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Objective: The purpose of the current study is to investigate whether texture
analysis-based machine learning algorithms could help devise a non-invasive imaging
biomarker for accurate classification of meningiomas using machine learning algorithms.

Method: The study cohort was established from the hospital database by reviewing the
medical records. Patients were selected if they underwent meningioma resection in the
neurosurgery department between January 2015 and December 2018. A total number
of 40 texture parameters were extracted from pretreatment postcontrast T1-weighted
(T1C) images based on six matrixes. Three feature selection methods were adopted,
namely, distance correlation, least absolute shrinkage and selection operator (LASSO),
and gradient boosting decision tree (GBDT). Multiclass classification methods of linear
discriminant analysis (LDA) and support vector machine (SVM) algorithms were employed
to establish the classification models. The diagnostic performances of models were
evaluated with confusion matrix based on which the areas under the curve, accuracy,
and Kappa value of models were calculated.

Result: Confusion matrix showed that the LDA-based models represented better
diagnostic performances than SVM-based models. The highest accuracy among
LDA-based models was 75.6%, shown in the combination of Lasso + LDA. The optimal
models for SVM-based models was Lasso+SVM, with accuracy of 59.0% in the testing
group. One of the SVM-based models, GBDT+SVM, was overfitting, suggesting that this
model was not suitable for application.

Conclusion: Machine learning algorithms with texture features extracted from T1C
images could potentially serve as the assistant imaging biomarkers for presurgically
grading meningiomas.
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INTRODUCTION

According to the survey conducted by the Central Brain
Tumor Registry of the United States (CBTRUS), meningiomas
are one of the most frequent intracranial tumors in adults,
with an incidence of 8.14/100,000, accounting for 36.8% of
the primary central nervous system tumors (1). In most
cases, meningiomas are histologically recognized as low-grade
meningioma (WHO grade I) with benign behaviors, but
approximately 10-20% of meningiomas are recognized as
high-grade meningioma (WHO grades II and III), exhibiting
aggressive behaviors (2-4). The treatment and prognosis for
meningioma are intimately related to the histopathological
grade (5). Surgical resection is the first-line treatment for all
types of meningiomas, the extent of surgical resection is the
most important prognostic factor for high-grade meningioma
outcomes. According to the previous investigations, adjuvant
radiotherapy is associated with statistically improved overall
survival (OS) and progression-free survival (PFS) outcomes (6-
9). Moreover, the prognoses of different grades of meningiomas
are dramatically different that higher grades meningiomas are
correlated to higher recurrence rate (7-25, 29-52, and 50-94%,
respectively) and poor survival outcomes (5, 10). Given these
differences in treatment and prognosis, the accurate presurgical
assessment on tumor grade is clinically important to facilitate
treatment decisions.

Lacking specific blood biomarkers, magnetic resonance
imaging (MRI) is the most importent imaging technique
in the detection and presurgical assessment of intracranial
meningiomas. Previous studies demonstrated that preoperative
MRI was useful for assessing the grades and evaluating
histopathological characteristics of meningiomas (11-14).
However, the image patterns of different grades of meningiomas
could mimic each other in some cases, resulting in limited
diagnostic accuracy and highlighting the urgency of new
radiological evaluation methods (15). Texture analysis is a subset
of radiomics. With the ability of mathematically converting
medical images into mineable quantitative statistics, it has
been considered as the emerging field providing a non-invasive
assessment on tumor heterogeneity (16). Theoretically, the
texture parameters can objectively calculate the structural and
spectral characteristics of pixel intensities within an area to
extract quantitative metrics that are impossible to assess visually
(17, 18). Compared with traditional visual assessment, texture
analysis can describe the image with quantitative statistics more
sensitively and accurately (19).

Texture analysis has shown promising diagnostic ability
in meningioma grading in previous studies (14, 20-22).
Additionally, the quantitative evaluation of texture features
has been applied into machine learning technology to
differentiate  high-grade meningiomas from low-grade
meningiomas (20, 21). In the current study, we applied
multiple classification methods to systematically grade
meningiomas. Six models were established and evaluated,
aiming to preliminarily investigate the value of radiomics-based
machine learning technology in in preoperative prediction of
meningioma grades.

MATERIALS AND METHODS

Patient Selection

This retrospective study was led in the neurosurgery department
of our hospital. We viewed the electronic medical records
to search for patients with detailed pathological reports on
meningiomas between January 2015 and December 2018. The
presurgical high-quality MR images of patients were also
exported with standard format through PACS (Picture Archiving
and Communication System). After the initial evaluation on
images and patient profiles, we excluded some patients due
to the following reasons: (1) images with motion artifacts; (2)
relevant tumor treatment history (like radiotherapy or surgery)
in other hospitals; (3) recorded intracranial diseases history,
such as subarachnoid hemorrhage, cerebral infarction, and so
on. Finally, a total number of 150 meningioma patients were
introduced in our study. Clinical information and pathological
reports were also recorded for further analysis. It is worth noting
that pathological grading was corrected based on the 2016 WHO
classification system, adjusted by a senior neuropathologist with
10 years of experience.

The institutional review board approved this retrospective
study. All procedures performed in studies involving human
participants were in accordance with the ethical standards of
the institutional and/or national research committee and with
the 1964 Helsinki declaration and its later amendments or
comparable ethical standards. The obligatory written informed
consent was obtained from participants enrolled in this study
(written informed consent for patients <16 years old was signed
by parents or guardians). The patients agreed to undertake
examination and were informed that the statistics (including
MR image), which could be used for academic purpose in the
future, would be stored in our institutional database. The Ethics
Committee of Sichuan University and neurosurgery department
of our institution have given approval for statistics export and
utilization for this study.

MRI Acquisition

After consulting with senior radiologists and neurosurgeons,
postcontrast T1-weighted (T1C) images were selected for
further analysis due to clear depiction of tumor location and
boundary (Figure1). The MR scan was conducted in the
MR Research Center of our hospital with 3.0T Siemens Trio
Scanner. High-quality three-dimensional T1-weighted images
were obtained by using a magnetization prepared rapid gradient-
echo (MPRAGE) sequence by the following protocols: TR/TE/TI
= 1,900/2.26/900 ms, Flip angle = 9°, 176 axial slices with
thickness = 1 mm, axial FOV = 25.6 x 25.6 cm?, and data
matrix = 256 x 256. The contrast-enhanced image was acquired
with gadopentetate dimeglumine (dose: 0.1 mmol/kg) as the
contrast agent.

Texture Features Extraction

The texture analysis was conducted with LIFEx software
by two neurosurgeons following the software instructions
(23). The authors contoured along the tumor tissue slice by
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meningioma.

FIGURE 1 | The magnetic resonance images [postcontrast T1-weighted (T1C)] of a patient with (A) WHO | meningioma, (B) WHO Il meningioma, and (C) WHO Il

slice to draw the region of interest (ROI), and the three-
dimensional texture features were automatically generated
with default setting. Any disagreement regarding the tumor
location or border of lesions were resolved by consulting senior
neurosurgeons and the senior radiologist. Forty quantified
texture features were extracted, including features from
histogram-based matrix and shape-based matrix from the
first order and features from gray-level co-occurrence matrix
(GLCM), gray-level zone length matrix (GLZLM), neighborhood
gray-level dependence matrix (NGLDM), and gray-level
run length matrix (GLRLM) from second or higher order
(Supplement Material 1). The definitions of texture parameters
were summarized in Supplement Material 2. The association
between texture parameters was evaluated using Pearson
correlation coeflicient test.

Machine Learning Classification

The classification models were built with different combinations
of three selection methods [distance correlation, least absolute
shrinkage and selection operator (LASSO), and gradient
boosting decision tree (GBDT)] and two multiclass classification
algorithms [linear discriminant analysis (LDA) and support

vector machine (SVM)]. The feature selection was essential
to the diagnostic performance given that diagnostic values
on all features were discrepant, and that optimal features can
statistically eliminate overfitting. Moreover, it can contribute
to decreased running time and increased accuracy of the
models. With selected features retrieved from different methods,
the statistics were employed into algorithms separately.
Two multiple classification algorithms were adopted in the
current study, including LDA and SVM, representing the
linear classifier and non-linear classifier, respectively. The
patients were randomly separated into two parts in the
proportion of 4:1 as the training group and the testing group.
Confusion matrixes and areas under the curve (AUC) of
each model were calculated to evaluate the performance
of the models. The algorithms deployment procedure was
repeated 100 times to obtain the realistic distribution of
classification accuracies.

The regular statistical analyses in this study were conducted
using SPSS software (version 21; IBM, Chicago), including
Mann-Whitney U-test and Pearson correlation coefficient. The
machine learning algorithms were programmed using Python
Programming Language and scikit-learn package.
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RESULTS
Characteristics of the Study Cohort

A total number of 150 patients were involved in the current study,
among whom 61 were diagnosed with WHO I meningioma, 59
with WHO II meningiomas, and 30 with WHO III meningiomas.
The mean ages of patients were 49.38, 54.41, and 56.93
years, respectively. The gender ratio for patients was 62:88
(male:female). The clinical characteristics of patients and tumors
were summarized in Table 1.

Characteristics of Texture Parameters

The results of Mann-Whitney suggested that there was no
statistically significant difference among the parameters extracted
by two neurosurgeons, implying that the results could be
considered reliable and reproducible (Supplement Material 3).
The Pearson correlation coefficient suggested that most texture
features were correlated with each other rather than independent
(Figure 2).

Diagnostic Performance of Models

In the feature selection, some mutual features were selected when
using different methods, suggesting that they were the most
significant features in discrimination (Table 2). Generally, the
LDA-based models represented better performance than SVM-
based models. The accuracy rates for the LDA-based models
were 73.0, 75.6, and 73.3 in the testing group whereas for
the SVM-based models were 57.6 and 59.0%. Overfitting was
observed in one model, SVM+GBDT, suggesting that this model
was inappropriate in application. The AUC, Kappa value, and
accuracy of each model were represented in Table 3.

Figure 3 illustrated the performance of the LDA-based models
in terms of the distribution of the canonical functions for one
of the 100 independent training cycles. Figure 4 illustrated the
examples of distributions of the LDA function determined for the
lesions for one cycle.

TABLE 1 | Characteristics of patients and lesions.

Low-grade
meningioma

High-grade meningioma

WHO | WHO Il WHO Il
meningioma meningioma  meningioma
Number 61 59 30
Age 49.38 54.41 56.93
Gender (n, %)
Male 16 (26.23%) 32 (54.24%) 14 (46.67%)
Female 45 (73.77%) 27 (45.76%) 16 (563.33%)
Maximum diameter (cm) 4.06 +1.53 5.75 4+ 1.50 6.93 + 2.038
Location (n, %)
Cerebral convexity 32 (52.46%) 40 (67.80%) 21 (70.00%)
Falx 11 (18.03%) 8 (13.56%) 2 (6.67%)
Skull base 18 (29.51%) 11 (18.64%) 7 (23.33%)
Days between MR scan and 8.7 days 7.2 days 6.7 days
surgery

DISCUSSION

The prediction of the histopathological meningioma grade is
important because it is closely related to survival outcomes
and treatment strategies. According to the instructions of the
National Comprehensive Cancer Network (NCCN) guideline,
the recommended treatment for WHO grade I meningioma was
surgical resection or observation; for WHO grade II meningioma,
it was gross total resection combined with/without radiotherapy;
and for a WHO grade III meningioma, it was radical surgery with
radiotherapy (24). Therefore, the accurate preoperative diagnosis
should assist clinicians in making a personalized treatment plan
to improve the quality of life. In the current study, we investigated
the diagnostic value of texture analysis-based machine learning
technology in meningioma grade. The texture features adopted
into the classifiers were extracted from T1C images, which
brought the possibility to utilize the technology in standard
routine care imaging analyses.

Texture analysis provides information on the heterogeneity of
tumor imaging, such as tumor cellularity, degenerative changes,
and neovascularization, which are hard to assess visually. By
analyzing the spectral distribution of pixels, abnormal tumor
microenvironment and pathology could be represented as a
series of statistics (25). It has been reported that an imaging
technology extends beyond radiology to histopathology, like
prediction on gene mutation and tumor grading (26-32). As for
the different grade meningiomas, the characteristics of enhanced
pattern have been reported in previous researches. Specifically,
MRI features, such as positive capsular enhancement, indistinct
tumor-brain interface, and heterogeneous tumor enhancement,
were suggested to be related to a higher tumor grade (33,
34). These MRI features could be reflected in GLZLM_ZLNU,
one of the mutual selected features in our study. This feature
calculates the non-uniformity of the gray-levels or the length
of the homogeneous zones, reflecting the heterogeneity within
the delineated area. Fluctuance on value of features from
second or higher order represented irregular changes in the
gray pixels of aggressive meningiomas due to the heterogeneous
structure inside tumor tissue (11). Therefore, it is reasonable
to consider that this MRI feature was closely correlated to
this texture feature. Another mutual feature, SHAPE_Volume
(ml), suggested that the tumor volume was also in relation to
grade, according to the differences in tumor diameter. However,
it is worthy to note that most features were correlated with
each other; the specific reason is still unclear that is why
GLZLM_ZLNU was selected as the strongest correlated feature
while others were not. Future researches are required to explore
this question.

The value of radiomics-based machine learning in
meningioma grading has been explored before. Retrieved
parameters, feature selection method, sample size, and
classification algorithms determined the performance of
models. However, all of these studies, as well as this study, was
seriously limited by the small sample size due to the rather
low incidents of grade III meningioma. Therefore, most of
them simply classified them into low-grade and high-grade
(21, 35). Only one study explored the multiple classification
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FIGURE 2 | The heat map of relationship among texture analysis parameters.
TABLE 2 | Selected features using distance correlation, LASSO, and GBDT. models in discrimination, which established models with

Selection Selected features

method

Distance HISTO_Kurtosis, HISTO_Entropy, HISTO_Energy, SHAPE_Volume,

Correlation GLCM_Energy, GLCM_Entropy_log10, NGLDM_Contrast,
GLZLM_ZLNU

LASSO minValue, meanValue, stdValue, SHAPE_Volume (ml),
GLCM_Contrast, GLRLM_HGRE, GLRLM_LRHGE,
GLRLM_GLNU, GLRLM_RLNU, GLZLM_LZE, GLZLM_HGZE,
GLZLM_SZHGE, GLZLM_LZHGE, GLZLM_GLNU, GLZLM_ZLNU

GBDT minValue, HISTO_Skewness, SHAPE_Volume (ml),

GLCM_Homogeneity, GLCM_Energy, GLCM_Correlation,
GLCM_Entropy_log10, GLCM_Dissimilarity, GLRLM_LRLGE,
GLRLM_RLNU, NGLDM_Contrast, GLZLM_SZE, GLZLM_LZHGE,
GLZLM_ZLNU

LASSO, least absolute shrinkage and selection operator; GBDT, gradient boosting
decision tree.

the parameters extracted from ADC map and decision
trees algorithms, demonstrating the equivalent diagnostic
performance of machine learning technology compared to
experienced neuroradiologists (accuracy = 79.51%, Kappa value
= 0.6393) (14). As for this study, we employed different multiple
classification algorithms and texture features from different
sequences. However, we should note that the differences between
the models were not strong enough to select the optimal one,
specifically considering that the investigated models seemed to
perform quite comparably and that the variance in AUC might
be partially attributed to the small sample size. Therefore, our
results could only be regarded as a hypothesis and need to be
verified in future studies.

LDA and SVM were employed as classification algorithms
in the current study. Both of them are considered state-of-
the-art in pattern recognition technology, representing two
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TABLE 3 | Diagnostic performance of classification models.

Models Training group Validation group
WHO Grade WHO Grade WHO Grade Kappa value WHO Grade WHO Grade WHO Grade Kappa value
1 I} ]l | [} m
LDA  Distance 0.928 0.865 0.882 0.578 0.884 0.820 0.846 0.563
Correlation (Accuracy = 75.4%) (Accuracy = 73.0%)
LASSO 0.955 0.914 0.915 0.693 0.934 0.846 0.783 0.603
(Accuracy = 80.8%) (Accuracy = 75.6%)
GBDT 0.928 0.950 0.908 0.570 0.886 0.854 0.887 0.572
(Accuracy = 73%) (Accuracy = 73.3%)
SVM  Distance 0.870 0.831 0.876 0.356 0.845 0.798 0.845 0.274
Correlation (Accuracy = 61.1%) (Accuracy = 57.6%)
LASSO 0.898 0.806 0.877 0.373 0.840 0.772 0.833 0.298
(Accuracy = 62.0%) (Accuracy = 59.0%)
GBDT - - - - - - -
(Overfitting)

LDA, Linear Discriminate Analysis; SVM, Support Vector Machine; LASSO, Least absolute shrinkage and selection operator; GBDT, gradient boosting decision tree.
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FIGURE 3 | Distribution of the discriminant functions of LDA models. (A) Distance correlation + LDA; (B) least absolute shrinkage and selection operator (LASSO) +
LDA; and (C) gradient boosting decision tree (GBDT) + LDA.

different types of classifiers (36). LDA is the linear classifier,
consisting of the shape of the decision boundary of straight
line in the first case and straight line in second, whereas SVM
is the non-linear classifier, of which the shape of the decision
boundary is a plane in the first case and a plane in the second
(36, 37). Computational time and complexity usually increase
together when trying to improve the performance. Therefore,
the importance on the trade-off between computational burden
and performance has been highlighted to require a suitable
selection method. Previous studies performed feature selection
with Friedman test or Mann-Whitney U-test to choose the most
significant features into classifiers, suggesting that the selected
features could improve the classifier performances (11, 14, 35).
The results of our study showed that all LDA-based models
represented better performances than SVM-based models, and
that the improvement using different selected models was
limited. It seemed that the algorithms have more priority
than the selection method in the improvement of diagnostic
performances. Therefore, in futures studies, researchers should
focus on the algorithm selection, and novel algorithms should
be investigated.

There were some limitations in the current study. First, this is
a single-institution retrospective study that enrolled 150 patients.
The patient sample was relatively small, and the selection
bias was inevitable. Second, the texture features into classifiers
were extracted from T1C sequence, while the value of features
from other sequences was unclear. Given that the research
using parameters extracted from ADC images represented better
performance, future researches were required to investigate
whether the diagnostic performance could be improved when
combined with features from other sequences and advanced
MR technology. Third, novel radiomics parameters have been
identified in recent years, while our studies only involved
traditional texture parameters. Compared to many other studies
in the same field, the number of radiomics features (n = 40)
is fairly small. Fourth, we did not perform comparison to the
performance of a human reader with classifiers. Fifth, only few
classification algorithms were evaluated in our study. Machine
learning has been developed rapidly in recent years, and new
algorithms are being programmed. Sixth, we did not verify the
efficacy of machine learning-based models in external datasets.
We tried to search the public datasets, but all of them were
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for gliomas. The software used to extract texture parameters
and package to perform machine learning is the open-source
package, providing a potential for other researchers to reproduce
our researches.

DATA AVAILABILITY STATEMENT

The datasets generated for this study are available on request to
the corresponding author.

ETHICS STATEMENT

The studies involving human participants were reviewed
and approved by The Ethics Committee of Sichuan
University. Written informed consent to participate in this
study was provided by the participants’ legal guardian/next
of kin.

AUTHOR CONTRIBUTIONS

CC participated in collecting MR images, extracting statistics,
and drafting the manuscript. XG participated in collecting MR
images and extracting statistics. JW established and deployed
the machine learning models. WG participated in collecting
MR images and extracting statistics. XM and JX participated
in conceptualization and revised some intellectual content in
the manuscript.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fonc.
2019.01338/full#supplementary-material

Supplement Material 1 | The texture analysis parameters extracted from images.
Supplement Material 2 | The definitions of texture analysis parameters.

Supplement Material 3 | The results of Mann-Whitney U-test in the examination
of repeatability of texture analysis parameters extraction.

Frontiers in Oncology | www.frontiersin.org

December 2019 | Volume 9 | Article 1338


https://www.frontiersin.org/articles/10.3389/fonc.2019.01338/full#supplementary-material
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Chen et al.

Radiomics-Based Machine Learning and Meningiomas

REFERENCES

10.

11.

12.

13.

14.

15.

16.

17.

. Sun SQ, Cai

. Komotar R]J,

. Ostrom QT, Gittleman H, Liao P, Vecchione-Koval T, Wolinsky Y,

Kruchko C, et al. CBTRUS statistical report: primary brain and other
central nervous system tumors diagnosed in the United States in 2010-
2014. Neuro Oncol. (2017) 19(Suppl_5):v1-v88. doi: 10.1093/neuonc/
nox158

. Rogers L, Barani I, Chamberlain M, Kaley T], McDermott M, Raizer J, et

al. Meningiomas: knowledge base, treatment outcomes, and uncertainties.
A RANO review. J Neurosurg. (2015) 122:4-23. doi: 10.3171/2014.7.JNS1
31644

. Goldbrunner R, Minniti G, Preusser M, Jenkinson MD, Sallabanda

K, Houdart E, et al. EANO guidelines for
treatment  of  meningiomas.  Lancet  Oncol.
91. doi: 10.1016/S1470-2045(16)30321-7

the diagnosis and
(2016)  17:383-

. Whittle IR, Smith C, Navoo P, Collie D. Meningiomas. Lancet. (2004)

363:1535-43. doi: 10.1016/50140-6736(04)16153-9

. Louis DN, Perry A, Reifenberger G, von Deimling A, Figarella-Branger D,

Cavenee WK, et al. The 2016 World Health Organization classification of
tumors of the central nervous system: a summary. Acta Neuropathol. (2016)
131:803-20. doi: 10.1007/500401-016-1545-1

C, Murphy RK, DeWees T, Dacey RG, Grubb
RL, et al. Management of atypical cranial meningiomas, part 2:
predictors of progression and the role of adjuvant radiation after
subtotal  resection.  Neurosurgery. (2014)  75:356-63;  discussion
363. doi: 10.1227/NEU.0000000000000462
Torgulescu JB, Raper
Bilsky MH, et al. The role of
total resection of atypical ~meningiomas.
117:679-86. doi: 10.3171/2012.7.JNS112113

DM, Holland EC, Beal K,
radiotherapy following  gross-
] Neurosurg. (2012)

. Aizer AA, Arvold ND, Catalano P, Claus EB, Golby AJ, Johnson MD,

et al. Adjuvant radiation therapy, local recurrence, and the need for
salvage therapy in atypical meningioma. Neuro Oncol. (2014) 16:1547-
53. doi: 10.1093/neuonc/nou098

. Wang C, Kaprealian TB, Suh JH, Kubicky CD, Ciporen JN, Chen Y, et

al. Overall survival benefit associated with adjuvant radiotherapy in WHO
grade II meningioma. Neuro Oncol. (2017) 19:1263-70. doi: 10.1093/neuonc/
nox007

Moliterno J, Cope WP, Vartanian ED, Reiner AS, Kellen R, Ogilvie SQ, et al.
Survival in patients treated for anaplastic meningioma. | Neurosurg. (2015)
123:23-30. doi: 10.3171/2014.10.JNS14502

Lu Y, Xiong J, Yin B, Wen J, Liu L, Geng D. The role of three-
dimensional pseudo-continuous arterial spin labelling in grading and
differentiating histological subgroups of meningiomas. Clin Radiol. (2018)
73:176-84. doi: 10.1016/j.crad.2017.08.005

Svolos P, Tsolaki E, Theodorou K, Fountas K, Kapsalaki E, Fezoulidis
I, et al. Classification methods for the differentiation of atypical
meningiomas using diffusion and perfusion techniques at 3-T
MRI. Clin Imaging. (2013) 37:856-64. doi: 10.1016/j.clinimag.201
3.03.006

Gutman DA, Dunn
CA, Ligon KL,
derived volumetric features in glioblastoma. Neuroradiology.
57:1227-37. doi: 10.1007/s00234-015-1576-7

Lu Y, Liu L, Luan S, Xiong J, Geng D, Yin B. The diagnostic value of
texture analysis in predicting WHO grades of meningiomas based on ADC
maps: an attempt using decision tree and decision forest. Eur Radiol. (2019)
29:1318-28. doi: 10.1007/s00330-018-5632-7

Yin B, Liu L, Zhang BY, Li YX, Li Y, Geng DY. Correlating apparent diffusion
coefficients with histopathologic findings on meningiomas. Eur ] Radiol.
(2012) 81:4050-6. doi: 10.1016/j.ejrad.2012.06.002

Lambin P, Leijenaar RTH, Deist TM, Peerlings ], de Jong EEC,
van Timmeren J, the bridge between medical
imaging and personalized medicine. Nat Rev Clin Oncol. (2017)
14:749-62. doi: 10.1038/nrclinonc.2017.141

Soni N, Priya S, Bathla G. Texture analysis in cerebral gliomas: a review of
the literature. AJNR Am ] Neuroradiol. (2019) 40:928-34. doi: 10.3174/ajn
r.A6075

WD, Grossmann
Somatic mutations

P, Cooper LA, Holder
associated with MRI-
(2015)

et al

et al. Radiomics:

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

. Depeursinge A,

Foncubierta-Rodriguez A, Van De Ville D,
Miiller H. Three-dimensional solid texture analysis in biomedical
imaging: review and opportunities. Med Image Anal. (2014)
18:176-96. doi: 10.1016/j.media.2013.10.005

. Kassner A, Thornhill RE. Texture analysis: a review of neurologic

MR imaging applications. AJNR Am ] Neuroradiol. (2010) 31:809-
16. doi: 10.3174/ajnr.A2061

Hale AT, Stonko DP, Wang L, Strother MK, Chambless LB.
Machine learning analyses can differentiate meningioma grade by
features on magnetic resonance imaging. Neurosurg Focus. (2018)
45:E4. doi: 10.3171/2018.8.FOCUS18191

Park YW, Oh ], You SC, Han K, Ahn SS, Choi YS, et al. Texture analysis and
machine learning may accurately predict the grade and histological subtype
in meningiomas using conventional and diffusion tensor imaging. Eur Radiol.
(2018) 29:4068-76. doi: 10.1007/s00330-018-5830-3

Laukamp KR, Thiele F, Shakirin G, Zopfs D, Faymonville A, Timmer M,
et al. Fully automated detection and segmentation of meningiomas using
deep learning on routine multiparametric MRI. Eur Radiol. (2019) 29:124-
32. doi: 10.1007/s00330-018-5595-8

Nioche C, Orlhac E Boughdad S, Reuzé S, Goya-Outi ], Robert C, et
al. LIFEx: a freeware for radiomic feature calculation in multimodality
imaging to accelerate advances in the characterization of tumor
heterogeneity. Cancer Res. (2018) 78:4786-9. doi: 10.1158/0008-5472.CAN-
18-0125

Nabors LB, Portnow J, Ammirati M, Baehring J, Brem H, Butowski N,
et al. NCCN guidelines insights: central nervous system cancers, version
1.2017. ] Natl Compr Canc Netw. (2017) 15:1331-45. doi: 10.6004/jnccn.201
7.0166

Ahn SY, Park CM, Park S], Kim HJ, Song C, Lee SM, et al. Prognostic
value of computed tomography texture features in non-small cell
lung cancers treated with definitive concomitant chemoradiotherapy.
Invest  Radiol.  (2015)  50:719-25.  doi:  10.1097/RLI.0000000000
000174

Kocak B, Durmaz ES, Ates E, Ulusan MB. Radiogenomics in clear
cell renal cell carcinoma: machine learning-based high-dimensional
quantitative CT texture analysis in predicting PBRMI1 mutation
status. AJR Am ] Roentgenol. (2019) 212:W55-63. doi: 10.2214/AJR.1
8.20443

Oh JE, Kim M]J, Lee J, Hur BY, Kim B, Kim DY, et al. Magnetic resonance-
based texture analysis differentiating KRAS mutation status in rectal cancer.
Cancer Res Treat. (2019). doi: 10.4143/crt.2019.050. [Epub ahead of print].
Ozkan E, West A, Dedelow JA, Chu BE Zhao W, Yildiz VO, et al.
CT gray-level texture analysis as a quantitative imaging biomarker of
epidermal growth factor receptor mutation status in adenocarcinoma of
the lung. AJR Am ] Roentgenol. (2015) 205:1016-25. doi: 10.2214/AJR.1
4.14147

Xu F Ma X, Wang Y, Tian Y, Tang W, Wang M, et al. CT texture
analysis can be a potential tool to differentiate gastrointestinal stromal
tumors without KIT exon 11 mutation. Eur ] Radiol. (2018) 107:90-
7. doi: 10.1016/j.ejrad.2018.07.025

Gierach GL, Li H, Loud JT, Greene MH, Chow CK, Lan L, et al. Relationships
between computer-extracted mammographic texture pattern features and
BRCA1/2 mutation status: a cross-sectional study. Breast Cancer Res. (2014)
16:424. doi: 10.1186/513058-014-0424-8

Ditmer A, Zhang B, Shujaat T, Pavlina A, Luibrand N, Gaskill-Shipley M, et al.
Diagnostic accuracy of MRI texture analysis for grading gliomas. ] Neurooncol.
(2018) 140:583-9. doi: 10.1007/s11060-018-2984-4

Skogen K, Schulz A, Dormagen JB, Ganeshan B, Helseth E, Server
A. Diagnostic performance of texture analysis on MRI in grading
cerebral gliomas. Eur J Radiol. (2016) 85:824-9. doi: 10.1016/j.ejrad.201
6.01.013

Nowosielski M, Galldiks N, Iglseder S, Kickingereder P, von Deimling A,
Bendszus M, et al. Diagnostic challenges in meningioma. Neuro Oncol. (2017)
19:1588-98. doi: 10.1093/neuonc/nox101

Lin BJ, Chou KN, Kao HW, Lin C, Tsai WC, Feng SW, et al. Correlation
between magnetic resonance imaging grading and pathological grading
in meningioma. J Neurosurg. (2014) 121:1201-8. doi: 10.3171/2014.7.JNS1
32359

Frontiers in Oncology | www.frontiersin.org

December 2019 | Volume 9 | Article 1338


https://doi.org/10.1093/neuonc/nox158
https://doi.org/10.3171/2014.7.JNS131644
https://doi.org/10.1016/S1470-2045(16)30321-7
https://doi.org/10.1016/S0140-6736(04)16153-9
https://doi.org/10.1007/s00401-016-1545-1
https://doi.org/10.1227/NEU.0000000000000462
https://doi.org/10.3171/2012.7.JNS112113
https://doi.org/10.1093/neuonc/nou098
https://doi.org/10.1093/neuonc/nox007
https://doi.org/10.3171/2014.10.JNS14502
https://doi.org/10.1016/j.crad.2017.08.005
https://doi.org/10.1016/j.clinimag.2013.03.006
https://doi.org/10.1007/s00234-015-1576-7
https://doi.org/10.1007/s00330-018-5632-7
https://doi.org/10.1016/j.ejrad.2012.06.002
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.3174/ajnr.A6075
https://doi.org/10.1016/j.media.2013.10.005
https://doi.org/10.3174/ajnr.A2061
https://doi.org/10.3171/2018.8.FOCUS18191
https://doi.org/10.1007/s00330-018-5830-3
https://doi.org/10.1007/s00330-018-5595-8
https://doi.org/10.1158/0008-5472.CAN-18-0125
https://doi.org/10.6004/jnccn.2017.0166
https://doi.org/10.1097/RLI.0000000000000174
https://doi.org/10.2214/AJR.18.20443
https://doi.org/10.4143/crt.2019.050
https://doi.org/10.2214/AJR.14.14147
https://doi.org/10.1016/j.ejrad.2018.07.025
https://doi.org/10.1186/s13058-014-0424-8
https://doi.org/10.1007/s11060-018-2984-4
https://doi.org/10.1016/j.ejrad.2016.01.013
https://doi.org/10.1093/neuonc/nox101
https://doi.org/10.3171/2014.7.JNS132359
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Chen et al.

Radiomics-Based Machine Learning and Meningiomas

35. Yan PE Yan L, Hu TT, Xiao DD, Zhang Z, Zhao HY, et al. The
potential value of preoperative MRI texture and shape analysis in grading
meningiomas: a preliminary investigation. Transl Oncol. (2017) 10:570-
7. doi: 10.1016/j.tranon.2017.04.006

36. Dellacasa Bellingegni A, Gruppioni E, Colazzo G, Davalli A, Sacchetti R,
Guglielmelli E, et al. NLR, MLP, SVM, and LDA: a comparative analysis on
EMG data from people with trans-radial amputation. | Neuroeng Rehabil.
(2017) 14:82. doi: 10.1186/512984-017-0290-6

37. Scheme E, Englehart K. Electromyogram pattern recognition for control of
powered upper-limb prostheses: state of the art and challenges for clinical use.
J Rehabil Res Dev. (2011) 48:643-59. doi: 10.1682/JRRD.2010.09.0177

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Copyright © 2019 Chen, Guo, Wang, Guo, Ma and Xu. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these
terms.

Frontiers in Oncology | www.frontiersin.org

December 2019 | Volume 9 | Article 1338


https://doi.org/10.1016/j.tranon.2017.04.006
https://doi.org/10.1186/s12984-017-0290-6
https://doi.org/10.1682/JRRD.2010.09.0177
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

	The Diagnostic Value of Radiomics-Based Machine Learning in Predicting the Grade of Meningiomas Using Conventional Magnetic Resonance Imaging: A Preliminary Study
	Introduction
	Materials and Methods
	Patient Selection
	MRI Acquisition
	Texture Features Extraction
	Machine Learning Classification

	Results
	Characteristics of the Study Cohort
	Characteristics of Texture Parameters
	Diagnostic Performance of Models

	Discussion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Supplementary Material
	References


