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Abstract

Glioblastoma is a highly malignant brain tumor, and patient survival remains short despite multimodal treatment. One
important prognostic factor is the methylation status of the O°-methylguanine DNA methyltransferase (MGMT) gene, as
MGMT promoter methylation is associated with a better response to temozolomide chemotherapy. The aim of this study
was to evaluate the association between noninvasively obtained imaging features and MGMT methylation status. Magnetic
resonance (MR) images and MGMT methylation data for 55 glioblastoma cases (33 methylated, 22 unmethylated) were
obtained from the publicly available TCGA-GBM database. After brain morphological standardization, tumor centroid
coordinates were calculated and used as inputs for a quadratic discriminant classifier to assess the separability of MGMT
methylation status based on anatomical location. In addition, 279 radiomic features, including histogram- and texture-
based metrics, were extracted from tumor regions. Using Lasso regression, nine features were selected and subsequently
analyzed using linear discriminant analysis. The areas under the receiver operating characteristic curve (AUCs) were 0.71
for anatomical location—based classification and 0.85 for radiomic feature—based classification. Because the correlation
between anatomical location and radiomic features was low, integrating both feature sets improved discrimination perfor-
mance to an AUC of 0.90. These results suggest that imaging examinations capture complementary information regarding
tumor morphology and anatomical origin. The anatomical location of glioblastoma may therefore provide useful clues for
classifying MGMT gene methylation status.
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1 Introduction DNA methyltransferase (MGMT) gene promoter methyla-

tion has attracted considerable attention as a factor influenc-

Glioblastoma is the most aggressive malignant brain tumor,
and even with multimodal treatment combining surgery,
radiotherapy, and chemotherapy, it remains a highly lethal
cancer with a median survival of less than 15 months [1].
In recent years, the epigenetic status of O°-methylguanine
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ing the prognosis of glioblastoma. The MGMT gene encodes
a DNA repair enzyme that counteracts the cytotoxic effects
of temozolomide chemotherapy; however, glioblastomas
with a methylated MGMT promoter have been reported to
respond favorably to temozolomide treatment [2]. Conse-
quently, assessment of MGMT promoter methylation status
has become an important indicator for determining treat-
ment strategies.

However, evaluation of MGMT promoter methylation
requires the invasive acquisition and analysis of tumor tis-
sue, imposing a substantial burden on patients. In addition,
current analytical methods are complex and require con-
siderable time and cost for result interpretation. To address
these limitations, research has increasingly focused on esti-
mating MGMT promoter methylation status from noninva-
sive magnetic resonance (MR) images in order to predict
the efficacy of temozolomide chemotherapy in advance.
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Specifically, previous studies have proposed approaches
based on deep learning for MGMT methylation prediction
[3-5], transfer learning—based methods [6], graph neural
networks that treat image patches as graph nodes [7], clas-
sification using image features extracted by deep learning
in combination with radiomics features [8], machine learn-
ing methods using radiomics features as input [9, 10], and
systematic investigations of methodologies for MGMT
methylation prediction [11]. These studies suggest that non-
invasive imaging-based estimation of MGMT methylation
status has the potential to support clinical decision-making
in the treatment of glioblastoma.

In radiomics research, it is essential to clarify whether
imaging findings of glioblastoma contain information
related to MGMT promoter methylation. Therefore, rather
than relying on complex and less interpretable methods
such as deep learning, it is desirable to evaluate this rela-
tionship using methods that are as simple and interpretable
as possible. Moreover, in the practice of genomic medicine,
it is necessary to clearly define the respective roles of imag-
ing and genetic testing and to fully exploit information that
can be obtained exclusively from imaging. A key advantage
of imaging examinations lies not only in providing morpho-
logical information, such as tumor size and shape, but also
in capturing anatomical information regarding the location
at which the tumor arises.

Although previous studies [3—11] have primarily pro-
posed methods for estimating MGMT methylation status
based on tumor morphological features, the potential rela-
tionship between tumor anatomical location and MGMT
methylation remains largely unexplored. Clinically, tumor
location can influence surgical planning, functional out-
comes, and potentially prognosis, suggesting that tumor
site may provide biologically and clinically relevant infor-
mation. However, these relationships have not yet been
systematically examined using a data-driven scientific
approach that enables objective and quantitative exploration
of imaging—genomic associations. In this study, we specifi-
cally investigate the anatomical location of glioblastoma to
determine whether it offers complementary information for
predicting MGMT promoter methylation. Furthermore, by
integrating location information with radiomics features, we
assess whether these complementary imaging biomarkers
can enhance the noninvasive estimation of MGMT meth-
ylation status. Specifically, we demonstrate that anatomical
location has a low correlation with radiomics features and
that each provides distinct information for classification.
Furthermore, we show that integrating these complemen-
tary sources of information leads to improved classification
performance for MGMT methylation status.
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2 Methods
2.1 Dataset

In this study, we used The Cancer Genome Atlas Glio-
blastoma Multiforme (TCGA-GBM) dataset provided by
The Cancer Imaging Archive (TCIA) [12]. Although this
database contains information from 262 patients with glio-
blastoma, not all cases include both imaging and genomic
data. Therefore, we conducted experiments using 55 cases
for which both preoperative Fluid Attenuated Inversion
Recovery (FLAIR) images and MGMT gene methylation
status were available. The inclusion and exclusion criteria
were as follows. From the TCGA-GBM dataset, cases were
included if they had (1) preoperative FLAIR MR images
and (2) corresponding MGMT promoter methylation sta-
tus. Cases lacking either imaging or genomic data were
excluded. In addition, cases with insufficient image qual-
ity that precluded reliable tumor delineation were excluded
from the analysis.

The imaging parameters of the preoperative FLAIR
images used in this study were as follows: repetition time
(TR) of 8000—11000 ms, echo time (TE) of 73—155 ms, and
inversion time (TI) of 2000-2700 ms. The patients’ ages
ranged from 21 to 84 years (mean: 57.4 years), including 27
males and 28 females. Among these cases, 33 patients had
MGMT methylation, while 22 patients did not.

In this study, experiments were performed using only
FLAIR images in order to facilitate comparison of results
obtained using anatomical location information and
radiomics features. FLAIR images were selected because
previous studies have reported that FLAIR images are
useful for discriminating MGMT methylation status [3],
and because preliminary experiments (see Supplementary
Materials for details) using T1-weighted, T2-weighted, and
FLAIR images demonstrated that FLAIR images achieved
the best classification performance.

2.2 Measurement of tumor anatomical location

Figure 1 illustrates an overview of the proposed method.
Because brain MR images vary in size and acquisition ori-
entation across cases, anatomical standardization is required
to measure tumor locations using a unified coordinate sys-
tem. In this study, Statistical Parametric Mapping (SPM12)
was adopted for this standardization process [13]. Although
SPM12 provides several normalization options, only rigid-
body transformation was applied in order to avoid defor-
mation of brain morphology. In this rigid transformation,
images were aligned to the Montreal Neurological Institute
(MNI) template provided in SPM12. As a result, differences
in brain size and anatomical location were corrected, and
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all MR images were standardized to a size of 79x95x79
voxels. When the slice spacing of the input images is large
and the resolution along the body axis is low, interpolated
slices may result in coarse approximations that do not pre-
serve fine intra-tumoral structures. However, this limitation
does not pose a problem when only the approximate tumor
contour is required.

After anatomical standardization, hyperintense regions
on FLAIR images were regarded as tumor regions and man-
ually delineated by one of the authors (a radiological tech-
nologist with five years of clinical experience). The tumor
centroid coordinates (X, y, z) and slice-wise tumor area were
then calculated to obtain anatomical location information.
Considering the aforementioned issue with interpolated
slices, a single slice in which the tumor exhibited the larg-
est diameter was selected; the slice index was used as the
z-coordinate. The x- and y-coordinates of the tumor cen-
troid were computed from the manually delineated tumor
region on this two-dimensional slice.

In this study, the tumor anatomical location was repre-
sented by the centroid of each tumor. The centroid provides
a simple and interpretable measure of tumor position in
three-dimensional space, allowing straightforward compar-
ison across cases after anatomical standardization. While
surface or boundary information could provide additional
details regarding tumor morphology, the centroid is suffi-
cient for evaluating the overall spatial distribution of tumors
with respect to MGMT promoter methylation. Furthermore,
using the centroid reduces computational complexity and
minimizes potential noise from irregular tumor shapes,
which is particularly important given the limited number of
cases in this study.

Figure 2 shows the plotted centroid coordinates of tumors
from the 55 cases. The size of each sphere represents the

tumor area; however, because area does not directly reflect
anatomical location, it was not used in the subsequent anal-
ysis. Tumors in cases with MGMT methylation tended to
be located in the superior or inferior regions of the brain,
whereas tumors in cases without MGMT methylation tended
to be located in the central region. Quantitative evaluation
of this tendency is presented in the experimental results as
the classification performance for MGMT methylation sta-
tus using only anatomical location features.

2.3 Quantification of the separability of MGMT
methylation status using anatomical location

To quantitatively evaluate the separability of MGMT meth-
ylation status based on the anatomical location, a quadratic
discriminant classifier (Quadratic Discriminant Analysis;
QDA) was employed using the tumor centroid coordinates
as input features [14]. QDA forms a quadratic decision
boundary to classify two groups in a three-dimensional space
[14]. As shown in Fig. 2, tumors in cases without MGMT
methylation tended to be located in the central region of the
brain. When QDA is applied to such data distributions in
three-dimensional space, the resulting decision boundary
is represented as a quadratic surface. In the present study,
graphical visualization of the decision boundary demon-
strated that it forms a hyperboloid rather than an ellipsoi-
dal surface, as initially assumed. By setting a cutoff value
on the QDA output, it becomes possible to quantitatively
evaluate the ability to separate tumors located in different
regions of the brain. In this sense, QDA can be regarded as
the simplest evaluation function for quantifying whether a
tumor is located in regions separated by the quadratic deci-
sion boundary defined by QDA.
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Fig. 2 Anatomical locations of methylated and unmethylated cases plotted on the coordinate axes after brain morphology standardization. The
Green curve represents the discrimination boundary and circle sizes represent tumor areas

The performance of separability was evaluated using a
receiver operating characteristic (ROC) curve derived from
the QDA output values and the corresponding area under
the curve (AUC) [15]. ROC analysis was performed using
the LABROC algorithm developed at the University of Chi-
cago [15]. This algorithm is capable of estimating the prop-
erties of two underlying populations from a limited number
of samples and provides 95% confidence intervals for the
separability performance.

In this study, resubstitution [ 16] was adopted when apply-
ing QDA. In general, machine learning frameworks consist
of two distinct components: a feature extraction stage and
a classification stage. It is important to emphasize that the
purpose of using QDA in this study was not to evaluate
the generalization performance of a classifier, but rather to
quantify the intrinsic separability of MGMT methylation
status based solely on anatomical location features.

Specifically, QDA was used as a mathematical tool to
model the spatial distribution of tumor centroids and to con-
struct a quadratic decision boundary that characterizes dif-
ferences in their spatial distributions. The output of QDA
was subsequently used to determine cutoff values for ROC
analysis. Under this framework, resubstitution is appropri-
ate because the analysis aims to assess the discriminative
capability of the extracted anatomical features themselves,
rather than to develop or validate a predictive model. There-
fore, the ROC and AUC results obtained in this study should
be interpreted as an evaluation of the separability provided
by the anatomical location features alone, and not as an
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assessment of the classification performance or generaliza-
tion ability of QDA as a classifier.

2.4 Measurement of radiomics features

Next, for comparison with the use of tumor anatomical loca-
tion, radiomics features were extracted from FLAIR images.
For each case, a single slice in which the tumor exhibited
the largest diameter was selected from the FLAIR image,
and radiomics features were computed in this slice.

To normalize the pixel intensities of the FLAIR images,
intensity scaling was applied to the FLAIR images from all
55 cases. Because the FLAIR images contained noise with
extremely high pixel intensities, an intensity histogram was
first generated, and the top 0.1% of pixel intensities were
identified as a threshold. All pixel values above this thresh-
old were set to 1023, after which a linear intensity trans-
formation was applied so that the minimum and maximum
pixel values were mapped to 0 and 1023, respectively.

Radiomics feature extraction was performed using the
freeware MaZda [17-19]. The tumor region was manually
delineated as a hyperintense area on the FLAIR image by
one of the authors (a radiological technologist with five
years of clinical experience), and subsequently reviewed
and corrected, if necessary, by another author. An exam-
ple of the delineation results is shown in Fig. 3. From the
extracted tumor region, a total of 279 radiomics features
were calculated, including nine histogram-based features,
245 texture features, five features related to autoregressive
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Fig.3 Example of manually
segmented tumor region. a original
image, b segmented tumor region

(a) Original image

models, and 20 features related to image resolution. All
parameters for radiomics feature extraction were set to the
default values provided by MaZda. For example, in the cal-
culation of texture features, gray-level co-occurrence matri-
ces were computed with 16 Gy levels, pixel distances of
1-5, and directions of 0°, 45°, 90°, and 135°. In this study,
hyperintense regions on FLAIR images were defined as
tumor regions to facilitate manual delineation; however, it
should be noted that this approach may include edematous
regions that do not exhibit typical glioblastoma characteris-
tics. Furthermore, to minimize the influence of variations in
tumor delineation, features that depend on tumor contours
were excluded from the analysis.

2.5 Quantification of the separability of MGMT
methylation status using radiomics features

Although 55 cases were available for the experiments, the
number of radiomics features (279) is high-dimensional,
necessitating dimensionality reduction. In this study, feature
selection was performed using the least absolute shrinkage
and selection operator (Lasso) [20]. Lasso is defined as
follows:

2
_ 1 - ;
ﬁlassozarggun{QiZl (yz_ﬂo—]zll‘”ﬁj) +)\]§ |ﬂ]|} (1)

where y; represents the MGMT methylation status of the ¢
-th case, x; denotes the value of the j-th radiomics feature,
Bo is an intercept term, A > 0 is a regularization parameter
controlling the degree of shrinkage, and p is the total number
of radiomics features. A fourfold cross-validation procedure

(b) Segmented tumor region

was used to determine the optimal value of A, which resulted
in the selection of 11 radiomics features.

Next, to quantify the separability of MGMT methylation
status in the 11-dimensional selected feature space, linear
discriminant analysis (LDA) was applied to determine a
separating hyperplane. Resubstitution was also employed
when applying LDA. It should be emphasized that LDA was
not used as a predictive classifier, but rather as a tool to gen-
erate a boundary for evaluating the separability between the
two groups in the selected feature space. By setting a cutoff
value on the LDA output, the separability within the feature
space can be quantitatively assessed.

The performance of separability was further evaluated
using ROC curves and the corresponding AUC. ROC analy-
sis was conducted by applying the LDA output values as
inputs, allowing for a quantitative assessment of how well
the selected radiomics features distinguish between cases
with and without MGMT methylation. This approach pro-
vides a standardized metric for comparing the discrimina-
tive power of anatomical location features and radiomics
features in the present study.

3 Results

Figure 4 shows the results of ROC analysis for MGMT
methylation status using anatomical location information
alone. When only anatomical location was used, AUC
was 0.71 (95% CI: 0.56-0.84). Table 1 lists the radiomics
features selected by Lasso. The selected features included
one histogram feature, six texture features, an autoregres-
sive model feature, and three resolution-related features, for
a total of 11 features. The results of MGMT methylation
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Fig.4 ROC curves for evaluating the separability between methylated
and unmethylated cases

Table 1 Eleven radiomic features selected by Lasso

# Feature Category Description
#1 Skewness Histogram Histogram’s skewness
#2 S(1,0) Correlat Texture Correlation

Cooccurrence S(1,0) is the between-
matrix pixel distance
Texture Correlation
Cooccurrence S(5,5) is the between-
matrix pixel distance
Texture Angular second
Cooccurrence moment

#3 S(5,5)Correlat

#4 S(0,5)AngScMom

matrix S(0,5) is the between-
pixel distance
#5 S(5,5)DifVarnc Texture Difference variance

Cooccurrence S(5,5) is the between-

matrix pixel distance
#6 45dgr RLNonUni Texture Run length
Run length  nonuniformity
45dgr is angle
#7 135dr LngREmph  Texture Long run emphasis
Run length 135dr is angle
#3 Tetal Autoregres-  Parameter 6
sive
model
#9 WavEnHH_s-3 Resolution Wavelet energy
HH is frequency band
at scale 3
#10  WavEnHL s-5 Resolution Wavelet energy
HL is frequency band
at scale 5
#11 ~ WavEnHH_s-5 Resolution Wavelet energy
HH is frequency band
at scale 5
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LDA outputs using radiomic features

Fig. 5 Relationship between output values of the LDA using radiomic
features and the QDA using anatomical locations

status classification using these 11 radiomics features are
also shown in Fig. 4. When only radiomics features were
used, the AUC was 0.85 (95% CI: 0.73—0.93). To further
evaluate the robustness of the observed separability and to
address potential optimistic bias associated with resubstitu-
tion, additional analysis was performed using leave-one-out
cross-validation (LOOCV). For anatomical location fea-
tures, QDA with LOOCYV yielded an AUC of 0.71 (95% CI:
0.56-0.83), which was comparable to the result obtained
using resubstitution. In contrast, for radiomics features,
LDA with LOOCYV resulted in a lower AUC of 0.66 (95%
CI: 0.51-0.79), compared to the resubstitution-based AUC
of 0.85. These results suggest that the discriminative per-
formance of radiomics features may be overestimated when
evaluated using resubstitution, whereas anatomical location
features demonstrated relatively stable performance under
cross-validation. Overall, the LOOCYV analysis provides a
more conservative estimate of separability and highlights
the importance of accounting for variability in small-sample
studies.

Figure 5 presents a scatter plot in which the horizontal
axis represents the LDA output based on radiomics fea-
tures alone, and the vertical axis represents the QDA output
based on anatomical location alone. Tumors in cases with
MGMT methylation tended to cluster in the upper-right
region, whereas tumors in cases without methylation tended
to cluster in the lower-left region. To quantitatively evaluate
this trend, LDA was applied using the vertical and horizon-
tal outputs as input features. The line in Fig. 5 represents
the discriminant boundary obtained by LDA. Cases located
above and to the right of this boundary were classified as
methylated, while cases below and to the left were classified
as unmethylated. The ROC curve for the combined approach
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Table 2 Confusion matrix for the integration of radiomics features and anatomical location

Computer output

methylation unmethylation
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(0]

- E

E

= c
9
©
> 22.7% 77.3%
e (5/22) (17/22)
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[
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has been added to Fig. 4 alongside the ROC curves for loca-
tion alone and radiomics alone. This allows a direct visual
comparison of sensitivity and specificity across the three
methods, confirming the complementary nature of these
imaging biomarkers. The AUC for this classification was
0.90 (95% CI: 0.80-0.96), confirming that the integration
of anatomical location information and radiomics features
improved separability. Additionally, the confusion matrix
corresponding to the classification using this discriminant
boundary with a threshold is shown in Table 2. The sen-
sitivity was 90.9% (30/33), and the specificity was 77.3%
(17/22).

4 Discussion

Radiomics is often equated with texture analysis, but this
is a narrow definition. The term Radiomics is a portman-
teau of “Radio,” referring to imaging, and “Omics,” refer-
ring to genomics, proteomics, and other molecular data. In
its broader sense, Radiomics provides a novel framework
for medical imaging that analyzes the relationship between
tumor genotype and imaging phenotype, thereby support-
ing the implementation of cancer genomic medicine. A
challenge in Radiomics studies is that classifying tumors
based on genotype often results in small sample sizes. Con-
sequently, there are almost no previous studies that have
applied deep learning to Radiomics using tens of thousands
of cases [3-5], and results from deep learning trained on
small sample sizes are generally unreliable. Therefore, for
Radiomics studies analyzing the relationship between tumor
phenotype and genotype, machine learning approaches
capable of learning from limited data are more suitable. In
general, machine learning consists of feature extraction and
classification stages, but for analyzing genotype—phenotype
relationships in cancer, the extraction of image features is

particularly crucial. If image features capable of clearly dis-
criminating tumor genotypes can be obtained, it may even
be possible for imaging to partially substitute for genetic
testing. It should be noted that the present study focused on
designing image features to determine MGMT methylation
status and did not evaluate the performance of the classifier
itself.

Images provide information that cannot be obtained
from genetic tests, such as tumor location and morphologi-
cal characteristics. Previous studies [3—11] have proposed
methods to estimate MGMT methylation status using tumor
morphology, but none have focused solely on tumor loca-
tion. Therefore, this study aimed to explore the potential
of Radiomics in its broad sense as a new imaging-based
framework supporting cancer genomic medicine and to
investigate whether tumor location, as a component of the
tumor phenotype, can provide useful information. Next, we
discuss the relationship between tumor anatomical location
and MGMT methylation status. In the present study, the
discriminative performance of MGMT methylation status
using only tumor anatomical location was AUC=0.71 (95%
CI: 0.56-0.84), suggesting that the site of glioblastoma
occurrence may provide clues for predicting MGMT meth-
ylation. Previous studies have suggested that the anatomical
location of glioblastoma may be associated with its molecu-
lar and biological characteristics. In particular, glioblastoma
subtypes have been reported to occupy distinct regions of
the brain and to differ in their proximity to the subventricu-
lar zone (SVZ) [21]. The SVZ, which is known as a neural
stem cell niche, has been proposed as a potential origin of
glioblastoma [22], and tumors involving this region have
been shown to exhibit distinct molecular profiles and clinical
behavior [23]. Furthermore, recent studies have investigated
the relationship between SVZ involvement and MGMT
promoter methylation status [24]. Although the direct rela-
tionship between MGMT promoter methylation and tumor
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location has not been fully established, it is plausible that
regional differences in the brain microenvironment, cellu-
lar origin, and epigenetic regulation contribute to variability
in MGMT methylation status. From this perspective, the
tendency observed in the present study—that tumors with
different MGMT methylation status show distinct spatial
distributions—may reflect underlying biological hetero-
geneity associated with tumor origin and growth patterns.
Therefore, anatomical location, even when represented by a
simple feature such as the tumor centroid, may provide indi-
rect but meaningful information about tumor genotype. This
finding is significant from a data-driven scientific perspec-
tive, as the study proposes a hypothesis regarding the rela-
tionship between tumor location and MGMT methylation,
which should be further investigated with a larger cohort.
As such, when machine learning is used to extract latent
relationships between tumor phenotype and genotype, the
design and evaluation of image features is more critical than
the classifier itself. In Radiomics studies, it is not sufficient
to simply construct high-accuracy classifiers; identifying
which image features contribute to classification perfor-
mance is essential for establishing a new imaging frame-
work that supports cancer genomic medicine.

Next, the relationship between tumor location and
radiomics features is discussed. Figure 5 shows the rela-
tionship between the QDA output using anatomical location
(from the left-hand processing in Fig. 1) and the LDA output
using radiomics features (from the right-hand processing in
Fig. 1). These outputs represent the separability based solely
on anatomical location and solely on radiomics features,
respectively. If anatomical location and radiomics features
provided identical information for classifying MGMT meth-
ylation status, the scatter plot in Fig. 5 would show a strong
correlation, with points aligned along a straight line. How-
ever, the scatter plot in Fig. 5 is widely distributed, indi-
cating a low correlation between anatomical location and
radiomics features (correlation coefficient=0.26), and dem-
onstrating that they provide complementary information for
MGMT methylation classification. Furthermore, integrating
anatomical location and radiomics features improved classi-
fication performance to AUC=0.90 (95% CI: 0.80-0.94). In
addition, the LOOCYV results demonstrated that the discrim-
inative performance, particularly for radiomics features,
decreased compared to the resubstitution results. This find-
ing suggests the presence of optimistic bias and highlights
the importance of evaluating variability, especially in small-
sample studies. Furthermore, to ensure a fair comparison
between anatomical location and radiomics features, QDA
was also applied to the selected radiomics features and eval-
uated using LOOCV. The QDA-based analysis yielded an
AUC of 0.72 (95% CI: 0.57-0.84), which was higher than
that obtained using LDA (AUC=0.658) and comparable to
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the performance achieved using anatomical location features
(AUC=0.71). In addition, the combined analysis integrat-
ing anatomical location and radiomics features was evalu-
ated using the same QDA framework under LOOCV. The
combined model achieved an AUC of 0.76 (95% CI: 0.61—
0.87), which was higher than that obtained using anatomical
location alone (AUC=0.71) and radiomics features alone
(AUC=0.72). These results suggest that the integration
provides complementary information, although the degree
of improvement under LOOCYV is modest. In addition, the
findings indicate that nonlinear decision boundaries may
better capture the structure of the radiomics feature space.
At the same time, the comparable performance between
anatomical location and radiomics features indicates that
both feature types possess similar levels of discriminative
capability when evaluated under matched model conditions.
Furthermore, the comparison between anatomical location
and radiomics features depends on the choice of classifier. In
the initial analysis, QDA was used for anatomical location,
whereas LDA was used for radiomics features, which may
have introduced an imbalance in model flexibility. In this
study, additional analysis using QDA for radiomics features
demonstrated improved performance (AUC=0.72), indicat-
ing the presence of nonlinear relationships in the radiomics
feature space. Notably, when evaluated under comparable
model conditions, anatomical location and radiomics fea-
tures exhibited similar levels of discriminative performance.

A limitation of this study is that only 55 cases had both
imaging and genetic data available. While it is possible that
MGMT methylation status could be inferred from imaging,
the 95% confidence interval of the AUC is relatively wide,
highlighting the need for future studies with larger sample
sizes to further validate and refine these findings.

5 Conclusion

Information obtained from medical imaging provides
insights into tumor morphology and location that cannot be
obtained through genetic testing. This study suggests that
the site of glioblastoma occurrence may serve as a clue for
predicting MGMT methylation status. Furthermore, it was
demonstrated that tumor location provides information dis-
tinct from that of radiomics features. These findings offer
new insights into which imaging characteristics can be uti-
lized to assess the presence or absence of MGMT methyla-
tion in glioblastoma.
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5.1 Supplementary methods and results:
preliminary experiment

FLAIR, T1-weighted, and T2-weighted MR images from 23
patients in the TCGA-GBM dataset were analyzed. Four-
teen patients had MGMT promoter methylation and nine did
not. For each case, the slice with the largest tumor arca was
selected, and the tumor region was manually segmented on
each image. A total of 375 radiomics features were extracted.
Using LASSO regression, three radiomics features relevant
for discriminating MGMT methylation status were selected
each MRI sequence. Classification performance was evalu-
ated using linear discriminant analysis and receiver operat-
ing characteristic (ROC) analysis. The area under the curve
(AUC) was 0.931 for FLAIR images, 0.901 for T1-weighted
images, and 0.892 for T2-weighted images. Based on these
results, FLAIR images were selected for subsequent analy-
ses. These preliminary results were presented at the 76th
Annual Meeting of the Japanese Society of Radiological
Technology (April 2020).
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