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ARTICLE INFO ABSTRACT

Keywords: Purpose: The methylation status of the O6-methylguanine-DNA methyltransferase (MGMT) promoter has been

Radiomics proven to be a prognostic and predictive biomarker for lower grade glioma (LGG). This study aims to build a

MRI radiomics model to preoperatively predict the MGMT promoter methylation status in LGG.

MGMT promoter methylation Method: 122 pathology-confirmed LGG patients were retrospectively reviewed, with 87 local patients as the

II;E::; grade glioma training dataset, and 35 from The Cancer Imaging Archive as independent validation. A total of 1702 radiomics
features were extracted from three-dimensional contrast-enhanced T1 (3D-CE-T1)-weighted and T2-weighted
MRI images, including 14 shape, 18 first order, 75 texture, and 744 wavelet features respectively. The radiomics
features were selected with the least absolute shrinkage and selection operator algorithm, and prediction models
were constructed with multiple classifiers. Models were evaluated using receiver operating characteristic (ROC).
Results: Five radiomics prediction models, namely, 3D-CE-T1-weighted single radiomics model, T2-weighted
single radiomics model, fusion radiomics model, linear combination radiomics model, and clinical integrated
model, were built. The fusion radiomics model, which constructed from the concatenation of both series, dis-
played the best performance, with an accuracy of 0.849 and an area under the curve (AUC) of 0.970 (0.939-
1.000) in the training dataset, and an accuracy of 0.886 and an AUC of 0.898 (0.786-1.000) in the validation
dataset. Linear combination of single radiomics models and integration of clinical factors did not improve.
Conclusions: Conventional MRI radiomics models are reliable for predicting the MGMT promoter methylation
status in LGG patients. The fusion of radiomics features from different series may increase the prediction per-
formance.

1. Introduction surgical excision, chemotherapy, and radiotherapy[1]. O°-methylgua-
nine-DNA methyltransferase (MGMT) is a DNA repair enzyme that re-

Glioma accounts for 75% of malignant primary central nervous moves the guanine-alkyl group induced by alkylating agents such as
system (CNS) tumors but suffers an unfavorable prognosis despite temozolomide (TMZ)[2]. The methylation of the MGMT promoter,

Abbreviations: 3D-CE-T1-weighted, three-dimensional contrast enhanced T10-weighted; AUC, area under curve; CNS, central nervous system; SD, standard de-
viation; LASSO, least absolute shrinkage and selection operator; LGG, lower grade gliomas, which refers to WHO grade II and III gliomas; MGMT, O6-methylguanine-
DNA methyltransferase; MRI, magnetic resonance imaging; PCR, polymerase chain reaction; PFS, progression-free survival; ROI, region of interest; ROC, receiver
operating characteristic; SVM, support vector machine; TCGA, The Cancer Genome Atlas; TCIA, The Cancer Imaging Archive; TMZ, temozolomide; WHO, World
Health Organization

* Corresponding authors at: Peking Union Medical College Hospital (East), No. 1 Shuaifuyuan Wangfujing Dongcheng District, Beijing, China.

E-mail addresses: jiangchendan@gmail.com (C. Jiang), kongziren@pumc.edu.cn (Z. Kong), 1sr0303@126.com (S. Liu), joule_feng@163.com (S. Feng),
zhangyiweilucy@126.com (Y. Zhang), zhu.rui.zhe@163.com (R. Zhu), cwl2014thupumc@126.com (W. Chen), skafear@yeah.net (Y. Wang),
1yl0211@163.com (Y. Lyu), you_hui@hotmail.com (H. You), dachunzhao@126.com (D. Zhao), wangrenzhi@pumch.cn (R. Wang), ywang@pumch.cn (Y. Wang),
mawb2001@hotmail.com (W. Ma), ffeng@pumch.cn (F. Feng).

! These authors contributed equally to this work.

https://doi.org/10.1016/j.ejrad.2019.108714
Received 27 May 2019; Received in revised form 5 September 2019; Accepted 13 October 2019
0720-048X/ © 2019 Published by Elsevier B.V.


http://www.sciencedirect.com/science/journal/0720048X
https://www.elsevier.com/locate/ejrad
https://doi.org/10.1016/j.ejrad.2019.108714
https://doi.org/10.1016/j.ejrad.2019.108714
mailto:jiangchendan@gmail.com
mailto:kongziren@pumc.edu.cn
mailto:lsr0303@126.com
mailto:joule_feng@163.com
mailto:zhangyiweilucy@126.com
mailto:zhu.rui.zhe@163.com
mailto:cwl2014thupumc@126.com
mailto:skafear@yeah.net
mailto:lyl0211@163.com
mailto:you_hui@hotmail.com
mailto:dachunzhao@126.com
mailto:wangrenzhi@pumch.cn
mailto:ywang@pumch.cn
mailto:mawb2001@hotmail.com
mailto:ffeng@pumch.cn
https://doi.org/10.1016/j.ejrad.2019.108714
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejrad.2019.108714&domain=pdf

C. Jiang, et al.

which epigenetically silences the MGMT gene, has become a strong
prognostic and predictive biomarker of World Health Organization
(WHO) grade II, III and IV gliomas[3-5]. Therefore, measurement of
MGMT promoter methylation status has been widely applied in the
clinical evaluation of glioma patients. However, the MGMT promoter
status is mainly determined by methylation-specific polymerase chain
reaction (PCR), pyrosequencing or a methylation chip[2,6,7] based on a
tumor sample, which is hindered by the relatively long detection
period, the tumor heterogeneity and the unavailability of surgery or
biopsy. Thus, preoperatively and noninvasively evaluating the MGMT
promoter methylation status is of great clinical significance.

Magnetic resonance imaging (MRI) is routinely applied in the initial
evaluation of gliomas, and early studies have investigated the associa-
tion between MRI characteristics and MGMT promoter methylation
status[8-10]. Recent advances in radiomics allow a quantitative de-
scription of tumor characteristics with high-throughput radiomics fea-
tures extracted from imaging data and the establishment of a predictive
model to predict the tumor phenotype through selected features[11]. In
the field of glioma research, several MRI-based radiomics studies have
demonstrated the correlation of MRI radiomics features with glioma
WHO grading[12,13], molecular characteristics[14-17], clinical man-
ifestations[18], and patients’ prognosis[19,20].

Although promising results have been revealed with the use of
radiomics to predict glioma features, limited studies have focused on
predicting MGMT promoter methylation status[21-23]. In particular, Li
et al. and Xi et al. investigated radiomics models of glioblastoma
[21,22], and Wei et al. explored the radiomics features of WHO grade
II-IV astrocytomas[23]; however, none of these studies specifically fo-
cused on lower grade gliomas (LGG, which refers to WHO grade II and
III gliomas). Since recent studies have suggested that the MGMT pro-
moter methylation status is an independent prognostic biomarker of
WHO grade II and WHO grade III gliomas and a predictive biomarker
for the response to alkylating agents regardless of histological classifi-
cation[3,4,24,25], radiomics prediction of MGMT promoter methyla-
tion status may have great potential in clinical practice.

This study retrospectively investigated the imaging characteristics
from pretreatment conventional MRI images of LGGs using a radiomics
approach, aiming to build a reliable model to noninvasively predict the
MGMT promoter methylation status in LGG patients.

2. Materials and Methods
2.1. Patients

This study retrospectively reviewed patients with pathologically
confirmed LGG treated at our hospital between August 2010 and March
2018. The inclusion criteria were as follows: 1) adults with histo-
pathology confirmed primary WHO grade II and III gliomas with no
previous history of CNS tumors; 2) frozen tumor tissues available for
the measurement of MGMT promoter methylation status; 3) pre-
operative MRI examination including three-dimensional contrast en-
hanced T1 (3D-CE-T1)-weighted imaging and T2-weighted imaging;
and 4) no radiotherapy, chemotherapy or other therapy delivered be-
fore MRI acquisition and surgery. The study design and protocol were
approved by the Institutional Review Board, and all patients provided
informed consent. Imaging data from the open-access database The
Cancer Genome Atlas Low Grade Glioma (TCGA-LGG) data collection,
hosted on The Cancer Imaging Archive (TCIA) which met the inclusion
criteria 1), 3), and 4) and had available MGMT promoter methylation
status, were also acquired (www.cancerimagingarchive.net). Finally, a
total of 87 local patients met the inclusion criteria and were assigned
into a training dataset, and 35 patients from the TCIA-LGG dataset were
included as an independent validation dataset. The recruitment
pathway of the involved patients is shown in Fig. 1.
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Fig. 1. Local patients were recruited to the training dataset, and patients from
The Cancer Imaging Archive (TCIA) were recruited to the validation dataset.

2.2. Measurement of the MGMT Promoter Methylation Status

The MGMT promoter methylation status of the local patients was
measured by pyrosequencing as described by Reifenberger et al[26].
DNA was extracted from frozen tumor tissues using a Simlex OUP®FFPE
DNA extraction kit (TIB, China) and subsequently quantified by spec-
trophotometry using a NanoDrop 2000 (Thermofisher, US). Bisulfate
modification was carried out using an EpiTect Bisulfite Kit (Qiagen,
Germany). PCR was accomplished with a DRR0O07 kit (Takara, Japan)
using the Verity 96-Well Thermal Cycler (Thermofisher, US), and pyr-
osequencing was performed using the PyroMark Q96 system (Qiagen,
Germany) in 10 CpG island region within the MGMT promoter. Glioma
was defined as ‘methylated’ if the average methylation rate of the CpG
regions = 8%, otherwise the tumor was recognized as ‘unmethylated’
[26].

2.3. MRI Data Acquisition and Preprocessing

Preoperative MRI of the local patients was performed on a 3.0-T
MRI scanner (Discovery MR750, GE, US). The MRI protocol included
3D-CE-T1-weighted images (repetition time, 6.2-8.3 ms; echo time, 2.6-
3.2ms; inversion time, 400ms; slice thickness, 1mm; matrix,
256 x 256) and T2-weighted images (repetition time, 3440-4060 ms;
echo time, 85-103 ms; slice thickness, 5-6 mm; matrix, 256 X 256). 3D-
CE-T1-weighted images were obtained after the injection of 0.1 mmol/
kg of gadolinium chelate contrast medium. All MRI images were au-
tomatically interpolated to a 512 X 512 resolution by the MRI system.
All of the DICOM data acquired from the MRI scanner were converted
to NIfTI formats for later processing, and the patient information was
simultaneously removed for privacy purposes.
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2.4. Image Segmentation

T2-weighted images were co-registered to the 3D-CE-T1-weighted
images to delimit the tumor boundaries as well as to eliminate the in-
fluence of head movement on tumor features in the same patient.
Tumors were then manually segmented by two experienced neuro-
surgeons who were blinded to the patients’ information using the ITK-
SNAP software (http://www.itksnap.org/pmwiki/pmwiki.php). Both
3D-CE-T1-weighted and T2-weighted series were referred during the
segmentation. The three-dimensional region-of-interest (ROI) mask,
which included contrast-enhancement region for contrast-enhanced
tumor and the abnormal T2 signals for the non-contrast-enhanced
tumor, was delineated on 3D-CE-T1-weighted images (exampled in
Supplementary material 1) and co-registered to T2-weighted images
with FSL (Functional Magnetic Resonance Imaging of the Brain Analysis
Group, Oxford University, UK [FMRIB] Software Library) [27-29] to
avoid inconsistencies in ROIs between different imaging sequences. The
ROI mask was subsequently reevaluated by a senior neuro-radiologist to
ensure the quality. If the discrepancies of ROI < 5% between the two
neurosurgeons, the final ROI was defined as the overlapping area of
their segmentations; if the discrepancies of ROI > 5%, the neuro-
radiologist made the final decision.

2.5. Postprocessing and Feature Extraction

Normalization of the brightness level was performed on 3D-CE-T1
and T2-weighted images with a preset module in pyradiomics (2.1.0,
http://www.radiomics.io/)[30], which normalizes the image by cen-
tering it at the mean with standard deviation based on all gray values in
the image. A total of 1702 radiomics features were extracted with
pyradiomics[30], including 14 shape features, 18 first order features,
75 texture features (derived from GLCM, GLRLM, GLSZM, GLDM, and
NTGDM), and 744 wavelet features. The extracted features are sum-
marized in Supplementary material 2 and detailed in Supplementary
material 3.

2.6. Feature Selection and Model Construction

All of the data were normalized with a scaler based on the standard
deviation (SD) of the training dataset to minimize the influence of data
fluctuations on the classifiers, and the identical scaler with parameters
of the training dataset was also applied to the validation dataset. The
features were selected with the least absolute shrinkage and selection
operator (LASSO)[31], and the code was constructed with Scikit-learn
(v0.20.0, http://scikit-learn.org).[32] The default alpha value of the
elastic-net penalty function was lowered down to 1.0 x 107 in the
LASSO model to ensure that more available related features could be
included in the model. Multiple selection thresholds were evaluated to
find the optimum setting for all radiomics features[33]. All of the fea-
tures had equal priority before selection. The prediction model was
constructed with multiple classifiers including a standard support
vector machine (SVM) classifier, a random forest classifier, and an
AdaBoost classifier with a decision tree or SVM as the base classifier.
The model was trained with our local radiomics data.

Five radiomics prediction models, namely, 3D-CE-T1-weighted
single radiomics model, T2-weighted single radiomics model, fusion
radiomics model, linear combination radiomics model, and clinical
integrated model, were built.

Radiomics features extracted from 3D-CE-T1 and T2-weighted series
were selected and used for model construction separately as single
radiomics predictors.

These optimized single models were linearly combined as a new
linear combination radiomics predictor. The prediction value of the
model was defined as follows with a coefficient value:

Signature; ;... combination = KeSignature;n, 1, + (1 — k)sSignaturer,
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The fusion radiomic model was based on the selected features from
both of the 3D-CE-T1 and T2-weighted modalities, instead of respec-
tively selection. All of the 1702 features were concatenation together,
and de novo selection were performed instead of combining the selected
features. The classification was performed on selected features.

The clinical integrated prediction model shared the same features
with the fusion radiomics model, with age appended as a new feature.

2.7. Model Validation

The predictive models were validated on the independent validation
cohort constructed with the TCIA-LGG data. The performance was as-
sessed using accuracy, sensitivity, specificity and area under the re-
ceiver operating characteristic (ROC) curve (AUC). The DeLong method
was used for statistical comparison of the ROC curves and calculation of
the confidence interval of the AUC[34].

The patients whose MGMT promoter methylation status was cor-
rectly predicted were selected to generate the radiomics maps, aiming
to illustrate regional differences between patients with positive and
negative MGMT methylation status.

2.8. Statistical Analysis

All statistical analyses were performed with R 3.4.1 (https://www.r-
project.org) and Python 3.6.5 (https://www.python.org). ROC analysis
was done with the package pROC. For the calculation of the con-
fidential interval of the AUC and the Z- scores, DeLong method was
used.

3. Results
3.1. Patient Characteristics and Molecular Subtype

The baseline characteristics of the 122 included patients are de-
tailed in Table 1. No significant difference in patients’ clinical char-
acteristics was observed in the training cohort (n = 87) and validation
cohort (n = 35). The training and validation cohorts contained 60
(69.0%) and 28 (80.0%) patients, respectively, with MGMT promoter
methylation, and 27 (31.0%) and 7 (20.0%) patients, respectively,
without MGMT promoter methylation, and no significant difference
was shown in the distribution of MGMT methylation status (p = 0.268).
For the distribution of IDH mutation status in MGMT promoter me-
thylation positive and negative patients, no significant difference were
shown between the training and validation cohorts (p = 0.100 and
0.186 respectively).

Table 1
Patient Characteristics of the Training Cohort and Validation Cohort.
Characteristics Training Cohort Validation Cohort P-value
Sex 0.691
Male 43 (49.4%) 19 (54.3%)
Female 44 (50.6%) 16 (45.7%)
Age (Mean =+ SD) 45.4 = 13.1 44.2 + 15.7 0.678
MGMT 0.268
Methylated 60 (69.0%) 28 (80.0%) 0.100
IDH(+) 43 (71.7%) 25 (89.3%)
IDH(-) 17 (28.3%) 3 (10.7%)
Unmethylated 27 (31.0%) 7 (20.0%) 0.186
IDH(+) 7 (25.9%) 4 (57.1%)
IDH(-) 19 (70.4%) 3 (42.9%)
Unknown 1 (3.7%) 0 (0.0%)
WHO Grade 0.545
Grade II 48 (55.2%) 22 (62.9%)
Grade 111 39 (44.8%) 13 (37.1%)

Notes: Unless otherwise noted, data in the table refers to the number of patients,
with percentages in parentheses.
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Table 2

Detail of the Selected Features in Fusion Radiomics Model.
No. Feature Name Modality Matrix Processing Type
F1 Large Dependence High Gray Level Emphasis 3D-CE-T1-weighted GLDM Original Texture
F2 IMC2 3D-CE-T1-weighted GLCM Wavelet-LLH Wavelet Texture
F3 Maximum 3D-CE-T1-weighted First Order Wavelet-LHH Wavelet Intensity
F4 Skewness 3D-CE-T1-weighted First Order Wavelet-LHH Wavelet Intensity
F5 Large Area High Gray Level Emphasis T2-weighted GLSZM Wavelet-LLH Wavelet Texture
F6 Large Area Low Gray Level Emphasis T2-weighted GLSZM Wavelet-LHL Wavelet Texture
F7 Zone Entropy T2-weighted GLSZM Wavelet-LHL Wavelet Texture
F8 Median T2-weighted First Order Wavelet-LHH Wavelet Intensity
F9 IDN T2-weighted GLCM Wavelet-HLL Wavelet Texture
F10 Cluster Prominence T2-weighted GLCM Wavelet-HLH Wavelet Texture
F11 Difference Entropy T2-weighted GLCM Wavelet-HLH Wavelet Texture
F12 IMC1 T2-weighted GLCM Wavelet-HHL Wavelet Texture
F13 Joint Average T2-weighted GLCM Wavelet-HHH Wavelet Texture
F14 High Gray Level Zone Emphasis T2-weighted GLSZM Wavelet-HHH Wavelet Texture
F15 Size Zone Non Uniformity T2-weighted GLSZM Wavelet-HHH Wavelet Texture

Notes: The original image is decomposed into 8 wavelet decompositions, by low-pass (L) and high-pass (H) filtering in three directions.
Abbreviations: 3D-CE-T1-weighted, three-dimensional contrast enhanced T1-weighted; GLCM, Gray-Level Co-occurrence Matrix; GLSZM, Gray Level Size Zone
Matrix; IMC, Informational Measure of Correlation; IDN, Inverse Difference Normalized.

3.2. Feature Selection

Multiple possible feature combinations had the potential to con-
struct good classifiers for distinguishing MGMT status. Fifteen features
were selected for the fusion radiomics model with stable order as the
desired number of features increased (detailed in Table 2), and 19
features were selected for each single radiomics model (detailed in
Supplementary material 4). The same feature set from the fusion
radiomics model was also utilized in the clinical integrated model, with
patient age as an independent feature. Clustered heatmaps of all
radiomics features and selected features of the fusion radiomics model
were demonstrated in Supplementary material 5.

3.3. Model Validation and Model Comparison

The performance of each prediction model in the training and va-
lidation datasets is detailed in Table 3, and the ROC curve for all the
prediction models in the training and validation datasets is displayed in
Fig. 2a and b. In short, the AUCs of the 5 radiomics prediction models
ranged from 0.873 (0.795-0.952) to 0.970 (0.939-1.000) in the training
dataset, and 0.745 (0.456-1.000) to 0.898 (0.786-1.000) in the vali-
dation dataset (Table 3). The prediction models demonstrated relatively
good accuracy and balanced sensitivity and specificity. The optimized
prediction model, fusion radiomics model, showed an accuracy of 0.840
and an AUC of 0.970 in the training dataset, and an accuracy of 0.886
and an AUC of 0.898 in the validation dataset Bar charts for the fusion
radiomics model and other prediction models are displayed in Fig. 2c, d
and Supplementary material 6. The radiomics feature maps of the se-
lected features in the fusion radiomics model are shown in Fig. 3.

The coefficient of the linear combination radiomics model was de-
termined as follows:

Table 3
Prediction Performance of Five Radiomics Model.

Signature; ;.. combination = KeSignature;p 5 _p + (1 — k)+Signature,,,

where k = 0.02 in our optimized model

The linear combination radiomics model showed an AUC of 0.881 in
the training dataset and 0.745 in the validation dataset, and the per-
formance of this model in the training dataset was not inferior to that of
any of the two single radiomics predictors. Clinical information, the age
of the patients, was first added as an independent feature to the ex-
tracted high-throughput radiomics was not chosen by the LASSO se-
lector, which picks features with the highest 30 weights, but the algo-
rithm became very hard to converge on the training dataset with
approximately 30 features. Forcibly appending age information into the
fusion radiomics model (that is, the clinical integrated model) did not
lead to superiority of the model over the fusion radiomics feature-based
prediction model.

When comparing the performance between each model, the fusion
radiomics model and the clinical radiomics model showed no statistical
difference (p = 0.967) in the training dataset, and they were sig-
nificantly different from the other predictors (p = 0.0152-0.0213). The
ROCs of the single radiomics model and the linear radiomics model
showed no statistic differences in the training dataset. In the validation
dataset, the fusion model and the clinical model did not show statistical
differences with the other models. The Z-scores between the fusion
model, the clinical model and the other models ranged from 0.872 to
1.271.

4. Discussion

In this study, MGMT promoter methylation status-related 3D-CE-T1
and T2-weighted MRI radiomics features were selected and analyzed
using local data and validated using TCIA data. Five radiomics

Models Training Cohort Validation Cohort

ACC SEN SPE AUC (95% CI) ACC SEN SPE AUC (95% CI)
3D-CE-T1 Single Model 0.839 0.750 0.815 0.873 (0.795-0.952) 0.886 0.714 0.714 0.804 (0.570-1.000)
T2-weighted Single Model 0.805 0.783 0.815 0.879 (0.807-0.951) 0.800 0.821 0.714 0.760 (0.516-1.000)
Linear Combination Model 0.805 0.800 0.778 0.881 (0.810-0.951) 0.882 0.929 0.714 0.745 (0.456-1.000)
Fusion Radiomics Model 0.839 0.883 0.926 0.970 (0.939-1.000) 0.886 0.821 0.857 0.898 (0.786-1.000)
Clinical Integrated Model 0.839 0.889 0.917 0.969 (0.939-1.000) 0.886 0.929 0.714 0.811 (0.616-1.000)

Abbreviations: 3D-CE-T1, three-dimensional contrast enhanced T1-weighted; ACC, accuracy; SEN, sensitivity; SPE, specificity; AUC, area under curve; CI, confidence

interval.
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validation cohort (b). Bar charts was applied to demonstrate the performance of fusion radiomics model in training cohort (c) and validation cohort (d). The red bars
with the predictive value minus threshold > 0 and the blue bars with the predictive value minus threshold < 0 indicate the successful classification of the prediction

model, and vice versa.

prediction models that could predict MGMT promoter methylation
status in LGG were constructed, and the fusion radiomics model dis-
played the best performance. The study results demonstrated a con-
ventional MRI radiomics-based method to evaluate MGMT status in
LGG patients, and the fusion of radiomics features from different ima-
ging series may improve the performance of the prediction model.
Previous studies on noninvasive MGMT promoter methylation pre-
diction have mainly investigated visually assessed features (e.g., tumor
location, tumor border, image texture, edema that evaluated by radi-
ologist)[8-10] or machine-learning selected radiomics features[21-23]
of multimodality MRI images of gliomas, and the accuracy of these
predictions (in the validation dataset) ranged from 0.58-0.80, while the
AUC ranged from 0.75-0.90. However, previous radiomics studies
mainly predicted the MGMT promoter methylation status of glio-
blastomas[21,22] or WHO grade II-IV astrocytomas[23], and to the best
of our knowledge, out study is the first to explorer the MGMT status of
WHO grade II and III gliomas using a radiomics approach. Our pre-
diction model with fusion of 3D-CE-T1 and T2-weighted features de-
monstrated a higher accuracy and comparable AUC value compared
with models of previous studies, indicating the strong potential of
radiomics to predict the MGMT status in LGG patients. A major reason
for the excellent performance of our model may be the fusion of fea-
tures from different series of conventional MRI images, where T2-
weighted features offer distinguishable information and 3D-CE-T1-
weighted features provide higher accuracy in representing tumor

characteristics thanks to the added value of gadolinium, thin slice
thickness (1 mm) and three-dimensional reconstruction of images (in
comparison, the section thickness of previously reported MRI data was
usually 4.0-5.0 mm[21-23]). In addition, most radiomics models were
trained and validated with single-center data, yet our study was vali-
dated with data from TCIA, which were acquired from multiple centers
with different equipment under various conditions, suggesting the
generalizability of our model. However, TCIA data has unneglectable
heterogeneity in quality and internal imbalance, and further verifica-
tion of our prediction model may be necessary.

Radiomics consists of hundreds of possible valuable features, espe-
cially when frequency domain-related transformations are enabled.
Meanwhile, complete clinical information and images are costly to
collect. This phenomenon forms an imbalance between the rarity of
clinical data and relatively easier-to-extend features. There are more
features than samples, which creates difficulties for data mining.
Therefore, the selection of radiomics features serves as the central
section of the study, and understanding of each selected radiomics
features is indispensable. First order, shape and even grey level derived
matrices are constructed with exactly defined meanings. Thus, there
could be simple mapping between these basic features and visible
characteristics[8-10]. However, the majority of the selected features
are wavelet features, which are based on frequency transformations,
and filtering with wavelet functions is not directly appreciable. In di-
gital image processing, the frequency domain has been proven to have
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Fig. 3. The radiomics feature maps of the 15 selected features in the fusion radiomics model for an MGMT methylated patients (a) and MGMT unmethylated patients
(b). The radiomics map was calculated with a 5 pixel * 5 pixel kernel which runs through the whole image, its radiomics features are labels as the values of the center
of the covered area. For wavelet features, wavelet transforms are performed to three-dimensional space first. This method differs from what we calculated in the
model, but it provides a time-efficient and intuitionistic way to visualize radiomics features.

important meaning for information carrying and depiction, and human
vision also involves an imperceptible procedure of processing spatial-
frequency information[35,36]. In this study, visualization of selected
features helped us to better comprehend the information encompassed
in the imaging data. The interpretation of the imaging features is
meaningful no matter for studies using basic machine learning methods
or using artificial neural networks. Not only does it specifically explain
the radiographic differences between tumor phenotypes, but it may
lead us to uncover the biological processes behind the imaging data and
unveil new biomarkers which will have to be tested for clinical utility.

The performance of any of the single radiomics prediction models
was not superior to that of the fusion radiomics model, nor was that of
the linear combination. The fusion radiomics model performed better
with a comparative quantity of features, indicating the importance of
multi-modality images in the evaluation of gliomas. The coefficient of
the linear combination exhibited a preference for T2-weighted images
over 3D-CE-T1-weighted images, and same trend was also found in the
composition of the fusion radiomics model. This observation is con-
sistent with clinical experience that the T2-weighted images are pri-
marily considered when evaluating nonenhanced tumors (pre-
dominantly LGGs among gliomas). However, the predictive values of

the single T2 radiomics model and the linear radiomics model showed a
group of samples which presented ambiguous probabilities near the
classification threshold on both the training cohort and validation co-
hort, indicating that T2-weighted images can provide the model with
the necessary information but lack some essential details. The missing
details can be replenished by 3D-CE-T1-weighted features, and the in-
cidences of boundary predictive values were decreased in the 3D-CE-
T1-weighted single radiomics model and fusion radiomics model, sug-
gesting that the radiomics features of 3D-CE-T1-weighted images are
also indispensable when evaluating LGG even if there is no contrast
enhancement (particularly in radiomics studies). In addition, although
a linear combination is an easy and pragmatic algorithm that has ad-
vantages compared with different prediction models using single series
imaging data, the performance of the linear combination model did not
exceed that of the fusion model. With a fixed scale of the training co-
hort, stacking features together (e.g., the linear combination model)
leads to the inclusion of more features than any single radiomics model,
which may impede the convergence and statistical metrics of the model,
while fusion feature selections provide with more relevant features with
less redundant features.

Clinical factors such as patient age may influence MGMT promoter
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methylation status[37]. In this study, patient age was not picked up by
the LASSO selector in the clinical integrated model in the first 30 fea-
tures with the highest potential contribution to the model. Further, age
was appended as an additional feature to the selected radiomics fea-
tures in the fusion model, while no visible increase in the model per-
formance was observed. This result demonstrates that although clinical
factors may be associated with the tumor phenotype (e.g., patient age
may be associated with the MGMT promoter methylation status), clin-
ical factors may not be the most significant characteristics for pre-
dicting the tumor phenotype compared to the selected radiomics fea-
tures, and the addition of these clinical factors into the prediction
model may increase the complexity without increasing the model per-
formance.

When comparing the performance of the five radiomics models, the
statistical advancement of the fusion and clinical integrated model was
obvious for the training dataset, but the same significance was not
achieved for the validation dataset. The Z-scores in the validation co-
hort was not high enough to demonstrate reliable differences, and the
95% confidence interval of the AUC exhibited a wide range, probably
due to the limited scale of the validation dataset. Nevertheless, the
fusion radiomics model showed the best performance and may be the
most powerful model for predicting the MGMT promoter methylation
status.

There might be overfitting problems in our model, regarding the
high number of involving features. We construct an extra fusion
radiomics model with 6 features: T1CE_wavelet-
LHH _firstorder Maximum, T1CE_wavelet-HHH_gldm_Small Dependence
Low Gray Level Emphasis, T2 wavelet-LLH_glszm_Large Area High Gray
Level Emphasis, T2 wavelet-LHH firstorder Median, T2 _wavelet-
HHH _glrlm Run Variance, T2 wavelet-HHH glszm Size Zone Non
Uniformity. The model achieve an AUC of 0.855(0.682-1.000) on the
validation set. Besides, there is not significant statistical difference
(P = 0.613) between the 6-feature and the original fusion radiomics
model. Overfitting, a violation of parsimony, is not an absolute but
involves a comparison[38]. For novel studies, the comparison was done
between the model and the natural realities. Metrics on validation da-
taset were regarded as good indicators for the extent of overfitting, and
the number of variables can also be empirical signals. The metrics of
model was affected by the large heterogeneity in our validation dataset,
which was a selected largest subset of the TCGA-LGG under our selec-
tion criteria. The extent of overfitting was indicated as acceptable with
our new test on fusion radiomics model with simplified features in-
directly.

The current study had several limitations. First, the differences in
the methodology used to measure MGMT promoter status (e.g., pyr-
osequencing was performed for local samples, while a methylation chip
was used for TCIA tissues) may have produced bias in the determination
of MGMT status, despite the coherence assessment between techniques
has been made[7]. Further large-scale studies with consistent MGMT
evaluation techniques are essential to improve the performance of the
prediction model. Second, the model was trained and validated without
information regarding patients’ prognosis because most of the patients
did not meet their endpoint when the study was carried out, leaving the
inability to prove its clinical significance. More comprehensive data
that contain information on treatment and prognosis may be favorable
for the implications of the radiomics model. Third, only conventional
MRI images (3D-CE-T1 and T2-weighted images) were included in this
study since they are the most appropriate sequences to locate and
evaluate tumors in clinical practice. Alternative imaging sequences
(e.g., perfusion-weighted MRI and diffusion-weighted MRI) may be
further integrated into radiomics studies. In addition, segmentation of
the ROI did not include peri-tumor areas which may also have glioma
cell infiltration and contain information reflecting tumor phenotype.
Finally, alternative histopathological and molecular markers (e.g., IDH
mutations, chromosomal 1p/19q codeletion) also have considerable
clinical significance and may be relevant to MGMT promoter
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methylation status[39], and further radiomics studies focusing on
multiple tumor markers may increase the application prospects of
radiomics investigation.

5. Conclusions

MRI-based radiomics models, especially the fusion radiomics model,
could provide a reliable noninvasive method for the preoperative pre-
diction of MGMT promoter methylation status in WHO grade II and
grade III gliomas, allowing the potential for pretreatment prediction
and personalized therapy for glioma patients.
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