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Abstract

Objective This study aims to evaluate the effectiveness of deep learning features derived from multi-sequence
magnetic resonance imaging (MRI) in determining the O°-methylguanine-DNA methyltransferase (MGMT) promoter
methylation status among glioblastoma patients.

Methods Clinical, pathological, and MRI data of 356 glioblastoma patients (251 methylated, 105 unmethylated) were
retrospectively examined from the public dataset The Cancer Imaging Archive. Each patient underwent preoperative
multi-sequence brain MRI scans, which included T1-weighted imaging (TTWI) and contrast-enhanced T1-weighted
imaging (CE-TT1WI). Regions of interest (ROIs) were delineated to identify the necrotic tumor core (NCR), enhancing
tumor (ET), and peritumoral edema (PED). The ET and NCR regions were categorized as intratumoral ROIs, whereas
the PED region was categorized as peritumoral ROIs. Predictive models were developed using the Transformer algo-
rithm based on intratumoral, peritumoral, and combined MRI features. The area under the receiver operating charac-
teristic curve (AUC) was employed to assess predictive performance.

Results The ROI-based models of intratumoral and peritumoral regions, utilizing deep learning algorithms on multi-
sequence MRI, were capable of predicting MGMT promoter methylation status in glioblastoma patients. The com-
bined model of intratumoral and peritumoral regions exhibited superior diagnostic performance relative to individual
models, achieving an AUC of 0.923 (95% confidence interval [CI]: 0.890 — 0.948) in stratified cross-validation, with sen-
sitivity and specificity of 86.45% and 87.62%, respectively.

Conclusion The deep learning model based on MRI data can effectively distinguish between glioblastoma patients
with and without MGMT promoter methylation.
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Key Points

in glioblastoma.

status.

1.The MRI peritumoral features have a beneficial effect on the diagnosis of MGMT promoter methylation status

2.The combination of intratumoral and peritumoral T1WI and CE-TTWI MRI features has the optimal diagnostic accu-
racy for evaluating the methylation status of MGMT promoter in glioblastoma.

3.The developed Transformer deep learning model improved diagnostic efficacy of MGMT promoter methylation

Keywords Glioblastoma, O°-methylguanine-DNA methyltransferase, Magnetic resonance imaging, Deep learning

Introduction
Glioblastoma ranks among the most invasive brain
tumors, characterized by a high degree of malignancy [1,
2]. Despite progress in medical treatments such as sur-
gery, radiotherapy, and chemotherapy, the prognosis for
glioblastoma patients remains dismal [3]. Temozolomide
(TMZ), a standard component of glioblastoma treat-
ment regimens, shows therapeutic efficacy closely linked
to the methylation status of O°-methylguanine-DNA
methyltransferase (MGMT) [4, 5]. MGMT, a DNA repair
enzyme, experiences inhibited DNA repair activity when
its promoter is methylated, rendering tumor cells more
susceptible to the cytotoxic effects of TMZ [6]. There-
fore, MGMT promoter methylation level serves as a cru-
cial indicator of the effectiveness of alkylating agents in
controlling glioblastoma cells [7]. The primary method
for determining MGMT promoter methylation status
currently involves surgical sampling, followed by detec-
tion via methylation-specific polymerase chain reac-
tion (PCR), pyrosequencing (both detecting the MGMT
promoter region directly), or immunohistochemistry
(identifying MGMT protein expression) [4]. However,
these methods are time-consuming and pose potential
risks of neurological damage during biopsy. Given the
highly heterogeneous nature of glioblastoma, pathologi-
cal tissue obtained via biopsy may not fully represent the
tumor’s biological characteristics. Magnetic resonance
imaging (MRI) effectively illustrates the invasive extent
and mass effect of glioblastoma, making it the preferred
imaging modality for its examination [8—10]. Research
has indicated that imaging features of the tumor micro-
environment provide additional valuable insights into
the tumor’s biological characteristics [11, 12]. Hence, this
study aims to investigate the efficacy of assessing MGMT
promoter methylation status through intratumoral and
peritumoral imaging features derived from multipara-
metric MRL

In recent years, artificial intelligence (AI) has emerged
as a novel non-invasive approach for tumor research
[13, 14]. By establishing associations between imaging
data and clinical data, Al has enhanced the precision of

tumor diagnosis and treatment, demonstrating exten-
sive potential in guiding clinical decision-making [15].
The Transformer algorithm, a deep learning model rel-
evant to brain tumor diagnosis and treatment, has gar-
nered significant attention from researchers [16]. The
Transformer model employs attention mechanisms to
accelerate training speed, enabling effective processing
and analysis. Studies have indicated that Transformers
are pivotal in brain tumor MRI analysis, with substantial
implications for pathological grading based on MRI and
tumor tissue sections, prediction of brain tumor molecu-
lar expression, and forecasting brain tumor radiotherapy
outcomes [17-19]. Consequently, this study intends to
utilize the Transformer algorithm to extract intratumoral
and peritumoral imaging features from MRI and develop
a predictive model for assessing MGMT promoter meth-
ylation status in glioblastoma patients, aiming to offer
crucial informational guidance for related clinical diag-
nosis and treatment.

Materials and methods

Patient information

This retrospective study was conducted in accordance
with the principles of the Declaration of Helsinki, utiliz-
ing case data from The Cancer Imaging Archive (TCIA)
[20, 21]. The inclusion criteria included: (1) comprehen-
sive imaging, pathological, and clinical data; (2) patholog-
ical confirmation of glioblastoma (WHO CNS 2021) with
a definitive diagnosis of MGMT promoter methylation
status (in house method developed by UCSF clinical labs,
https://genomics.ucsf.edu/content/mgmt-promoter-
methylation-assay); (3) surgical intervention within one
week following MRI examination; and (4) absence of any
prior surgical, radiotherapy, or chemotherapy treatments
before the MRI examination. The exclusion criterion was
defined as poor visualization of lesions in MRI images,
impeding data analysis. Consequently, 356 patients were
incorporated into the study, with relevant clinical infor-
mation, such as patient gender and age, documented

(Fig. 1).
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Patients who underwent surgical treatment
within one week after MRI examination
and were confirmed to have glioblastoma
by postoperative pathology (n=500)

clinical data

analysis

Exclusion criteria
* The patient has a moderate history of
brain injury or stroke
* Incomplete imaging, pathological, and

* Poor image quality prevents data

Final patients (n=356)

v
MGMT promoter
methylation
(n=251)

Fig. 1 Flow diagram of the patient selection process

Inspection methods

All preoperative MRI was performed on the same
model of 3.0 T scanner (Discovery 750, GE Healthcare,
Waukesha, Wisconsin, USA) and a dedicated 8-channel
head coil (Invivo, Gainesville, Florida, USA). The imag-
ing protocol included T1-weighted imaging (T1WI) and
contrast-enhanced T1-weighted imaging (CE-T1WI). All
tumors were tested for MGMT methylation status using
a methylation sensitive quantitative PCR assay.

Image segmentation

The T1WI and CE-T1WI sequences were imported into
ITK-SNAP software (Version 3.60, http://www.itk-snap.
org). Initially, all lesions were segmented automati-
cally utilizing a segmentation algorithm focusing on the
region of interest (ROI) of the entire primary lesion.
Subsequently, these segmentation outcomes were manu-
ally refined by a radiologist with five years of experience,
alongside an associate chief radiologist with 12 years of

v
MGMT promoter
unmethylation
(n=105)

experience. Figure 2 illustrates the lesion segmentation
process. The segmented areas encompassed the necrotic
tumor core (NCR), enhancing tumor (ET), and peritu-
moral edema (PED). In this investigation, the segmented
ET and NCR regions were categorized as intratumoral
ROI, whereas the PED region was classified as peritu-
moral ROL

Development of Transformer deep learning model

Image data preprocessing

Initially, image data are preprocessed to achieve a stand-
ardized format for the model. TIWI and CE-T1WI
sequences are co-registered using FSL software (Version
5.0, https://fsl.fmrib.ox.ac.uk) and uniformly resampled
to an isotropic resolution of 1 mm?. Utilizing the SPM
tool (https://www.fiLion.ucl.ac.uk/spm/), skull-stripping
and random axial mirroring are executed according to a
standard head MRI data template. Subsequently, image
normalization is performed, involving cropping to a
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CE-T1WI tumor

Fig. 2 Segmentation illustration of tumor T1WI and CE-TTWI sequence imaging. Patient a is a 66-year-old male with unmethylated MGMT status,
and patient b is a 68-year-old female with methylated MGMT status. The red region represents the NCR, the yellow region represents the ET,

and the green region represents the PED

uniform size and rescaling image intensity to a range of
0-1[22].

Saliency-aware enhancement of ROl

Image data and ROI are input into the model simulta-
neously. Since the tumor often occupies a small area in
a brain MRI, a saliency-aware method is introduced to
emphasize the tumor ROI to allow the model to focus
on the intratumoral ROIs or peritumoral ROIs. Based on
tumor masks, the intensity values of pixels in the non-
tumor regions are scaled down by a certain factor (for
example, 1/3 of their original values in our tests). Con-
sequently, the significant tumor regions are highlighted.

Data partitioning

Exploiting the characteristics of the Transformer,
input glioblastoma images are segmented into multiple
patches, each constituting a fixed-size square region.

Embedding layer

Each patch undergoes transformation into a fixed-dimen-
sional vector through linear transformation, a process
referred to as patch embedding, to facilitate subsequent
model computations.

Positional encoding

To retain the positional information of patches within
the image, positional encoding is incorporated into each
patch, aiding the model’s comprehension of spatial rela-
tionships within the image.

Transformer encoder

An encoder, structured with a series of Transformers, is
employed to process the embedded vectors. The input
data are subjected to interaction and transformation
through multi-head self-attention (MSA) mechanisms
and multilayer perceptron (MLP) structures.

Decoder
Post-encoding, the data are relayed to the decoder via
skip connections, progressively generating deep learning
features.

Feature fusion

The extracted deep learning image features are inte-
grated with clinical features, and the predictive out-
comes for glioblastoma MGMT promoter methylation
status are generated through fully connected layers.

Training and optimization

Model training and optimization are continuously exe-
cuted throughout the process via backpropagation and
optimization functions, enhancing its efficacy in predict-
ing glioblastoma MGMT promoter methylation status.

The schematic diagram of the Transformer model are
shown in Fig. 3. The optimization details for the Trans-
former model in this study are as follows:

In step (c) mentioned above, whereas conventional
natural language processing employs a Transformer
for one-dimensional input encoded sequences, this
research considers glioblastoma imaging data as three-
dimensional input voxels characterized by dimensions
x € RITXWXDXC (where H, W, and D represent the reso-
lution, and C represents the number of input channels).
These voxels are partitioned into flattened, uniform, non-
overlapping patches. Each patch has a resolution of P,
resulting in a sequence length of N = (H x W x D)/P>.

In steps (d) and (e) mentioned above, all patches are
projected into a K-dimensional embedding space via a
linear layer, maintaining consistency across the Trans-
former layers. To retain the spatial feature information of
each extracted patch, a one-dimensional learnable posi-
tional embedding E,y € RN*K s incorporated into the
projected patch embedding E € R >-C)xK
lowing method:

using the fol-
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Fig. 3 Schematic diagram illustrating the details of the Transformer model used in this study

20 = [4yE; X2E; ... ) E1+Epos 1)
In step (f) mentioned above, the transformer blocks,
encompassing MSA and MLP sublayers, are stacked

using the following formula:

Z'i = MSA(Norm(zi—1)) + zi—1,i = 1..L (2)

z;i = MLP(Norm(z';)) + z/;,i = 1..L (3)

where Norm() represents the normalization layer, while
MLP consists of two linear layers with GELU activation
functions. i represents the identifier of the intermedi-
ate patch, and L represents the number of Transformer
layers.

An MSA sublayer comprises #n parallel self-attention
(SA) mechanisms. SA is a parameterized function that
learns the mapping relationships between the query
(q) matrix, corresponding key (k) matrix, and value (v)
matrix of sequence z € RN*X, The SA weight matrix A is
computed by evaluating the similarity between key-value
pairs in z using the following formula:

k"

A = softmax(——= 4
fimax(4) @
where Kj, = %( represents a scaling factor that maintains
a constant parameter count when selecting different
k-values. The calculated attention weight matrix is used
to compute the SA output by weighting the values in the

sequence as follows:

SA(z) = Av (5)

where v represents the values of the input sequence. Fur-
thermore, the output of MSA is defined as:

(6)

Wnsa € R7Knxk represents the multi-head trainable

MSA(z) = [SA1(2); SA2(2); ...; SAR(2) I Winsa

parameter weights.
In step (g) mentioned above, the multi-resolution

features of the encoder are integrated with the decoder

to extract a sequence representation z;(i € {3,6,9,12})

with dimensions W x K. This representation is
Ho Wy % x K

then transformed into a tensor of size 7 x
through a Transformer. At each resolution level, the
reconstructed tensor is projected from the embedding
space to the input space through consecutive 3 x 3 x 3
convolutional layers and normalization layers.

Within this bottleneck structure encoder, the trans-
formed feature maps undergo deconvolution, effec-
tively doubling their resolution. The upsampled feature
maps are then concatenated with those produced by
the Transformer. These combined features are subse-
quently input into consecutive 3 x 3 x 3 convolutional
layers, followed by a deconvolution layer for further
upsampling. This sequence is iteratively repeated
for subsequent layers until the original resolution is
achieved. Ultimately, the output is fed intoal x 1 x 1
convolutional layer with a softmax activation function,
generating the glioblastoma MGMT promoter methyla-
tion status results.

In step (h) mentioned above, due to the imbalanced
dataset in this classification problem, where the ratio
of MGMT promoter methylated to unmethylated
samples is approximately 2.5:1, a dynamic focal loss
function was implemented. A modulating factor was
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introduced to diminish the weight of easily classified
samples, thus enabling the model to prioritize difficult-
to-classify samples during training. Throughout model
training, the loss contributions from different classes
were independently rebalanced based on the imbalance
degree between positive and negative samples within
each class. The loss was dynamically adjusted accord-
ing to the training status of various classes to address
the sample imbalance issue, thereby enhancing model
performance and achieving accurate prediction results.

(7)

The likelihood of a sample being predicted as methyl-
ated by the model is represented as p;, while o, and y/
represent pivotal hyperparameters balancing positive and
negative samples.

Schematic diagram of the research process is shown in
Fig. 4. The performance of each classifier was ultimately
assessed by computing the average values of the AUC,
sensitivity, specificity, and standard error derived from
validation.

DFL(p;) = —a, (1 — py)” log(py)
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Statistical analysis

To compare categorical data between groups, Chi-square
tests were applied, whereas Mann—Whitney U tests or
independent samples ¢-tests were utilized for continu-
ous data comparisons. The performance of the predictive
models was assessed by evaluating AUC, sensitivity, spec-
ificity, and standard error. All statistical analyses were
performed using R software (Version 4.3.3). A P<0.05
was deemed statistically significant. Institutional Review
Board approval was obtained.

Results

Statistical analysis of clinical features

In this study, 251 patients with MGMT promoter methyl-
ation and 105 patients without MGMT methylation were
included. A significant difference in gender distribution
between the two groups was found (Table 1). Therefore,
gender was included as a clinical indicator in the model.

Model construction
Clinical information was integrated with intratu-
moral and peritumoral data from T1WI and CE-T1WI

1. Data curation 2. Data processing 3. Modelling 4. Results evaluation
1a. Patient inclusion | 2. Image Preprocessing 3a. Feature extraction 3b. Obtaining 4a. Model trainin
results o ;
* GB patients T1WIL,,,, model
* TIWI,,; model
* Known MGMT status 5 MGMT + CE-TI1W,,,, model
» Complete MRI and E * CE-TIWI,,; model
S
Clinical information TIWI CE-T1WI E * TIWIyqeprei model
= = Promoter o CE-T1WI,y .0 model
EI = = 2 1
. 2 Methylated * TIWIy, *CE-TIWI,,,, model
1b. ROI segmentatio « Resampling " , “3 * TIWL,;+CE-TIWI,; model
mage feature = prei prei
* Skull-stripping % ¢ TIWIygeprei T CE-TIWI 0 i model
= * Hierarchical cross validation
» Random flipping . . (O ProTcier
* Normalizati # * —@ 4b. Model evaluation
ormatization ﬁ ﬁ —O— Unmethylated -
»isalzed Clinical feature Al ] H//
* Rescaled « Sensitivity )
e * Specificity
« Standard error
Fig. 4 Schematic diagram of the research process
Table 1 Statistical analysis of clinical features
Characteristic Methylation (n=251) Unmethylation (n=105) z/Chi-Square P value
Age (years) 59.26+13.77 59376+13.72 -0.747 0.455
Gender 6.671 0.010
Male 140 (55.78%) 74 (70.48%)
Female 111 (44.22%) 31 (29.52%)
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sequences and input into the Transformer algorithm
to sequentially construct nine models. These mod-
els comprised four single-sequence models (T1WI,,,
model, TIWIL,; model, CE-T1WI,,, model, and CE-
T1WI,; model), two single-sequence combined intra-
tumoral and peritumoral models (TIWL,, e model
and CE-T1WI . pei model), two multi-sequence
models (T1WI;,,.., model+CE-T1WI; .. model and
T1WI,.;+CE-TIWL,,; model)) and one multi-
sequence combined intratumoral and peritumoral model

(T1WI +CE-T1WI, model).

intra+-peri intra+peri

Predictive performance

Stratified cross-validation was utilized in this study for
model training and validation. The generalization abil-
ity of each model was evaluated through five-fold data
partitioning, training, and testing, ensuring that the
ratio of MGMT promoter methylated to unmethylated
samples in each training and test set closely mirrored
that of the entire dataset, thereby maintaining data rep-
resentativeness throughout the cross-validation process.
The results (Table 2) indicated that both intratumoral
and peritumoral models of TIWI and CE-T1WI were
markedly correlated with MGMT promoter methylation
status. When using single-sequence MRI, the CE-T1WI-
intra Model exhibited the best performance in predicting
MGMT promoter methylation status (AUC: 0.867, Sen-
sitivity: 83.67%, Specificity: 80.95%, SE: 0.0192). Regard-
less of intratumoral or peritumoral models, CE-T1WI
outperformed T1WT in prediction results, and the AUC
differences between T1WI and CE-T1WI models were
not statistically significant (T1WI; model vs. CE-

intra
T1WI;,, model: Z=0.210, P=0.8339; T1WI ., model

peri
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vs. CE-T1WI,; model: Z=0.0602, P=0.9520). As shown
in Table 2, combined models (T1WL,, e model and
CE-T1W1 a4 peri model) demonstrated enhanced diag-
nostic performance compared to individual intratumoral
or peritumoral models, with no significant difference in
AUC between TIWT;,,, 4 peri model and CE-TIW T 4 peri
model (Z=0.539, P=0.5901).

In comparison to single-sequence MRI models,
the multi-sequence combined MRI models showed
enhanced diagnostic performance. The T1WI, .+ CE-
TIWL, model, T1WI,+CE-TIWL,, model,

intra
and  T1WI; +CE-T1Wliyaiperi  model  all

intra+peri
achieved AUC valpiles above 0.90. Of these models, the
TIWLratperit CE-TIWL 0 peri model  exhibited  the
highest predictive accuracy (AUC: 0.923, Sensitivity:
86.45%, Specificity: 87.62%, SE: 0.0141). Furthermore, no
significant difference in AUC was observed between the
T1WIL;y, + CE-TIWI,,, model and the T1WI,,;+ CE-
T1WI,; model (Z=0.471, P=0.6379). The significance
level P for all nine models was less than 0.0001.

The ROC curves (Fig. 5) illustrate that models con-
structed using T1WI and CE-T1WI are effective in
diagnosing MGMT promoter methylation status, with
all nine models achieving AUC values exceeding 0.85.
Based on the H-L test, the p-values for the TIWIL, .,
model, TIWI,.; model, CE-T1WI,,,, model, CE-T1WI-
model, TIWL, ;. peri model, CE-TIWL, . e, model,
T1WI,y + CE-TIWL,,, model, T1WL,,+CE-T1WI-
peri model, and TIWL o veri+ CE-TIWL ey model
compared to actual observations were 0.115, 0.144, 0.0,
0.0, 0.025, 0.0, 0.0, 0.018, and 0.0, respectively. The latter
seven models displayed good agreement with the actual

values. Decision curve analysis (DCA) and calibration

peri

Table 2 Prediction results of MGMT promoter methylation status using different models

AUC (95% confidence interval) Sensitivity (%) Specificity (%) Standard error

Single-sequence models

TTWlipra Model 0.861 (0.820—0.895) 8247 76.19 0.0228

T \/le,e‘ model 0.850 (0.809—0.886) 76.49 78.10 0.0229

CE-TTWI; o model 0.867 (0.828—0.901) 83.67 80.95 0.0192

CE-TTWI,.o; model 0.852 (0.811—0.887) 79.28 81.90 0.0205
Two single-sequence combined intratumoral and peritumoral models

TIWli s prei Model 0.874 (0.631—0.865) 75.30 81.90 0.0206

CE-TTWl 4 pre MOdel 0.889 (0.851—0.920) 85.26 80.95 00177
Multi-sequence models

TIWI,,, + CETIWI,,, model 0914 (0.879—0.941) 83.67 8381 00155

T1\/\/Ipre‘+CE-T1\/\/Ip,e‘ model 0.901 (0.865—0.930) 86.06 84.76 0.0215
Multi-sequence combined intratumoral and peritumoral model

TIWih o pret + CETIWIL 10, e mOdel 0.923 (0.890—0.948) 86.45 87.62 0.0141

MGMT Q%-methylguanine-DNA methyltransferase, AUCarea under the receiver operating characteristic curve, TTW/T1-weighted imaging, CE-T1WI contrast-enhanced

T1-weighted imaging, intraintratumoral region, prei peritumoral region
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Fig. 5 ROC of different models. (a) prediction results of single-sequence models, (b) prediction results of multiple-sequence models
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Fig. 6 DCA of the different models

curve show that the TIWI i perit CE-TIWI 0 veri
model was a reliable clinical treatment tool for predict-
ing MGMT promoter methylation status in glioblastoma
patients (Figs. 6 and 7).

Moreover, we also compared our method perfor-
mance with the advanced artificial intelligence method.
The 3D-dense-UNet model is used to conduct a com-
parison due to its applicability in the similar task [23].
We evaluated our proposed method with the 3D-dense-
UNet model on the same datasets and under the same

1.00

experimental conditions to ensure fairness and accuracy.
The AUC, sensitivity, and specificity of multi-sequence
combined intratumoral and peritumoral model con-
structed by the 3D-dense-UNet are respectively 84.3%,
85.26%, and 86.67%. In comparison, our model demon-
strates an improvement of 8%, 1.19%, and 0.95% in AUC,
sensitivity, and specificity over 3D-dense-UNet model,
respectively. The comparison results demonstrate that
our method performed excellent ability in diagnosing
MGMT promoter methylation status.
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Discussion

Establishing relevant prediction models based on the
MR image features of the primary tumor using radiom-
ics or machine learning methods have been recognized
by numerous studies as an effective method for assessing
the MGMT promotor methylation status in glioblastoma
patients. For example, a study by Pease et al. showed that
a radiomics model based on CE-T1WI and pre-contrast
axial T2-weighted Fluid-Attenuated Inversion Recov-
ery (FLAIR) features for predicting MGMT status in
glioblastoma, with AUC of 0.85 by leave-one-out-cross-
validation [24]. Doniselli et al. constructed a radiomics
prediction model using T1WI and 3D FLAIR features
of 277 glioblastoma cases, and the results showed that
this model can provide a valuable reference for clini-
cal decision-making [25]. Meanwhile, with the popular-
ity of artificial intelligence, predictive models based on
deep learning features are increasingly used in clinical
practice. Yogananda et al. designed a 3D-dense-UNet
deep learning network for the automatic diagnosis of
MGMT promoter methylation status on the T2 weighted
image dataset of 240 glioma patients [23]. Inspired by
this, the present study was the first to use a deep learn-
ing approach to extract the T1WI and CE-T1WI features
of intratumoral and peritumoral lesions in patients with
glioblastoma and to develop the prediction model for
assessing the MGMT promoter methylation status using
Transformer algorithm. The results showed that these
prediction models could effectively distinguish glio-
blastoma patients in the MGMT promoter methylated
group from the unmethylated group, with AUCs of 0.861,
0.850, 0.867, 0.852, 0.874, 0.889 in the T1WI , . model,

intra

TIWL,, model, CE-TIWI,,, model,

CE-T1WL,,
model, TIWI i prei model, CE-TIWI, i model
respectively, indicating that MRI deep learning could be
used for the assessment of MGMT promoter methyla-
tion status in glioblastoma patients. The findings suggest
that models constructed using CE-T1WI outperform
those based on T1WI in diagnostic accuracy. This obser-
vation is consistent with existing literature [26]. The pri-
mary reason is likely due to CE-T1WT's ability to enhance
lesion visualization via contrast agent injection, yielding
clearer tumor boundaries and heightened sensitivity to
features like intratumoral cystic necrosis and peripheral
ring enhancement. These attributes are closely associ-
ated with MGMT promoter methylation status. Thus,
CE-T1WI demonstrates greater sensitivity in diagnosing
MGMT promoter methylation status compared to TIWI.

Due to the presence of glioblastoma tissue hetero-
geneity, it is often difficult for a single imaging method
to provide a comprehensive and accurate assessment
of tumorous lesions [27]. In the field of artificial intelli-
gence research, previous studies have also shown that a
comprehensive model based on the images features of
multiple sequence and clinical factors generally played a
better role in the diagnosis and evaluation of tumors than
a predictive model based on the images features of a par-
ticular imaging sequence [17, 18]. Therefore, this study
further developed the T1WI,,,,+CE-T1WIL . . model,
T1WI, .+ CE-TIWL,; model and TIWI . orei+ CE-
T1WIratprei model by combining TIWI and CE-T1WI
deep learning features, and clinical factors and compared
it with the single sequence models. The results showed
that the diagnostic efficacy of the T1WI+ CE-T1WT joint
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models were improved to different degrees compared
with the six independent models in the dataset. This sug-
gests that the use of multiple sequence model consist-
ing of TIWI, CE-T1WI, and clinical factors to assess the
MGMT promoter methylation status of glioblastoma can
provide greater benefit to the patients involved.
Significant clinical evidence [28] suggests that the het-
erogeneity of glioblastoma is not limited to the tumor
margins but also involves the peritumoral region, where
approximately 90% of patients with glioblastoma experi-
ence recurrence [29]. Malik et al. identified significant
differences in the peritumoral regions of glioblastoma
and low-grade gliomas, indicating that imaging features
from the peritumoral area can assist in differentiating
these tumor types [12]. However, the existing MRI-based
methods mainly focus on the overall tumors and ignore
the value-added role of the peritumoral environment in
the study of MGMT promoter methylation status pre-
dicting. Studies have verified that interactions between
the intratumoral core and peritumoral areas affect tumor
development and progression. Integrating features from
both regions provides complementary biological infor-
mation, thereby enhancing model predictive capabilities
[30]. The experimental results of this study show that
models constructed with combined intratumoral and
peritumoral data from T1WI and CE-T1WI sequences
consistently outperform those based on either region
alone. This is likely due to the significant heterogeneity in
glioblastoma within the ET, NCR, and PED regions. The
PED region offers additional insights into tumor growth,
infiltration, and interactions with normal tissue, which
are reflected in specific MRI imaging features, potentially
indicating the MGMT promoter methylation status.
Several studies have employed support vector
machines [24], random forests [25], and Unet [23] to
diagnose MGMT promoter methylation status, achiev-
ing notable diagnostic performance. This study is the
first to implement the Transformer algorithm in MGMT
research, opening new avenues for molecular studies of
glioblastoma. The Transformer algorithm has shown
remarkable capabilities in glioma segmentation [31],
diagnosis [32], and grading [33]. Compared to other
methods, the advantage of the Transformer algorithm
in medical image processing lies in its robust global
context modeling ability, facilitating lesion localization
across entire image sequences. Additionally, the Trans-
former algorithm supports efficient feature extraction
and multi-modal information fusion, thereby enhanc-
ing model diagnostic performance. Furthermore, given
the significant data imbalance for this classification
problem, with the ratio of MGMT promoter methyl-
ated to unmethylated samples nearing 2.5:1, a dynami-
cally adjusted focal loss was specifically designed as the
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optimization objective function to counteract the impact
of this imbalance on model training. As shown in Table 2,
all nine models achieved sensitivity and specificity above
75.30% in predicting MGMT promoter methylation
status. Notably, the T1WI,,+CE-T1WI, ., model,
T1WI,e;+CE-TIWI,,,; model, and TIWI; 0y peri + CE-
T1Wratperi Mmodel demonstrated very close predic-
tive results in terms of sensitivity and specificity, all
exceeding 83.67%, indicating that the proposed method
in this study exhibits excellent accuracy, sensitivity, and
specificity in predicting MGMT promoter methylation
status. The calibration curve (Fig. 7) suggests good con-
sistency between predicted and observed values for the
TIW pgra peri + CE-TIW i ners Model.

Our study has several limitations. First, deep learning
studies require large amounts of data and the relative
number of subjects with MGMT promoter methylation
is small in the TCIA database. Collaborating with other
healthcare organizations and research teams will help
construct a more representative dataset, enhancing the
model’s ability to predict MGMT promoter methylation
status for glioblastoma. Second, segmenting regions of
tumor tissue with similar microenvironments will help
analyze the heterogeneity of the lesions. Habitat analysis
is a beneficial tool for further exploring and interpret-
ing lesions. Third, biomechanical and biological math-
ematical models are effective tools for simulating tumor
growth and its interaction with heterogeneous tissues.
We will attempt to combine imaging data with biome-
chanical testing (such as stiffness measurements) to more
comprehensively describe the physical characteristics of
the tumor. Also, other glioblastoma molecules with deep
learning features will be studied in our future study.

Conclusion

In conclusion, deep learning features of glioblastoma,
especially the combination of TIWI and CE-T1WTI, could
reflect tumor molecular pathology indicators of MGMT
methylation status. Our model demonstrated high accu-
racy in diagnosing MGMT promoter methylation status
approaching tissue-level performance. This non-invasive
marker can facilitate more informed patient counseling
and aid in the treatment decision-making process for a
significant proportion of patients with glioblastoma.
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AUC Area under the receiver operating characteristic curve
T™Z Temozolomide

Al Artificial intelligence

MSA Multi-head self-attention

MLP Multilayer perceptron

SA Self-attention

DCA Decision curve analysis

FLAIR Fluid-Attenuated Inversion Recovery

Acknowledgements

We acknowledge the research design and data collection support received
from Henan Provincial Medical Science and Technology Research Joint
Construction Project, National Natural Science Foundation of China. We
acknowledge the data processing and modeling support received from
Medical Science and Technology Research Project of Henan Province. We
acknowledge the data analysis and interpretation support received from Joint
Fund of Henan Province Science and Technology R&D Program.

Authors’ contributions

X.Y. designed the study, developed the protocol, collected data, reviewed
literature, and contributed to writing the manuscript. J.Z,, YW. contributed to
design and construct the model. Y.B. oversaw data analysis and acquired the
financial support for the project. N.M. reviewed literature, collected data and
revised the important content critically. QW. reviewed literature, contributed
to the manuscript and acquired the financial support for the project. S.J, H.L,,
PL. oversaw data analysis and processing. M.W. oversight the research activity
execution and acquired the financial support for the project. All authors
reviewed and approved the final manuscript.

Funding

This work is supported by the Henan Provincial Medical Science and Technol-
ogy Research Joint Construction Project (LHGJ20240053, LHGJ20240036),
National Natural Science Foundation of China (82371934, 81720108021,
82001783), Medical Science and Technology Research Project of Henan
Province (SBGJ202101002) and Joint Fund of Henan Province Science and
Technology R&D Program (225200810062).

Data availability
The datasets used and analyzed during the current study are available from
the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
Institutional Review Board approval was obtained.

Competing interests
The authors declare no competing interests.

Author details

'Department of Radiology, Henan Provincial People’s Hospital & the People’s
Hospital of Zhengzhou University, 7 Weiwu Road, Zhengzhou 450000, PR
China. 2Biomedical Research Institute, Henan Academy of Sciences, Zheng-
zhou, China. *Key Laboratory of Science and Engineering for the Multi-modal
Prevention and Control of Major Chronic Diseases, Ministry of Industry

and Information Technology, Zhengzhou, China. “School of Computer Science
and Technology, Wuhan University of Science and Technology, Wuhan, China.

Received: 20 November 2024 Accepted: 16 December 2024
Published online: 23 December 2024

References

1. Weller M, Wen PY, Chang SM, et al. Glioma Nat Rev Dis Primers.
2024;10(1):33. https://doi.org/10.1038/541572-024-00516-y. PMID:
38724526.

2. Schaff LR, Mellinghoff IK. Glioblastoma and Other Primary Brain Malig-
nancies in Adults: A Review. JAMA. 2023;329(7):574-87. https://doi.org/
10.1001/jama.2023.0023. PMID: 36809318.

20.

Page 11 of 12

Montella L, Cuomo M, Del Gaudio N, et al. Epigenetic alterations in
glioblastomas: Diagnostic, prognostic and therapeutic relevance. Int J
Cancer. 2023;153(3):476-88. https://doi.org/10.1002/ijc.34381. Epub 2022
Dec 12 PMID: 36479695.

Butler M, Pongor L, Su YT, et al. MGMT Status as a Clinical Biomarker in
Glioblastoma. Trends Cancer. 2020;6(5):380-91. https://doi.org/10.1016/j.
trecan.2020.02.010.

Lim M, Weller M, Idbaih A, et al. Phase Il trial of chemoradiotherapy with
temozolomide plus nivolumab or placebo for newly diagnosed glioblas-
toma with methylated MGMT promoter. Neuro Oncol. 2022;24(11):1935-
49. https://doi.org/10.1093/neuonc/noac1 16. PMID:35511454;PMCID:
PMC9629431.

Zhao J,Yang S, Cui X, et al. A novel compound EPIC-0412 reverses temo-
zolomide resistance via inhibiting DNA repair/MGMT in glioblastoma.
Neuro Oncol. 2023;25(5):857-70. https://doi.org/10.1093/neuonc/noac2
42. PMID:36272139;PMCID:PMC10158139.

Jovanovi¢ N, Lazarevi¢ M, Cvetkovic¢ VJ, et al. The Significance of

MGMT Promoter Methylation Status in Diffuse Glioma. Int J Mol Sci.
2022;23(21):13034. https://doi.org/10.3390/ijms232113034. PMID:363618
38,PMCID:PMC9654114.

Guarnera A, Romano A, Moltoni G, et al. The Role of Advanced MRI
Sequences in the Diagnosis and Follow-Up of Adult Brainstem Gliomas:
A Neuroradiological Review. Tomography. 2023;9(4):1526-37. https://doi.
0rg/10.3390/tomography9040122. PMID:37624115,PMCID:PMC10457939.
Ghahramani MR, Bavi O. Heterogeneous biomechanical/mathemati-

cal modeling of spatial prediction of glioblastoma progression using
magnetic resonance imaging-based finite element method. Comput
Methods Programs Biomed. 2024;257: 108441. https://doi.org/10.1016/j.
cmpb.2024.108441.

. Bavi O, Hosseininia M, Hajishamsaei M, et al. Glioblastoma multiforme

growth prediction using a Proliferation-Invasion model based on
nonlinear time-fractional 2D diffusion equation. Chaos, Solitons Fractals.
2023;170: 113393, https://doi.org/10.1016/j.chaos.2023.113393.

. QiuJ, Zhu M, Chen CY, et al. Diffusion heterogeneity and vascular perfu-

sion in tumor and peritumoral areas for prediction of overall survival in
patients with high-grade glioma. Magn Reson Imaging. 2023;104:23-8.
https://doi.org/10.1016/j.mri.2023.09.004. Epub 2023 Sep 19 PMID:
37734575.

. Malik N, Geraghty B, Dasgupta A, et al. MRI radiomics to differentiate

between low grade glioma and glioblastoma peritumoral region. J Neu-
rooncol. 2021;155(2):181-91. https://doi.org/10.1007/511060-021-03866-
9. Epub 2021 Oct 25 PMID: 34694564.

. BiWL, Hosny A, Schabath MB, et al. Artificial intelligence in cancer

imaging: Clinical challenges and applications. CA Cancer J Clin.
2019,69(2):127-57. https://doi.org/10.3322/caac.21552. Epub 2019 Feb 5.
PMID: 30720861; PMCID: PMC6403009.

. YuX,WuY,BaiY, et al. A lightweight 3D UNet model for glioma grading.

Phys Med Biol. 2022,67(15). https://doi.org/10.1088/1361-6560/ac7d33.
PMID: 35767979.

. BeraK, Braman N, Gupta A, et al. Predicting cancer outcomes with

radiomics and artificial intelligence in radiology. Nat Rev Clin Oncol.
2022;19(2):132-46 Epub 2021 Oct 18. PMID: 34663898; PMCID:
PMC9034765.

. Han K, Wang Y, Chen H, et al. A Survey on Vision Transformer. IEEE Trans

Pattern Anal Mach Intell. 2023;45(1):87-110. https://doi.org/10.1109/
TPAMI.2022.3152247. Epub 2022 Dec 5 PMID: 35180075.

. MaC,Wang L, Song D, et al. Multimodal-based machine learning strategy

for accurate and non-invasive prediction of intramedullary glioma grade
and mutation status of molecular markers: a retrospective study. BMC
Med. 2023;21(1):198. https://doi.org/10.1186/512916-023-02898-4. PMID:
37248527,PMCID:PMC10228074.

. Cheng J, Liu J, Kuang H, et al. A Fully Automated Multimodal MRI-Based

Multi-Task Learning for Glioma Segmentation and IDH Genotyping. IEEE
Trans Med Imaging. 2022;41(6):1520-32. https://doi.org/10.1109/TMI.
2022.3142321. Epub 2022 Jun 1 PMID: 35020590.

. Liu X, Yao C, Chen H, et al. BTSC-TNAS: A neural architecture search-based

transformer for brain tumor segmentation and classification. Comput
Med Imaging Graph. 2023;110: 102307. https://doi.org/10.1016/j.compm
edimag.2023.102307. Epub 2023 Oct 27 PMID: 37913635.

Clark K, Vendt B, Smith K, et al. The Cancer Imaging Archive (TCIA): main-
taining and operating a public information repository. J Digit Imaging.


https://doi.org/10.1038/s41572-024-00516-y
https://doi.org/10.1001/jama.2023.0023
https://doi.org/10.1001/jama.2023.0023
https://doi.org/10.1002/ijc.34381
https://doi.org/10.1016/j.trecan.2020.02.010
https://doi.org/10.1016/j.trecan.2020.02.010
https://doi.org/10.1093/neuonc/noac116
https://doi.org/10.1093/neuonc/noac242
https://doi.org/10.1093/neuonc/noac242
https://doi.org/10.3390/ijms232113034
https://doi.org/10.3390/tomography9040122
https://doi.org/10.3390/tomography9040122
https://doi.org/10.1016/j.cmpb.2024.108441
https://doi.org/10.1016/j.cmpb.2024.108441
https://doi.org/10.1016/j.chaos.2023.113393
https://doi.org/10.1016/j.mri.2023.09.004
https://doi.org/10.1007/s11060-021-03866-9
https://doi.org/10.1007/s11060-021-03866-9
https://doi.org/10.3322/caac.21552
https://doi.org/10.1088/1361-6560/ac7d33
https://doi.org/10.1109/TPAMI.2022.3152247
https://doi.org/10.1109/TPAMI.2022.3152247
https://doi.org/10.1186/s12916-023-02898-4
https://doi.org/10.1109/TMI.2022.3142321
https://doi.org/10.1109/TMI.2022.3142321
https://doi.org/10.1016/j.compmedimag.2023.102307
https://doi.org/10.1016/j.compmedimag.2023.102307

Yu et al. Cancer Imaging (2024) 24:172

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

2013;26(6):1045-57. https://doi.org/10.1007/510278-013-9622-7. PMID:23
884657,PMCID:PM(C3824915.

Bakas S, Akbari H, Sotiras A, et al. Advancing The Cancer Genome Atlas
glioma MRI collections with expert segmentation labels and radiomic

features. Sci Data. 2017;4: 170117. https://doi.org/10.1038/sdata.2017.117.

PMID:28872634;PMCID:PMC5685212.

Vickery S, Hopkins WD, Sherwood CC, et al. Chimpanzee brain morpho-
metry utilizing standardized MRI preprocessing and macroanatomical
annotations. Elife. 2020;9: e60136. https://doi.org/10.7554/eLife.60136.
PMID:33226338,PMCID:PMC7723405.

Yogananda CGB, Shah BR, Nalawade SS, et al. MRI-Based Deep-Learning
Method for Determining Glioma MGMT Promoter Methylation Status.
AJNR Am J Neuroradiol. 2021;42(5):845-52. https://doi.org/10.3174/ajnr.
A7029.

Pease M, Gersey ZC, Ak M, et al. Pre-operative MRI radiomics model non-
invasively predicts key genomic markers and survival in glioblastoma
patients. J Neurooncol. 2022;160(1):253-63. https://doi.org/10.1007/
$11060-022-04150-0. Epub 2022 Oct 14 PMID: 36239836.

Doniselli FM, Pascuzzo R, Agro M, et al. Development of A Radiomic
Model for MGMT Promoter Methylation Detection in Glioblastoma Using
Conventional MRI. Int J Mol Sci. 2023;25(1):138. https://doi.org/10.3390/
ijms25010138.PMID:38203308,PMCID:PMC10778771.

XiYB, Guo F, Xu ZL, et al. Radiomics signature: A potential biomarker for
the prediction of MGMT promoter methylation in glioblastoma. J Magn
Reson Imaging. 2018;47(5):1380-7. https://doi.org/10.1002/jmri.25860.
Epub 2017 Sep 19 PMID: 28926163.

Luo J, Pan M, Mo K; et al. Emerging role of artificial intelligence in diagno-
sis, classification and clinical management of glioma. Semin Cancer Biol.
2023;91:110-23. https://doi.org/10.1016/j.semcancer.2023.03.006. Epub
2023 Mar 11 PMID: 36907387.

Lemée JM, Clavreul A, Menei P. Intratumoral heterogeneity in glio-
blastoma: don't forget the peritumoral brain zone. Neuro Oncol.
2015;17(10):1322-32. https://doi.org/10.1093/neuonc/nov119. Epub
2015 Jul 22. PMID: 26203067; PMCID: PMC4578587.

Prasanna P, Patel J, Partovi S, et al. Radiomic features from the peritumoral
brain parenchyma on treatment-naive multi-parametric MR imaging
predict long versus short-term survival in glioblastoma multiforme: Pre-
liminary findings. Eur Radiol. 2017,27(10):4188-4197. https://doi.org/10.
1007/500330-016-4637-3. Epub 2016 Oct 24. Erratum in: Eur Radiol. 2017
Oct;27(10):4198-4199. https://doi.org/10.1007/500330-017-4815-y. PMID:
27778090; PMCID: PMC5403632.

Cheng J, Liu J, Yue H, et al. Prediction of Glioma Grade Using Intratumoral
and Peritumoral Radiomic Features From Multiparametric MRI Images.
IEEE/ACM Trans Comput Biol Bioinform. 2022;19(2):1084-95. https://doi.
0rg/10.1109/TCBB.2020.3033538. Epub 2022 Apr 1 PMID: 33104503.
Zhang J, Liu Y, Wu Q, et al. SWTRU: Star-shaped Window Transformer
Reinforced U-Net for medical image segmentation. Comput Biol Med.
2022;150: 105954. https://doi.org/10.1016/j.compbiomed.2022.105954.
Epub 2022 Aug 13 PMID: 36122443.

Goceri E. Vision transformer based classification of gliomas from histo-
pathological images. Expert Syst Appl. 2024;241: 122672. https://doi.org/
10.1016/j.eswa.2023.122672.

Usuzaki T, Takahashi K, Inamori R, et al. Grading diffuse glioma based on
2021 WHO grade using self-attention-base deep learning architecture:

variable Vision Transformer (WiT). Biomed Signal Process Control. 2024,91:

106001. https://doi.org/10.1016/jbspc.2024.106001.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 12 of 12


https://doi.org/10.1007/s10278-013-9622-7
https://doi.org/10.1038/sdata.2017.117
https://doi.org/10.7554/eLife.60136
https://doi.org/10.3174/ajnr.A7029
https://doi.org/10.3174/ajnr.A7029
https://doi.org/10.1007/s11060-022-04150-0
https://doi.org/10.1007/s11060-022-04150-0
https://doi.org/10.3390/ijms25010138
https://doi.org/10.3390/ijms25010138
https://doi.org/10.1002/jmri.25860
https://doi.org/10.1016/j.semcancer.2023.03.006
https://doi.org/10.1093/neuonc/nov119
https://doi.org/10.1007/s00330-016-4637-3
https://doi.org/10.1007/s00330-016-4637-3
https://doi.org/10.1007/s00330-017-4815-y
https://doi.org/10.1109/TCBB.2020.3033538
https://doi.org/10.1109/TCBB.2020.3033538
https://doi.org/10.1016/j.compbiomed.2022.105954
https://doi.org/10.1016/j.eswa.2023.122672
https://doi.org/10.1016/j.eswa.2023.122672
https://doi.org/10.1016/j.bspc.2024.106001

	Assessment of MGMT promoter methylation status in glioblastoma using deep learning features from multi-sequence MRI of intratumoral and peritumoral regions
	Abstract 
	Objective 
	Methods 
	Results 
	Conclusion 

	Key Points 
	Introduction
	Materials and methods
	Patient information
	Inspection methods
	Image segmentation
	Development of Transformer deep learning model
	Image data preprocessing
	Saliency-aware enhancement of ROI
	Data partitioning
	Embedding layer
	Positional encoding
	Transformer encoder
	Decoder
	Feature fusion
	Training and optimization

	Statistical analysis

	Results
	Statistical analysis of clinical features
	Model construction
	Predictive performance

	Discussion
	Conclusion
	Acknowledgements
	References


