These results demonstrate the effectiveness of our proposed
AT scheme. In general, the MET-based models could be more benefit
from AT than FET-based models, as the usable training sample is
remarkably expanded.

Prediction results for hold-out testing cohort
We used a hold-out testing dataset to verify the internal cross-
validation results. The MT-CNN was excluded in this validation
because themixed training results only provide supporting evidence for
our proposed AT-CNN method. The slice-level metrics for MET and
FET yielded consistent evidence supporting the advantage of our
proposed method (Fig. 3E, F and Supplementary Table 3). The
radiomics-based methods exhibited poor predictability in most cases,
obtaining accuracies and AUCs of around 50%. Conversely, the CNN
showed superior performance over all radiomics-based methods, and
the AT-CNN further boosted the prediction precision. At the indivi-
dual level, for a reliable estimation, the overall prediction performance
was computed by combining both MET- and FET-based predictions
(all 19 patients) from the same method in the external validation (Fig.
3G and Supplementary Table 3). The respective results in MET and
FET can be found in Supplementary Table 3. The AT-CNN retained the
top position over other methods, achieving 78.95% accuracy, 87.50%
sensitivity, 72.73% specificity, and an AUC of 0.9205. This AUC is
significantly higher than the chance level with P < 0.001. Figure 4C
shows the corresponding ROC curves, which demonstrate the sig-
nificant (or nearly significant) advantage of the AT-CNN over all
competing methods.

Prediction results for the MRI-vs-PET comparison
The following analysis compared the PET-based and MR-based
H3K27M prediction methods. We selected participants with T1C,
T2-FLAIR, and PET data for this experiment. Owing to data avail-
ability, the FET dataset was used for the major validation; the MET
dataset was used for the AT (see Methods). We restricted the com-
parison within the single-modal model to test the advantages of PET-
based analysis.

The FET-based model demonstrated higher predictability than the
MR-based models, supported by slice- and individual-level evidence
(Fig. 5 and Supplementary Table 4). At the slice level, using only the
training samples from the FET dataset (without AT or augmented data),
the T1C-based and T2-FLAIR-based models yielded AUCs of
0.6276 ± 0.0494 and 0.6253 ± 0.0948, respectively, while the FET-based
model yielded an AUC of 0.7316 ± 0.1046. Implementing data aug-
mentation boosted the performances of the T1C-based and T2-FLAIR-
basedmodels by different degrees, but they still failed to outperform the
FET-based model with AT. Similar trends occurred at the individual
level, where FET-based CNN with and without AT achieved the best

performances when compared to their corresponding versions based on
T1C and T2-FLAIR. The final model, “FET AT”, yielded 82.98%
accuracy and an AUC of 0.9182, which were significantly higher than
the results fromMR-based models (with data augments) with increases
of approximately 0.20–0.25. The ROC analysis supported the improved
AUC exhibited by our method (Fig. 4D).

Prediction results for consecutive testing cohorts and reliability
of sampling protocol
We further applied the establishedmodel to a consecutive testing cohort
without any tuning, which strictly examines the reliability of the AT-
CNNmodels under a real-world setting (seeMethods). The consecutive
testing is the most difficult setting among all the presented validations,
and it could provide the strongest evidence about our method’s capa-
city. In this dataset, the AT-CNN achieves an accuracy of 71.43%, a
sensitivity of 66.67%, and a specificity of 100.00% on 7 participants with
MET scans and an accuracy of 71.43%, a sensitivity of 71.43%, and a
specificity of 71.43% on 14 participants with FET scans. Note that the
FETs were collected using different reconstruction protocols. Our
model yields 80% accuracy, 66.67% sensitivity, and 100.00% specificity
on 5 FBP-based FET data and 66.67% accuracy, 75.00% sensitivity, and
60.00% specificity on 9 OSEM-based FET data. Combining all data, we
estimated that our model obtains an accuracy of 71.43%, a sensitivity of
69.23%, a specificity of 75.00% and an AUC of 0.7404 (P = 0.028,
indicating predictability being significantly higher than chance level) in
the consecutive testing (Fig. 4E).

Note that the predictions for hold-out testing and consecutive testing
were essentially performed by the samemodel, we also didmetrics statistics
using integrated data of both cohorts (n = 40). AT-CNN yields an accuracy
of 75.00%, a sensitivity of 76.19%, a specificity of 73.68% and an AUC of
0.8170 (P < 0.001) under this setting (Fig. 4F).

Clinical feasibility test of AT-CNN
Here, we presented three cases (all FET data) to test the clinical feasi-
bility and demonstrate the application of AT-CNN. These patients were
pathology-uncertain cases, and comprehensive treatment decisions
were derived by multiple-department treatment (MDT); we expected
the AT-CNN can offer aligned guidance (Fig. 6). In this analysis, we
kept using the same fixed model as above without tuning. In the fol-
lowing analysis, we used a cut-off probability of 60.92%, informed by
the ROC curve in Fig. 4C.

The first case is a 59-year-old female with a lesion located in the right
thalamus. Due to tumour heterogeneity, postoperative pathology revealed
glial proliferation with nuclear atypia. After the MDT discussion, midline
glioma (H3K27Mwt) was first considered; the patient opted for follow-up
observation. Independently, AT-CNN gave a negative prediction (45.76%
probability of supporting H3K27Mmut). Currently, overall survival (OS)
exceeds 40 months, and the latest MRI examination shows the lesion has
progressed to both thalami, confirming the prediction of H3K27Mwt

glioma.
The second case is a 35-year-old male with a mass in the left

midbrain, pons, and cerebellum. Considering the diffuse high signal on
T2-FLAIR, the surgeon chose the cerebellum as a relatively safe target
for biopsy. Postoperative pathology indicated cortical tissue with cel-
lular atypia, tending to Grade 2 astrocytoma, however DIPG cannot be
excluded. The AT-CNN predicted the probability of the tumour being
an H3K27M mutant type as 79.65%, aligned with the MDT discussion.
Currently, the patient is receiving postoperative radiotherapy and
chemotherapy. The OS was less than 13 months, being consistent with
the epidemiology of DMG.

The third case is a 7-year-old child presented with hydrocephalus,
and the lesion was located in the pons and left middle cerebellar ped-
uncle. After MDT discussion and extensive communication with the
child’s parents, non-invasive treatments, including radiotherapy and
chemotherapy, were chosen. AT-CNN indicated the patient has an
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87.83% probability of being H3K27Mmut DMG, also suggesting a poor
prognosis. In the third month after radiotherapy, the symptom was
alleviated, and MRI indicated tumour regression. Currently,
progression-free survival (PFS) is over 6 months, and the patient is
undergoing follow-up.

Explorations on the potential biological basis
The biological basis underlying the success of prediction fromMET and
FET to H3K27M status is of broad interest. Using Grad-CAM (see
Methods), we preliminarily investigated the predictive features encoded
in the deep layers. In Fig. 7, in the exemplified cases, for both FET and
MET, the predictive features are located on the high-uptake regions
near the brainmiddle line (the tumour regions). Note that the predictive
area covers broader than the original high-uptake region, which may
imply that the AT-CNN is also considering the surrounding tissues of
tumours.

Step further, based on the transport selectivity of amino acids and
the findings in literature24, LAT1 (encoded by the SLC7A5 gene) is
recognised as the primary transporter for both MET and FET. To

investigate this, we utilised the CPTAC and OpenPBTA databases in
Paediatric cBioPortal to examine the mRNA and protein expression
levels of SLC7A5 in H3K27M wild-type and mutant samples. In Sup-
plementary Fig. 2, our analysis did not reveal significant differences in
the expression levels of SLC7A5 between wild-type and mutant sam-
ples. Specifically, the CPTAC database results are WT vs. MT:
5.05 ± 1.09 vs. 5.30 ± 0.661, P = 0.58, n = 15 vs. n = 7, for mRNA
Expression, and WT vs. MT: −0.164 ± 0.674 vs. −0.058 ± 0.574,
P = 0.72, n = 18 vs. n = 7 for protein expression. Similarly, the Open-
PBTA database indicates WT vs. MT: 5.25 ± 1.03 vs. 5.45 ± 0.883,
P = 0.22, n = 62 vs. n = 66 in mRNA expression. This negative result
could be attributed to the limited sample size and the coarse bulkmRNA
and protein expression levels reflecting the average outcomes of the
entire tumour tissue sample.

Discussion
In the presented work, we proposed a non-invasive AT-CNNmodel to
predict the H3K27M mutation status with preoperative amino acid
PET, achieving 91.18% accuracy with an AUC of 0.9343 for MET and

Fig. 4 | Receiver operating characteristic (ROC)
curves of individual-level predictions from the
different methods and experiments. A, B ROC
curves and Delong’s test results for the internal
cross-validation cohort using MET and FET.
C Overall (MET and FET combined) results for the
hold-out testing cohort.DMRI-vs-PET comparison
results. P-values from one-sided Delong’s test were
stated in the figure legends. *P < 0.05. **P < 0.01.
***P < 0.001. E Overall results for consecutive
testing cohorts. F Overall results for combined data
from hold-out and consecutive testing cohorts. P-
values from the permutation test.
*P < 0.05. ***P < 0.001.
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82.76% accuracy with an AUC of 0.8619 for FET in the internal cross-
validation cohort. The predictability is robustly high when testing the
method on the hold-out test cohort using both PET types (accu-
racy = 78.95%, sensitivity = 87.50%, specificity = 72.73% and AUC =
0.9205), which shows significant advantages over other competing
methods. In addition, the relatively high reliability of our method was
directly supported by the results using a consecutive test dataset,
containing both types of PET and even data collected with different
protocols (accuracy = 71.43%, sensitivity = 69.23%, specificity =
75.00%, and AUC = 0.7404). Finally, using MDT-based decisions and
clinical outcomes from three exemplified patients, we demonstrated
ourmodel can be clinically feasible. The biological basis underlying the
success of our method was preliminarily explored. To the best of our
knowledge, our study is the first to establish effective deep-learning
models on amino acid PET to accurately predict H3K27M mutation.
The method is promising to benefit from accurate pathological diag-
nosis and identification of key genes as the foundation for the whole
treatment for midline gliomas.

Previous studies of non-invasively predicting H3K27M status in
patients with midline gliomas were primarily based on radiomics
methods and other imagingmodalities. Pan et al. recruited 151 patients
and implemented RF on radiomics features from pre- and post-
contrast T1 and T2 images25. They achieved 84.44% accuracy and an
AUC of 0.8298 in the test cohort. Su et al. applied a tree-based pipeline
optimisation tool on radiomics from 100 T2-FLAIR data points and
tested it on 22 independent patients, obtaining an AUC of 0.8526.
Compared with MRI, MET, and FET, serving as exogenous radio-
tracers, exhibit the remarkable ability to be actively uptaken by tumour
cells. Studies have shown that amino acid PET scans surpassed con-
ventional MRI for tumour delineation, especially in areas outside
enhanced regions27. To support the advantage of amino acid PET, we
performed direct comparisons between radiomics and CNN and
between MRI and PET on our data and observed the superiority of
CNN- and PET-based methods over radiomics- and MRI-based
methods, respectively.

In terms of methodology, our proposed method has several
novelties and merits. First, being different from previous radiomics-
based methods, which heavily depend on tumour segmentation, our
proposed method does not require accurate tumour segmentations or
fine tissue registrations. A rough localisation of the brainstem and
thalamus for slice selections is sufficient for our method to work with
high accuracy. In our testing conditions, our fully automatic procedure,
from preprocessing to the prediction generation, can be completed
within two minutes for one subject, which could significantly improve
the diagnosis efficiency. Second, the AT is proposed based on previous
observations of common diagnostic information for FET andMET15–17.
AT allowsmutual assistance between FET andMET during the training
process to significantly boost prediction performance. The success of
our AT scheme also supports the existence of commonness between
FET andMET. Additionally, it uses information frommultimodal PET
data but does not require input from multimodal PET during the
inferences, which fits clinical practices where patients will rarely
undergo multiple PET scans. Our AT thus offers practical benefits for
applications of MET and FET. Note that the sampling of MET is
restricted by its imaging mechanism, as the half-life period of the C
marker is quite short compared to the F marker used in FET, so often
MET could be applied to fewer patients than FET. Using theAT scheme,
the shortage of training samples would be eased as two modality data
can be flexibly collected and both can promote the model. A reliable
model would be established with AT at a faster pace than conventional
methods where only one type of data can be used. To conclude, our
method provides a novel and flexible multimodal prediction frame-
work. In principle, more PET data modalities can be included to form a
larger dataset for the AT, the model can then be transferred to improve
the prediction based on any of the modalities once the common
information among the PET data is determined.

Recently, several novel treatment strategies and clinical trials have
been conducted in diffuse midline glioma. Among them, dordaviprone
(also referred to as ONC201 and TIC10) is a first-in-class, brain
penetrant, small molecule of the imipridone family, with reported case
study benefits for the treatment of H3K27Mmut DMG28. Other treat-
ments include molecular-based target therapy, immunotherapy29,
tumour treating field30 and boron neutron capture therapy31. Drugs
targeting deregulated H3 mutations, such as GSK-J4, an H3K27M
demethylase inhibitor that increases H3K27me3 in vivo, have been
tested in humans32. These therapies aim to induce tumour cell death,
arrest the cell cycle, modulate chromatin expression, and limit differ-
entiation. However, molecular classification of tumours, especially for
the key genes like H3K27M status, is inevitable for all these novel
treatment strategies. Thus, our proposed non-invasive model to pre-
dict H3K27M status with high efficiency and user-friendly is urgent in
clinical practice, and may benefit those patients not available for
surgery.

Despite the success in the prediction ofH3K27Mmutant status, the
biological basis underlying this success remains a puzzle. Potentially
due to the limited sample size and the coarse bulk mRNA and protein
expression levels reflecting the average outcomes of the entire tumour
tissue sample, we did not detect significant differences in the transporter
for MET and FET between wide type and mutant groups. In general,
these findings align with our observations that there is no significant
difference in max SUV uptake levels between the two patient groups,
which is coincident with previous investigations using MET and FET
based on conventional uptake metrics12,24,33. However, our results sug-
gest that there exist certain changes in the imaging but the changes are
not captured by simple uptake level differences. The advantage of using
the deep learningmethod is that they canmodelmore complex features,
such as high-order co-variance between uptake changes in different
places. As indicated by the Grad-CAM analysis, we detected that the
CNN would utilise the abstract feature from the spatial characteristics
from the image manifestations of the tumour and its surrounding

Fig. 5 |MRI-vs-PET experiment results fromdifferent configurations.ABoxplots
for the slice-level results; B bar plots for the individual-level results. * results with
PET-based AT were significantly higher than those of the indicated method at
P < 0.05. **P < 0.01. ***P < 0.001. T2-F: T2-FLAIR. DA data augmentation, AT
assistance training. Detailed performance values are provided in Supplementary
Table 4.
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tissues in MET and PET. However, this limited interpretability of CNN
could not provide more intuitions on the exact feature and prevents
further biologically meaningful explorations. We expect the develop-
ment of analysing tools for the interpretability of deep learning models,
hypothesis-driven analysis, and cell-level experiments would result in a
solution to this puzzle.

Our study remains limited in certain aspects. Although we impli-
citly augmented the data using AT and slice-based learning, the sample
size for building the model was still small. With more data, the model
and validation results will be more reliable, and a more advanced deep
learning module for mining complex and long-range spatial features,
such as Transformer34 may be applied. As the tumour information could
be more essential in 3D and the “Pyradiomics” toolbox is designed to be
more suitable for 3D inputs, the potential of 3D-based CNN and
radiomicsmethods should also be further explored when the sample size
reaches a certain level. Further, our study included both adults and

children, where the PET image characteristics could be different.
Though our model satisfactorily adapts to both situations, a detailed
exploration of the two subgroups could be needed when the sample size
in each age group is large enough. Additionally, theMRI data used in this
studywere collected frommultiple sites, which potentially influences the
predictability of MRI-based models, though we have implemented
several normalisations. A more systematic comparison could be needed
when data is available. Correspondingly, our method’s performances
remarkably dropped in the OSEM FET data in the consecutive test.
Therefore, one should admit that these exists an effect on the model’s
performance from the sampling protocol’s variation. If applying our
method to multi-centre data, we anticipate that proper data normal-
isation or further fine-tuning would be necessary. What is more, we did
not explore themodel using combinedMRI and PET data, which should
allow for the construction of a more comprehensive and precise pre-
diction model. Developingmethods to optimally combine different data

Fig. 6 | The consistency between AT-CNN prediction and MDT-based decisions. Three pathology-uncertain exemplary cases of midline glioma are depicted, with the
probability of H3K27M mutant from the model prediction, the corresponding MDT-based decision, the received treatment, and current clinical outcomes.
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modalities remains an open and important topic in methodology, and
more focused studies are warranted.

In conclusion, we constructed the first deep learning algorithm on
amino acid PET to non-invasively predict H3K27M mutations of midline
gliomas. The model intelligently combined the strengths of both FET and
MET modalities, resulting in sufficiently high diagnostic accuracy that
significantly outperformed those models based on MRI or radiomics and
other conventional methodological schemes. The model is applicable to
clinical scenarios and will promisingly aid in genetic diagnosis, surgical
strategy, and adjuvant treatment decision-making for midline gliomas.

Material availability
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