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Background: Although the spatial heterogeneity of glioblastoma (GBM) can be clearly mapped by the
habitats generated by magnetic resonance imaging (MRI), the means to accurately predicting the spatial
location of local recurrence (SLLR) remains a significant challenge. The aim of this study was to identify the
different degrees enhancement of GBM, including the nontumor component and tumor component, and
determine their relationship with SLLR.

Methods: A retrospective analysis was performed from three tertiary medical centers, totaling 728 patients
with 109 radiation-induced temporal lobe necrosis (TLN) of nasopharyngeal carcinoma (NPC) and 619
with GBM. The spatial location of nontumor component enhancement (SLNTE) and the spatial location of
tumor component enhancement (SLTE) for the preoperative images of patients with GBM were identified
using TLN as the nontumor component reference by clustering analysis, and then their relationship with
the SLLR was analyzed. Decision tree models of 10-fold cross-validation based on SLNTE and SLTE built
to predict the SLLR. The area under the curve (AUC) was used to evaluate the predictive efficacy of these
models.

Results: The SLNTE had a stronger spatial relationship with SLLR than did SLTE (x’=4.77; P=0.029).
In data set 3, both the SLNTE and SLTE were associated with the SLLR (rg x=0.70, P<0.001; rg1:=0.34,
P=0.005). In data set 4, the SLLR was correlated with SLNTE but not with SLTE (rg; xr=0.59, P=0.029;
rsrrp=0.20, P=0.50). In data sets 3 and 4, the SLNTE-based decision tree models predicted the SLLR with
81% and 79% accuracy, respectively, and the AUC values were greater than 0.80 and 0.75, respectively.
Meanwhile, the SLTE-based decision tree models predicted the SLLR with 72% and 50% accuracy,
respectively, with AUC values of 0.70 and 0.60, respectively.
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Conclusions: Radiation-induced TLN of NPC is a highly effective reference indicator for detecting

nontumor components. The tumor periphery adjacent to the nontumor component enhancement of GBM

may be associated with a higher risk of local recurrence, which may provide a more accurate imaging basis

for performing supertotal resection.
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Introduction

The high recurrence rate and poor response to the
treatment of glioblastoma (GBM) have been attributed to
its heterogeneity, which has thus garnered considerable
research attention (1). Even with total tumor resection
and combined radiochemotherapy, recurrence of GMB
still occurs. The accurate prediction of the spatial location
of recurrent cancer may be a productive area of cancer
research.

The spatial and temporal heterogeneity of GBM can
be clearly mapped by the different habitats generated by
multisequence magnetic resonance imaging (MRI) (2-8),
as this can be used to perform survival risk stratification
without incorporating the relationship between
spatiotemporal heterogeneity of GBM and the local
recurrence site. A recent study on the local recurrence
of high-grade glioma indicated that the spatial pattern of
local recurrence is related to patient prognosis and that the
progression-free survival and overall survival of patients with
recurrence within the surgical cavity are longer than those
associated with recurrence outside the surgical cavity (9).
However, the study only stratified local recurrence and did
not accurately predict the spatial recurrence site. Another
study on brain metastasis after stereotactic radiosurgery
achieved successful prediction of the recurrence site (10);
this was possible due to the observation that brain metastasis
after stereotactic radiosurgery is less associated with
brain tissue and lesion deformation as compared to GBM
surgery (11). In addition, radiomics (12,13), machine
learning (14,15), and deep learning (16,17) can also identify
the spatiotemporal heterogeneity of GBM and better
predict survival. However, none of the studies employing
these modalities attempted to predict the spatial location of
local recurrence (SLLR) in GBM.

The different degrees of enhancement in GBM include
both the solid component and necrotic component of the
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tumor; however, the means to distinguishing between
these different components and their value in predicting
the site of GBM recurrence has not been extensively
examined. Radiation-induced temporal lobe necrosis (TLN)
of nasopharyngeal carcinoma (NPC) shares similar MRI
and pathological findings with GBM except for the tumor
cell (18,19). Therefore, in this current study, we used the
semisupervised clustering of seeded k-means clustering
algorithm to label radiation-induced TLN of NPC as
nontumor components and performed mixed clustering
with multisequence MRI imaging data of preoperative
GBM. We sought to determine whether the clustering
results and category features obtained with this method
could distinguish between the nontumor component from
the tumor cell based on solid enhancement of GBM, and
we further aimed to analyze the relationship between the
spatial sites of the two-component types and the SLLR.
We present this article in accordance with the STROBE
reporting checklist (available at https://qims.amegroups.
com/article/view/10.21037/qims-24-1319/rc).

Methods

The retrospective study was conducted in accordance with
the Declaration of Helsinki (as revised in 2013) and was
approved by institutional ethics boards of Tianjin First
Central Hospital (No. 2021N118KY), Tianjin Huanhu
Hospital (No. 2023-103), and Hunan Cancer Hospital (No.
KY2024533). The requirement for individual consent was
waived due to the retrospective nature of the analysis.

Participants

A total of 728 patients in four independent cohorts were
included for the retrospective analysis (Figure S1): data set
1 was used as a reference for the image information of the
nontumor components to introduce category labels (20),
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Figure 1 Study design for the prediction of the SLLR. (D T,WI1, ADC, and enhanced T,WI images were available for patients with TLN
and GBM from center 1, which were used to build the clustering model to identify the SLNTE and SLTE in the enhancement region of

GBM. (2) The MR images of GBM from center 2 and center 3 were analyzed with the clustering model, and then the relationships between
the SLLR and SLNTE and SITE were determined. (3) The decision tree model based on 10-fold cross-validation was built to predict the

SLLR, and the AUC value was calculated to evaluate the predictive
Tianjin Huanhu Hospital; center 3, Tianjin First Central Hospital.
image; ADC, apparent diffusion coefficient; SLLR, spatial location

performance of the model. Center 1, Hunan Cancer Hospital; center 2,
TLN, temporal lobe necrosis; GBM, glioblastoma; T,WI, T',-weighted

of local recurrence; SLNTE, spatial location of nontumor component

enhancement; SUTE, spatial location of tumor component enhancement; AUC, area under the curve; T,WI, T,-weighted image; MR,

magnetic resonance.

while data set 2 was used as the preoperative imaging feature
information for GBM. We combined T',-weighted images
(T,WIs) enhancement, T,-weighted images (T,WIs), and
apparent diffusion coefficient (ADC) sequences and used
the seeded k-means clustering algorithm to establish a
semisupervised clustering model to obtain clustering results
and category features. Data sets 3 and 4 were used for out-
of-set validation of the above model and to further predict
the SLLR based on the clustering results. The overall study
design is shown in Figure 1.

For data set 1, 109 patients with radiation-induced TLN
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from NPC were enrolled from March 2018 to August 2020
and were collected as a reference for the nontumor portion
enhancement of GBM. The inclusion criteria were as
follows: (I) histopathology confirmed of NPC; (II) patients
with NPC who received radiotherapy for the first time and
completed all radiotherapy as planned; (III) radiographic
evidence supporting the diagnosis of radiation-induced
TLN; and (IV) age >18 years. Meanwhile, the exclusion
criteria were as follows: (I) evidence of tumor recurrence
or metastases; (II) cerebral vascular events or inflammatory
and neurodegenerative diseases; (III) loss to follow-up,
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(IV) poor imaging quality and incomplete images; and (V)
registration error during data preprocessing.

For data sets 2, 3, and 4, a total of 619 patients with
GBM were enrolled from November 2016 to December
2023. The inclusion criteria were as follows: (I) pathological
diagnostic criteria meeting the 2021 World Health
Organization fifth edition classification of glioma (21);
(IT) measurable volume of the enhanced region >1 cm’
and no history of preoperative treatment; (III) enhanced
region on the postcontrast TyWI from total resection (in
patients with partial resection, the residual lesion is the
primary cause of disease progression, which can affect the
prediction of local recurrence site); (IV) regular follow-up;
and (V) pathology or radiographic evidence supporting the
diagnosis of local recurrence. Meanwhile, the exclusion
criteria were as follows: (I) partial resection and biopsy;
(IT) pseudoprogression or radiation necrosis; (III) distant
recurrence and cerebrospinal fluid dissemination (as the aim
of the study was to predict the SLLR of GBM); (IV) cases
in which the recurrence filled the surgical cavity (as this
precluded determination of the initial recurrence location);
(V) assessment criteria with which recurrence could not be
assessed; (VI) poor imaging quality and incomplete images;
(VII) loss to follow-up; and (VIII) registration error during
data preprocessing.

Imaging protocol

The GBM and radiation-induced TLN images were
acquired on 3-T magnetic resonance (MR) scanners,
including the Ingenia CX (Philips Healthcare, Best, the
Netherlands) and the MAGENTOM Trio and Skyra
(Siemens Healthineers, Erlangen, Germany). The
sequences included T,WI, diffusion-weighted imaging
(DWI), and postcontrast TyWI. The detailed parameters
are shown in Table S1. Functional sequences were used to
assess the recurrence after GBM treatment and included
perfusion-weighted imaging (PWI) and magnetic resonance
spectroscopy (MRS). PWI included arterial spin labeling
(ASL), dynamic susceptibility contrast (DSC), and dynamic
contrast enhancement (DCE). The parameters of functional
sequences are provided in Appendix 1.

Imaging analysis

Criteria for radiation-induced TLN (data set 1)
All patients with NPC received radiotherapy. An enhanced
MRI was performed when head symptoms occurred. The
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criteria (22) for patients with radiation-induced TLN
were as follows: (I) history of radiotherapy for NPC; (II)
availability of plain and contrast MRI data, including (i)
white matter (WM) lesions (finger-like lesions of increased
signal intensity in T,WI) located in the temporal lobe; (ii)
contrast-enhanced lesions (lesions with or without necrosis
in contrast-enhanced T,WI with heterogeneous signal
abnormalities in T, images); (iii) cysts (round or oval-
shaped well-defined lesions of very high signal intensity in
T, images with thin or imperceptible walls); and (iv) follow-
up data showing no progression of the TLN; and (III) no
brain metastasis, intracranial tumors, brain abscesses, or
other intracranial diseases.

Assessment of preoperative GBM (data sets 2, 3, and 4)
The imaging characteristics of all patients with newly
diagnosed GBM were evaluated, including tumor location,
involved corpus callosum, involved subventricular zone
(SVZ), and cortical contact. Tumor location included
bilateral frontal, parietal, occipital, temporal, and cerebellar
sites. Involvement of the corpus callosum was defined as
edema rather than enhanced tumor involvement in the
corpus callosum. Involvement of the SVZ was defined
as enhanced tumor contact with the lateral ventricular
edge. Cortical contact was defined as enhanced tumor
involvement in the cerebral cortex.

Assessment for the recurrence of GBM (data sets 3
and 4)
All enrolled patients underwent maximal safe resection
(enhanced total tumor resection) via the intraoperative
navigation system. Postoperative radiotherapy combined
with temozolomide-based chemotherapy and sequential
temozolomide-based chemotherapy were performed. If
O°-methylguanine-DNA methyltransferase (MGMT)
methylation was negative on molecular pathology, platinum-
based sensitizers were added. All patients underwent MRI
enhancement within 3 days after surgery, 3 days before
radiotherapy, and 2—4 weeks after radiotherapy, and follow-
up MRI enhancement was performed every 2—4 months. All
patients were followed up until local recurrence or death.
Local recurrence included recurrence at the margins in
the resection cavity or surgical area and recurrence within
2 cm from the operative cavity (9). All cases of recurrence
were confirmed by the following: (I) pathology (gold
standard); (II) Response Assessment in Modified Neuro-
Oncology (RANO) criteria (23), continuous follow-up with
enhanced MRI; and (III) appearance of a new enhancing
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Figure 2 The clustering model and the results. Based on the SSEs of the elbow method (A), five clusters were selected. In each cluster, the
(B) proportions of GBM and TLN and the (C) proportion of gray values for T,WI, ADC, and T1-contrast are shown. (D,E) The results
of the TLN and GBM based on the clustering model, respectively. The gray values of TLN and GBM in the enhanced regions were
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TLN, temporal lobe necrosis; T,WI, T,-weighted image; ADC, apparent diffusion coefficient; SSE, sum of squared error; T, WI,

T,-weighted image.

lesion appeared and no subsequent follow-up MRI, with
assessment of functional MRI (PWI and MRS). The specific
manifestation is enhanced lesions showed hyperperfusion,
increased choline (Cho) level, decreased N-acetyl aspartate
(NAA) level, and a Cho:NAA ratio >2.5 were considered
indicative of tumor progression and as confirmation of
recurrence.

The SLLR was assessed as follows: (I) according to the
enhanced MRI within 3 days after surgery, the surgical
area was evaluated. (II) During follow-up enhanced MRI,
the changes in the surgical area and the formation of the
resection cavity were observed. (III) When a newly enhanced
lesion appeared and recurrence confirmed, the MRI of
the recurrence site and the previous follow-up MRI were
compared to evaluate the positional relationship between
the local recurrence and surgical cavity, including six spatial
locations of the anterior, posterior, superior, inferior, WM
side, and gray matter (GM) side. No recurrence on the GM
side was observed, and the remaining five spatial locations of
local recurrence are shown in Figure S2.

© AME Publishing Company.

Clustering analysis

Clustering analysis was performed using T,WI, ADC, and
T WI-enhanced images. Data preprocessing, including
format conversion, skull-stripping, registration, delineation
region of interest (ROI), resampling, and normalization, is
detailed in Appendix 1.

A semisupervised clustering analysis model was built
to obtain the cluster results and category features via
the seeded k-means clustering algorithm in scikit-learn
(version 1.0.2) in Python 3.9 (Python Software Foundation,
Wilmington, DE, USA) (Figure 2). First, pixels of the three
sequences from data sets 1 and 2 were extracted according
to the ROI on T, WI-enhanced images, with the number of
pixels denoted as n. The three-channel data from two data
sets were merged to obtain an nx3 pixel matrix, with the
first column being T, WI enhancement, the second column
being T,WI, and the third column being ADC, which were
then used as input data for the seeded k-means clustering
algorithm. Second, the number of clusters was determined
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according to the elbow curve. Next, the seeded k-means
supervised clustering algorithm required independent prior
labels, and so any radiation-induced TLN was labeled.
Finally, after the modeling, the T, WI enhancement,
T,WI, and ADC gray-value ranges were counted, and the
saved model was displayed and visualized on the T,WI
enhancement sequence for subsequent analysis. On the
visualized images, the spatial location of tumor component
enhancement (SLTE) and the spatial location of nontumor
component enhancement (SLNTE) of GBM were evaluated
and recorded according to the labeled method of the SLLR,
including six spatial locations: the anterior, posterior,

superior, inferior, WM side, and GM side.

Assessment of the relationship among SLLR, SLTE, and
SLNTE

Since the SLLR, SLTE, and SLNTE may include multiple
spatial locations, their relationship was divided into
the following three aspects (Figure 3): (I) only SLNTE
correlating with SLLR; (II) only SLTE correlating with
SLLR; and (III) both SLTE and SLNTE correlating
with SLLR.

We denoted the SLLR corresponding to the SLNTE as
SLLR_1 and that corresponding to the SLTE as SLLR_2.
When the SLLR spanned two or more locations, such
as the anterior and WM side, if the SLNTE was in the
anterior and GM side and if the SUTE was in the WM side
and posterior, these would, be labeled as SLLR_1 (anterior)
and SLLR_2 (WM side), respectively.

Statistical analysis

The SPSS 26.0 IBM Corp., Armonk, NY, USA) and
GraphPad Prism 8.0 (GraphPad Software, San Diego,
CA, USA) were used to analyze all data. The significance
level was set at P<0.05 for all analyses. The SLLR, SLTE,
and SLNTE were assessed by two radiologists, one with
7 years of experience and with 11 years, with the former
performing the second assessment after 3 months. The
intra- and intraobserver agreement for the radiologists was
evaluated using the intraclass correlation coefficient ICC)
and the 95% confidence interval (CI). The ICC model used
two-way random effects, single measurement, and absolute
agreement.

The Chi-squared test was used to determine whether

there were differences in the relationship between the
SLLR and SLTE and between the SLLR and SLNTE.
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Spearman rank correlation was used to analyze the
correlation between the SLLR and SLNTE or SLTE.

To further determine the ability of the SLNTE and
SLTE to predict the SLLR, 10-fold cross-validation of
the decision tree prediction model was performed using
the classification regression tree (CRT) algorithm. The
predictive performance of the decision tree model was
evaluated by calculating the area under the curve (AUC),
sensitivity, and specificity.

Results
Patient characteristics

The clinical and imaging data of 728 patients from
three tertiary centers were retrospectively analyzed from
November 2016 to December 2023. A total of 281 patients
who met the inclusion and exclusion criteria were included
in the final analysis, including four data sets. Additionally,
90 patients with the radiation-induced TLN (data set 1)
and 110 pretreatment patients with GBM (data set 2) from
center 1 (Hunan Cancer Hospital) were used to build a
clustering analysis model for distinguishing between tumor
and nontumor components in the enhanced region of
GBM. Patients with GBM and local recurrence, including
67 participants for data set 3 from center 2 (Tianjin Huanhu
Hospital) and 14 for data set from center 3 (Tianjin First
Central Hospital), were used to analyze the relationship
among the SLTE, SLNTE, and SLLR and to predict the
SLLR. The clinical and imaging characteristics of the
patients with GBM and radiation-induced TLN are listed
in Tables S2,S3, respectively.

The results of the clustering analysis model

Data from patients with radiation-induced TLN (data set
1) and GBM (data set 2) were used to build the clustering
analysis model, and we selected five clusters based on the
sum of squared errors of the elbow method (Figure 2A4).
The clusters 0, 1, 2, 3, and 4 corresponded to red, blue,
yellow, orange, and green colors. When modeling, we used
radiation-induced TLN as a prior label and labeled it as
cluster 4 (green), with the MRI manifestations being marked
enhancement and higher T,WI and ADC values. The
green zone represented the SLNTE. From Figure 2B-2E,
we can observe that cluster 0, in red, is the tumor
enhancement area, and the characteristic MRI features
included noticeable enhancement and low T,WI and ADC
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Necrosis

Figure 3 Examples of the relationship of the SLLR with SLTE and SLNTE. Since the SLLR, SLTE, and SLNTE could include multiple
spatial locations, their relationship was divided into the following three aspects: (I) only the SLNTE correlated with the SLLR (A); (I) only
the SLTE correlated with the SLLR (B); and (II) and both the SLTE and SLNTE correlated with the SLLR (C). The SLLRs are indicated

by the solid white arrows. The presurgical enhanced T, WI, presurgical clustering image, and recurrent image are shown (left to right).

SLTE, spatial location of tumor component enhancement; SLNTE, spatial location of nontumor component enhancement; SLLR, spatial

location of local recurrence; T, WI, T-weighted image.

values. The red zone represented SLTE. In Figure 2, cluster
1 is the necrotic area, in blue and was characterized by a lack
of enhancement on MRI and high T,WI, and ADC values;

meanwhile, clusters 2 (yellow) and 3 (orange) are undefined

areas, with the MRI features being mild enhancement and
slightly lower or higher T,WI and ADC values. According
to our observation, the distribution locations were relatively
fixed, such as the enhancement-edema junction area or the
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Table 1 The spatial location relationship between SLLR and SLNTE or SLTE

Relationship type Only SLNTE Only SLTE Both ' P value
Data set 3 19 13 35 4.77 0.029™
Data set 4 7 4 3 NA 0.07*

Data are presented as number, unless otherwise specified. Since the SLLR, SLTE, and SLNTE may include multiple spatial locations, their
relationship was divided into the following three aspects: (l) only SLNTE correlated with the SLLR; (Il) only SLTE correlated with the SLLR;
and (lll) both SLTE and SLNTE correlated with the SLLR. ', corrected P value; *, Fisher exact test; *, statistical significance. SLLR, spatial
location of local recurrence; SLNTE, spatial location of nontumor component enhancement; SLTE, spatial location of tumor component

enhancement.
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Figure 4 Correlation of the SLLR with SLNTE and SLTE. The horizontal and vertical axes represent the spatial positions. 1, 2, 3, 4, 5,
and 6 represent anterior, WM side, posterior, GM side, superior, and inferior, respectively. Spearman rank correlation showed significant
correlations of the SLLR with SLNTE and SLTE for data set 3 (rspnte=0.70, P<0.001; ro£=0.34, P=0.005) (A). Although there was a
correlation between the SLLR and SLNTE for data set 4 (rg nre=0.59; P=0.03), there was no correlation with SLTE (rg;1=0.20; P=0.50) (B).
Hollow circles represent SLNTE, and solid triangles represent SLTE. SLTE, spatial location of tumor component enhancement; SLNTE,

spatial location of nontumor component enhancement; SLLR, spatial location of local recurrence; WM, white matter; GM, gray matter.

enhancement-necrosis junction area.

Inter- and intraobserver agreement for the spatial location
assessment among radiologists

For data sets 3 and 4, the SLLR of recurrent GBM was
evaluated, both the ICC values for the interobserver
agreement (ICC_inter) and intraobserver agreement
(ICC_intra) for SLLR were excellent (ICC_inter >0.80
and ICC_intra >0.90). Based on the clustering analysis
model, we assessed the SLNTE and SLTE of GBM and
their consistency, and both the inter- and intraobserver
agreement for the radiologists was also excellent JCC_inter
>0.80 and ICC_intra >0.90). These results are summarized
in Table S4.
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The relationship between the SLLR and SLNTE or SLTE

For data sets 3 and 4, the labeled results of the SLLR,
SLNTE, and SLTE are shown in Table S5. The chi-square
test showed that for data set 3, the SLNTE had a stronger
spatial relationship with SLLR than did SLTE (x’=4.77;
P=0.029). However, SLNTE did not have a stronger spatial
relationship with SLLR than did SUTE for data set 4 (Fisher
test, P=0.07) (Table 1). Although statistical significance was
not reached in data set 4, a larger sample size might have
resulted in significant differences.

As shown in Figure 4, Spearman rank correlation indicated
significant correlations between the SLLR and SLNTE for
data set 3 (rg n1=0.70; 95% CI: 0.54-0.80; P<0.001) and data
set 4 (tgnre=0.59; 95% CI: 0.07-0.86; P=0.03). Although
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there was a correlation between the SLLR and SU'TE for data
set 3 (rgp=0.34; 95% CI: 0.10-0.54; P=0.005), there was no
correlation for data set 4 (rg+=0.20; 95% CI: -0.39 to 0.67;
P=0.50). Therefore, the SLNTE had a stronger correlation
with SLLR than did SLTE.

Construction of the decision tree prediction model

To further confirm the relationship between the SLLR
and the SLNTE and SLTE, we constructed two decision
tree models to predict the SLLR. The final decision
tree parameters had a maximum depth of five layers; the
minimum number of cases of the parent and child nodes
was set to 6 and 3, respectively; and the test level of split
and combined nodes was 0=0.05. The SLLR was used
as the dependent variable, and the independent variables
included age, sex, time to recurrence, involved SVZ, cortical
contact, and the SLNTE and SLTE. The importance of the
independent variables in data set 3 is shown in Figure 5A,
with SLNTE and SLTE being the most important variables.
The dendrograms based on the SLNTE and SLTE are
presented in Figure 5B,5C, respectively. The accuracy of
the decision tree models based on the SLNTE and SLTE
for predicting the SLLR was 81% and 72%, respectively
(Table 2 and Table S6).

For data set 4, we used the same approach to build two
decision tree models based on the SLNTE and SLTE to
predict the SLLR (Figure S3A-S3C). The accuracy of the
decision tree models in predicting the SLLR was 79% and
50%, respectively (Table 3 and Table S7).

The predictive efficacy of the decision tree models

In both data set 3 and data set 4, the decision tree models
based on the SLNTE had a better prediction for the SLLR
than did the SLTE (Tables $8,59), and the AUC values
based on the SLNTE were over 0.80 and 0.75, respectively.

Discussion

This study provides two key contributions in the research
on GBM recurrence. First, we used radiation-induced
TLN of NPC as a reference to distinguish the nontumor
component from the tumor cell based on solid enhancement
of GBM using semisupervised clustering analysis. Second,
we found that the nontumor-enhanced portion of GBM
could more accurately predict the SLLR.

In the examination of the relationship between the

© AME Publishing Company.

nontumor and tumor components of GBM and tumor
invasion, it is necessary to separate these two components.
Although numerous studies have demonstrated differences
between pseudoprogression and radiation necrosis after
GBM treatment and true progression based on various
technical approaches (24-29), these lesions are complexes
containing both inflammatory and tumor components. We
selected radiation-induced TLN of NPC as a reference to
build a clustering analysis model for the following reasons:
(I) the lesion is located in the intracranial and completely
unrelated to GBM; (II) the tissue composition is purer
than pseudoprogression and radiation necrosis after GBM
treatment (18,19); (III) we had a relatively large number
of cases; and (IV) no previous study had compared TLN
after NPC radiotherapy with GBM. The clustering analysis
model we used could distinguish the nontumor component
from the tumor cell based on solid enhancement of GBM.

Clustering methods can classify images based on
the information of pixel points, but currently, in the
application of machine learning algorithms to medical
image segmentation, mainly unsupervised learning methods
are used, such as k-means, density-based spatial clustering
of applications with noise (DBSCAN), balanced iterative
reducing and clustering using hierarchies (BIRCH),
and ordering points to identify the clustering structure
(OPTICS), among others. Among them, k-means is
applicable to data of spherical clusters, which is the
predominant form of GBM. Additionally, other algorithms
have higher computational complexity and require a
significant amount of computing resources and storage
space, while k-means involves relatively lower requirements.
Due to the high randomness of unsupervised clustering (30),
incorporating prior knowledge can improve the accuracy
and objectivity of clustering. The seeded k-means clustering
algorithm (20) introduces the seeds set for independent
prior labels and then uses the expectation maximization
algorithm for class division. The distance calculation uses
the Euclidean distance calculation formula. Compared
with the k-means clustering algorithm and traditional
unsupervised k-means algorithms, seeded k-means
clustering has a superior performance (31).

Numerous studies at the cellular level have confirmed
that the presence of nontumor components such as
neutrophils, M2 type macrophages, CD4" and CD8"
lymphocytes, and extracellular matrix contributes to
regulating tumor growth and invasion in GBM (32-36).
Moreover, age, location of the tumor, degree of tumor
enhancement, ADC value, and TERT mutation status
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Figure 5 The importance of independent variables and the dendrograms of the decision tree model in data set 3 (center 2). The SLLR was

used as the dependent variable, and the independent variables included age, sex, time to recurrence, SVZ involvement, cortical contact,
SLNTE and SLTE. (A) The importance of independent variables of decision tree model based on the SLNTE and SLTE. (B,C) The
dendrograms of decision tree model based on the SLNTE and SLTE, respectively. Center 2, Tianjin Huanhu Hospital. SLTE, spatial

location of tumor component enhancement; SLNTE, spatial location of nontumor component enhancement; SVZ, subventricular zone;

CRT, classification regression tree; SLLR, spatial location of local recurrence; WM, white matter.

Table 2 Accuracy of the SLNTE-based decision tree model in predicting the SLLR_1 for data set 3

Prediction
Truth spatial location Correct percentage (%)
Anterior WM side Posterior Superior Inferior
Anterior 19 3 2 0 0 79
WM side 3 19 0 1 0 83
Posterior 3 1 11 0 0 73
Superior 0 0 0 2 0 100
Inferior 0 0 0 0 3 100

Data are presented as number, unless otherwise specified. The accuracy of the decision tree model based on the SLNTE in predicting
the SLLR was 81% for data set 3. SLLR_1, the SLLR corresponding to the SLNTE. SLNTE, spatial location of nontumor component
enhancement; SLLR, spatial location of local recurrence; WM, white matter.

have been associated with tumor-associated macrophage
infiltration (CD68" and CD163") at the imaging level (37).
Therefore, we examined the relationship between the
SLLR and the nontumor component of GBM from the
imaging level. We found that the nontumor portion
enhancement of GBM was more correlated with the SLLR
compared to tumor components and could more accurately

© AME Publishing Company.

predict it, suggesting that the marginal area adjacent to the
nontumor portion enhancement of GBM may be a high-
risk spatial site for local recurrence. However, these results
require one-to-one evidence of imaging and pathology
or spatial transcriptomics. In addition, prediction of
the SLLR based on the nontumor component was not
possible with only a small number of datapoints in this
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Table 3 Accuracy of the SLN'TE-based decision tree model in predicting the SLLR_1 for data set 4

Prediction
Truth spatial location Correct percentage (%)
Anterior WM side Posterior Superior Inferior

Anterior 0 1 0 0 1 0

WM side 0 5 0 0 0 100
Posterior 0 0 4 0 0 100

Superior 0 0 1 0 0 0

Inferior 0 0 0 0 2 100

Data are presented as number, unless otherwise specified. The accuracy of the decision tree model based on the SLNTE in predicting
the SLLR was 79% for data set 4. SLLR_1, the SLLR corresponding to the SLNTE. SLNTE, spatial location of nontumor component
enhancement; SLLR, spatial location of local recurrence; WM, white matter.

study. Indeed, the clustering results did not show obvious
nontumor components in 11.9% and 21.4% of the data in
data set 3 (eight patients) and data set 4 (three patients),
and we classified them as the only tumor part correlated
with SLLR. The data in which there was little nontumor
component need be confirmed by pathology.

Decision tree is a fully matured form of supervised
machine learning. In the classification problem, the
decision tree represents the process of classifying instances
based on features (38). In our decision tree model, SLTE
and SLNTE were the most important imaging features
for predicting SLLR, which may suggest that SLLR
is associated with the location of tumor and nontumor
components and not with features of tumor invasion, such
as SVZ involvement and cortical contact. Therefore, the
location of the tumor and nontumor components warrant
increased attention, especially SLNTE.

Due to its higher proliferation and migration ability,
the tumor periphery of GBM is a critical region that
significantly influences the tumor’s growth, invasion,
and response to therapy (39,40). Li er al. found that for
patients with GBM, resecting >53.21% of the abnormal
T,WI or fluid-attenuated inversion recovery (FLAIR) area
significantly prolonged patient survival (41). Although the
importance of peritumoral tissue has been recognized, there
is currently no precise method for defining the boundary
of peritumoral invasive tumor tissue, except for invasive
pathological approaches. Recently, a method of rapidly
identifying the molecular boundary of tumors by acquiring
multiple samples from the tumor cavity during surgery may
achieve supertotal resection (42). However, the main issue
with this is the blindness of tumor cavity sampling. In our
included cases, we found that after the complete resection

© AME Publishing Company.

of the T WI-enhanced lesions, the recurrence sites around
the operative cavity were localized and heterogeneous.
Therefore, the expanded resection should be performed on
one side (in a certain direction) rather than the entire tumor
periphery, which requires noninvasive preoperative imaging
guidance.

The clinical significance of this study is that it provides
an imaging reference for the extended resection of GBM
based on the heterogeneity of the SLLR. Numerous
studies have shown that the degree of tumor resection is
a key indicator of glioma prognosis (43,44), and a greater
resection of tumor tissue can provide a survival benefit
to patients. However, a blind extension of resection may
increase the risk of neurological dysfunction (45,46).

Our study involved several limitations which should
be discussed. One major caveat of our study is that the
tumor and nontumor components were distinguished
based on T,WI, ADC, and enhanced T ;WI images via
clustering analysis. Further analysis using pathology and
spatial transcriptomics is needed to clarify the pathological
or molecular basis of the relationship between the
nontumor components and the SLLR. We did not perform
pathological or spatial transcriptomic analysis due to a lack
of availability of pathological tissue in this retrospective
study, but this will be undertaken in a future prospective
study. Another concern is that the sample sizes of data
sets 3 and 4 were insufficiently large. The main reason is
the total resection of the T,WI-enhanced lesion is often
difficult to achieve due to the location of GBM and the
surgeon’s experience. But, based on the aim of this study,
this more stringent inclusion criteria is necessary. Another
issue was that data were derived from multiple centers,
and the scanners and protocols were different. However,
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certain measures were undertaken to mediate this effect,
including the use of quality images, identical preprocessing
and standardization, and a consensus on ROI delineation
and image evaluation between radiologists. Finally, the
assessments of the SLLR, SLNTE, and SLTE were
subjective. In order to be more objective, we considered
using parameters such as the coordinate system or angle
for quantitative evaluation, but the analysis process was
complicated and unsuitable for clinical practice.

Conclusions

We developed a method for identifying the SLNTE and
SLTE of GBM by combining GBM and radiation induced
TLN for NPC through a retrospective analysis of three
tertiary medical centers. The SLNTE of GBM showed a
significant correlation with the SLLR and could predict
it more accurately than could SLTE. Therefore, for the
newly diagnosed GBM, the marginal zone adjacent to the
nontumor component enhancement may be at higher risk of
local recurrence, which may provide a more precise image
basis for treatment options such as supertotal resection.
However, our findings require further validation in larger
cohorts, ideally from multiple centers.
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