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A B S T R A C T

Background and purpose: Advanced imaging analysis for the prediction of tumor biology and modelling of
clinically relevant parameters using computed imaging features is part of the emerging field of radiomics re-
search. Here we test the hypothesis that a machine learning approach can distinguish grade 1 from higher
gradings in meningioma patients using radiomics features derived from a heterogenous multicenter dataset of
multi-paramedic MRI.
Methods: A total of 138 patients from 5 international centers that underwent MRI prior to surgical resection of
intracranial meningiomas were included. Segmentation was performed manually on co-registered multi-para-
metric MR images using apparent diffusion coefficient (ADC) maps, T1-weighted (T1), post-contrast T1-weighted
(T1c), subtraction maps (Sub, T1c – T1), T2-weighted fluid-attenuated inversion recovery (FLAIR) and T2-
weighted (T2) images. Feature selection was performed and using cross-validation to separate training from
testing data, four machine learning classifiers were scored on combinations of MRI modalities: random forest
(RF), extreme gradient boosting (XGBoost), support vector machine (SVM) and multilayer perceptron (MLP).
Results: The best AUC of 0.97 (1.0 and 0.97 for sensitivity and specificity) was observed for the combination of
ADC, ADC of the peritumoral edema, T1, T1c, Sub and FLAIR-derived features using only 16 of the 10,914
possible features and XGBoost.
Conclusions: Machine learning using radiomics features derived from multi-parametric MRI is capable of high
AUC scores with high sensitivity and specificity in classifying meningiomas between low and higher gradings
despite heterogeneous protocols across different centers. Feature selection can be performed effectively even
when extracting a large amount of data for radiomics fingerprinting.

1. Introduction

Meningiomas are the most frequent tumors of the central nervous
system, representing about 37% of all tumors. They are generally
considered to be of benign nature [1]. According to the WHO classifi-
cation they can be subdivided into three grades reflecting their histo-
logical features as well as recurrence rates and clinical outcome [2].
The most common grade I meningioma (81%) has a recurrence rate of
20–39% in 10 years, grade II shows a recurrence rate of 50% at five

years. Notably, the anaplastic grade III meningiomas are rare (2%) and
show an outstanding morbidity and mortality with a median overall
survival from 2.6–5.8 years [3–5]. The most common treatment stra-
tegies involve watch and wait, surgical resection and radiotherapy, and
treatment planning is based on the diagnosis by imaging studies [6].

Recently, advanced imaging analysis using the extraction of com-
puted features together with machine learning techniques to assess
genomic, proteomic and clinical phenotypes of various solid tumor
entities were evaluated, exceeding the qualitative imaging analysis by
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the radiologist [7–10].
Numerous studies observed associations between radiomics features

and tumor biology or were able to model clinically relevant parameters.
For instance, Aerts et al. were able to predict survival in two different
cohorts of lung and head and neck cancer patients, outperforming the
TNM system as the current gold standard [11]. Grossmann et al. could
derive treatment-relevant tumor biology from volumetric features using
multi-parametric MRI in glioblastoma [12].

Regarding meningiomas, mean apparent diffusion coefficient (ADC)
values derived from diffusion weighted imaging [13,14] could be
shown to inversely correlate with cellularity and Ki-67 index [15–17].
Apart from the mean value other, first-order histogram-derived features
were proposed as surrogates for histopathological grading [18]. How-
ever, there are also recent studies on other tumor entities indicating
that even conventional, morphological sequences, such as T1- and T2-
weighted images are correlated with cellularity and Ki-67 index, when
investigated with histogram based analysis [19–21]. This suggests that
the combination of conventional MRI techniques with diffusion-derived
ADC or other functional parameters may potentially be useful for tumor
grading.

Recent advances in artificial neural networks opened the possibility
to analyze medical imaging data. Deep neural networks can be used for
both image classification as well as generation of quantitative features
[22,23].

The hypothesis of this study is that a machine learning approach
using radiomics features derived from multi-parametric MRI can pre-
dict tumor grading in meningioma patients despite heterogeneous
imaging protocols. Furthermore, the relation of the score to the use of
different combinations of MRI modalities will be explored.

2. Materials and methods

2.1. Patients and imaging

161 cases of meningioma who underwent preoperative imaging
followed by surgical resection of an intracranial meningioma were
retrospectively collected from 5 international centers (Center 1: Martin-
Luther-University Halle-Wittenberg, Halle/Saale, Germany; Center 2:
Katharinenhospital Stuttgart, Stuttgart, Germany; Center 3: University
of Leipzig, Leipzig, Germany; Center 4: University of Chicago, Pritzker
School of Medicine, Chicago, Illinois, USA; Center 5: National
Neuroscience Institute, Singapore). In the initial screening, 23 cases
were excluded due to incomplete data, insufficient imaging quality (e.g.

movement artifacts), divergent imaging parameters unsuitable for
analysis (e.g. non-axial orientation, fat saturation), small tumor size
(< 2 cm in diameter) or imaging suggesting recurrence on tumor site
(evidence of craniotomy). A total of 147 patients could be included in
this study (mean age: 61.9 years; SD: 12.0; male/female: 39/108).
Information on the histopathological grading of the tumor according to
routine oncologic care was acquired and WHO grading was dichot-
omized to grade I vs. grades II and III (G1/G2-3: 102/45). While all
scans were performed on 1.5 T MRI scanners, the imaging protocols
were subject to the standards of the individual study centers, resulting
in a largely inhomogeneous dataset (see Supplementary Table S1).

2.2. Preprocessing, segmentation and feature extraction

To minimize the influence of the inhomogeneous dataset due to
different scanners and protocols, the images underwent preprocessing:
Correction for magnetic field inhomogeneities [24], intensity normal-
ization by centering at mean with standard deviation [25] and resam-
pling to 1× 1×1mm voxel spacing. For each case, the available
subset of the following imaging series were co-registered per subject:
ADC map, T1-weighted (T1), contrast-enhanced T1-weighted (T1c), T2-
weighted, fluid-attenuated inversion recovery (FLAIR) and T2-weighted
(T2) images. Subtraction maps (Sub, T1c – T1) were computed auto-
matically if applicable imaging series of equal parameters were avail-
able. Registration was executed manually with visual inspection (rigid
transformation, 6 degrees of freedom) and focus on good alignment on
the tumor borders using MeVisLab 3.0.2 software (MeVis Medical So-
lutions AG, Bremen, Germany). Following this first step, manual seg-
mentation of the whole tumor volume was performed (GH, resident
Neuroradiology, 3 years of experience) using a digital pen tablet as
input device (Wacom Europe GmbH, Düsseldorf, Germany). During
segmentation, care was taken to include only voxels that resemble
tumor tissue, avoiding intraosseus spread, cysts, surrounded vessels or
other structures as well as partial volume effects (see Fig. 1). It has been
shown earlier that this strategy results in good inter-observer reliability
in meningioma segmentation [26]. For semi-automatic segmentation of
the peritumoral white matter edema, a threshold-based region growing
algorithm was used visually checked on FLAIR or T2 images, where
available.

The extraction of radiomics features was carried out using the
previously reported PyRadiomics library implemented in Python, pre-
serving the settings for possible future reproducibility [25,27]. A full set
of tumor image features was calculated for each MRI sequence,

Fig. 1. Illustrative example of the tumor segmentation on co-registered MRI modalities. In meningioma, visual distinction of low-grade and high-grade tumors can be
challenging, as there are no universal imaging markers. Both cases of meningioma, originating from the temporal dura and the frontal falx respectively, presented
with intense contrast enhancement, relatively homogenous signal intensities and no relevant perifocal cerebral edema. Histopathological examination of the surgical
specimen revealed different tumor gradings with consequence to further treatment.
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including shape, first-order (histogram-derived) and texture features
using the original as well as derived images (square, square root,
logarithm, exponential, Laplacian of Gaussian, wavelet reconstructions,
gradient and logical binary pattern), resulting in 1819 features per MRI
sequence. For the peritumoral edema region only ADC map-derived
features were extracted (EdemaADC). Altogether, up to 12,733 features
in total per case were possible.

2.3. Supervised machine learning, feature selection and scoring

For the analysis of the radiomics dataset an in-house developed
Python-based software was used together with open-source statistics
modules [28].

A random forest classifier (RF) consists of a set of tree-shaped
classifiers that contain of a number of independent identically dis-
tributed random vectors [29,30]. Within the decision tree each node is
a split function that uses the best in a subset of the available features
randomly chosen at that node to split the dataset. This way a set of the
largest possible trees is grown and thus trained for the classification
task at hand. Subsequent classification of a testing case by the trained
tree set is determined by the majority vote of the ensemble.

XGBoost (eXtreme Gradient Boosting) is another tree-based classi-
fication algorithm where an ensemble of decision trees is build [31].
During training, instead of splitting the dataset at random new trees are
added to the ensample that correct the errors of the existing tree
models. A computationally efficient stochastic gradient decent algo-
rithm is used to minimize the error when adding new trees.

A support vector machine (SVM) classifier iteratively forms a hy-
perplane or a set of hyperplanes in high-dimensional feature space that
separates the clinical classes [30,32]. During the process the distance of
the separating planes to the data points of the different classes is
maximized in order to minimize the classification error.

Multilayer perceptron (MLP) refers to a feed-forward deep artificial
neural network. Due to the non-linear activation function of the in-
dividual units, the MLP is able to model complex non-linear relation-
ships. For this classification task an MLP with two densely-connected
hidden layers was constructed. The dimension of the layers was selected
according to prior explorative testing and set to a modest size of 128
and 64 units in order to gain a model that is able to generalize well
under the given circumstances and to avoid overfitting. Adam was se-
lected as Optimizer, error function was binary crossentropy on the in-
ternal validation dataset, a random sample of 20% out of the training
data.

Training machine learning algorithms on imbalanced datasets might
lead to biased classifiers. If the validation dataset suffers from the same
imbalance of classes, an overly optimistic estimation of the classifica-
tion performance is likely. To address this potential issue, Synthetic
Minority Oversampling Technique (SMOTE) was applied when training
all four classifiers [33].

Training and testing of the patient sample was performed by split-
ting the dataset into n=10 equally-sized subsets where one is reserved
for testing and the others are combined for training. The process is
repeated n times and the average score is taken. This process ensures no
overlap between training and testing datasets in each iteration and the
classifier is always scored on unseen test data. This is commonly re-
ferred to as n-fold cross validation (CV) and can be used to achieve
reliable results in small datasets. For scoring the classifier, receiver
operating characteristic (ROC) analysis was performed and the mean
area under the curve (AUC) of 100 repetitions with 10-fold CV used for
comparison.

For feature selection, all available features were ranked according to
Mann-Whitney U test first. The optimal number of features was de-
termined by the maximum mean AUC of 4-fold CV random forest
classification after stepwise increment of the number of used features in
increasing order of test p value. To optimize computation time, the
process to determine the optimal number of features stopped when a

declining score over 10 iterations was reached. Due to the large number
of features obtained from the multimodal imaging dataset, feature se-
lection was conducted prior to the classifier cross validation. While this
may introduce potential for information leak from the testing to the
training dataset, this approach was chosen in order to avoid consider-
able overfitting and hence a loss in the ability to generalize during cross
validation due to the variation in feature selection. This way, a selection
of the minimum required features could be ensured while preserving
diversity over the numerous types of radiomics features.

Since not all MRI sequences were available for each case, various
subsets were selected and analyzed separately in order to keep the
maximum possible number of cases in the analysis. For each of the
selected subsets a list of the most important features was generated.

This whole analysis was conducted for all combinations of the dif-
ferent classifiers and the chosen imaging modality subsets.

3. Results

The best performance in grading classification was observed for the
XGBoost classifier for the combination of features derived from ADC,
EdemaADC, FLAIR, Sub, T1, T1c (n=43, AUC=0.97, 95% CI:
0.85–1.00), yielding 0.90 and 0.97 as sensitivity and specificity re-
spectively. For each of the four classifiers, this is the combination with
the highest score. The combination of ADC, Sub, T1 and T1c performs
second best for random forest, XGBoost and SVM and on par with the
best combination for MLP. The lowest scores were achieved by the SVM
using EdemaADC (n= 75, AUC=0.29, 95% CI: 0.26–0.33) and the
MLP using Sub alone (n=99, AUC=0.62, 95% CI: 0.45–0.76) and
ADC and EdemaADC combined (n= 74, AUC=0.64, 95% CI:
0.53–0.74). The highest sensitivities of 1.0 were produced by the
combination of ADC, EdemaADC, FLAIR, Sub, T1 and T1c (XGBoost),
and T2 (XGBoost, MLP, SVM). The results are summarized in Tables 2
and 3 and Fig. 2.

Of the radiomics features derived from EdemaADC only
one wavelet-based feature was selected (EdemaADC_wavelet-
HHH_glszm_ZoneEntropy). Since this limits the use of the machine
learning classifiers, additional analysis was performed: in a separately
conducted ROC analysis the single EdemaADC feature scored an AUC of
0.70 with a sensitivity and specificity of 0.62 and 0.78 respectively.

Fig. 2. Heatmap of AUC scores of the four machine learning classifiers by
combination of MRI modalities.
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4. Discussion

The best results for grading classification were achieved using a
combination of radiomics features derived from ADC, T1, T1c, Sub and
FLAIR imaging of the tumor together with ADC of the peritumoral
white matter edema (see Table 1). The analysis of this combination
comes at the cost of case numbers since the MRI protocols most com-
monly used for preoperative evaluation of tumor location and extent
mainly focus on contrast-enhanced T1. Other techniques might be more
subject to individual decisions and depend on the clinically relevant
questions at hand. Consequently, only 43 of the overall 138 Cases could
be included for the analysis of the best-performing combination of MRI
sequences. The best AUC of 0.97 (0.91–1.0 CI) with sensitivity and
specificity of 100% and 97% exceeds previously reported grading
scores: Using first-order ADC-derived features, Gihr et al. observed 0.91
AUC in a series of 37 patients [18]. Surov et al. reported an AUC of 0.8
using mean tumor ADC alone in a sample of 389 cases [34]. By means
of diffusion kurtosis imaging (DKI), a diffusion model different to ADC,
and positron emission tomography (PET) AUCs of 0.84 and 0.81 were
reported [35,36]. Using deep learning-based imaging features of post-
contrast T1 and a random forest classifier, Zhu et al. gained an AUC of
0.81 for meningioma grading [23].

Coroller et al. proposed a model for prediction of meningioma
grading based on a combination of semantic and radiomics features
derived from contrast-enhanced T1w [37]. Notably, the AUC of 0.77
reported for using radiomics features only matches the score in this
study (random forest classifier, T1c) despite the fact that different
feature selection algorithms were applied. The additional use of se-
mantic imaging features yields insights into the relevant characteristics
of high-grade tumors that are recognizable and interpretable by human
readers without requiring additional software. In their univariate ana-
lysis Coroller et al. could show that visually assessed intratumoral
heterogeneity yields the biggest odds radio for identification of high-
grade tumors. Radiomics analysis can be used to objectify and quantify
tissue heterogeneity in MRI imaging studies. The combined use of
radiomics and visual features showed an AUC of 0.86.

In this study we aimed to relate the classification score to different
combinations of MR imaging modalities. In contrast to visual features, di-
verse MRI sequences may reflect different, complementary information on
tissue pathophysiology. For instance the ADC could be related to Ki-67
expression in different tumor entities [38] and post-contrast T1 imaging

may contain information on tumor heterogeneity on a cellular level due to
the distribution of the contrast agent (both gadobutrol and gadopentetat-
dimeglumine were used) in the extracellular space [39]. The MRI signal
alterations as well as the change in diffusivity patterns of peritumoral white
matter might reflect different growth and infiltration patterns of the tumor,
thus, yielding additional information [40–42].

To avoid false positive results in radiomics studies, a sample size of
at least 10–15 patients per feature has been suggested [43]. This way,
using a large number of radiomics features can quickly result in a
practically unfeasible amount of cases for study planning. In our sample
this requirement is met by some combinations of MRI sequences (see
Table 2) where the AUC of 0.90 is the best and observed in combination
of features derived from ADC, T1, T1c and Sub using only 5 features in
86 patients.

From the subset of EdemaADC-derived features only one wavelet-based
feature was selected (EdemaADC_wavelet-HHH_glszm_ZoneEntropy). While
this is not a standard scenario for machine learning classification, the MLP
performs on par with the separately conducted ROC analysis. SVM is the
only classifier to perform below random baseline in this case.

There are several limitations to this study: First, its retrospective
design with the consecutive selection bias. Second, the imbalance of the
two classes (WHO Grade I:103, WHO Grade II/III: 44) presents a po-
tential drawback regarding classification performance. While this was
addressed by application of SMOTE oversampling, residual classifica-
tion bias towards the majority class (WHO grade I) is possible. Third,
due to the limited sample size, there is the possibility of overfitting and
likely a considerable generalization error when tested on out of sample
cases. Still, high AUC scores could be achieved despite the fact that two
of the five centers contributed only high-grade tumors. This suggests
sufficient ability of the classifiers to generalize within this multicenter
dataset and identify high-grade tumors without strict limitation by di-
verse imaging protocols. Fourth, there is still a wide range in the ana-
lyses and preprocessing steps applied by various researchers, including
model selection and optimization as well as feature selection so results
might not be interchangeable. There is a need for standardization in
radiomics research in order to obtain results that are more comparable
while allowing for dataset-specific model optimization. Furthermore, in
order to include a diverse range of MRI modalities, studies with a slice
thickness of up to 7mm had to be resampled to isotropic voxel sizes.
This is likely to have limited the classification performance and might
introduce a bias. Hence, different preprocessing strategies might lead to

Table 1
Demographic and histopathological data of the study cohort by center.

Center 1 Center 2 Center 3 Center 4 Center 5

n 63 47 12 16 9
Age (years ± SD) 61.1 ± 11.9 61.0 ± 10.4 62.8 ± 9.7 62.0 ± 16.7 65.1 ± 10.6
Gender (male/female) 17/46 10/37 2/10 7/9 3/6
Histopathological grading
WHO Grade I 56 35 11 0 0
WHO Grade II 7 12 1 16 9

Table 2
Group composition and best classification results per subgroup.

MRI modalities n WHO Grades I/II–III Radiomics features Selected features Best AUC Best classifier

ADC 136 103/33 1819 4 0.78 MLP
EdemaADC 75 46/29 1819 1 0.72 MLP
ADC EdemaADC 74 45/29 3638 26 0.79 RF
T1c 147 103/44 1819 4 0.82 MLP
Sub T1 T1c 98 66/32 5457 27 0.86 RF
ADC Sub T1 T1c 86 66/20 7276 5 0.90 SVM & RF
Sub 99 66/33 1819 8 0.82 XGBoost
ADC EdemaADC FLAIR Sub T1 T1c 43 25/18 10,914 16 0.97 XGBoost
FLAIR 91 59/32 1819 17 0.79 SVM
T2 41 30/11 1819 6 0.85 SVM

G. Hamerla, et al. Magnetic Resonance Imaging 63 (2019) 244–249

247



improved results and lower generalization error. Fifth, this study only
included patients without history of previous treatment. The setting of
recurrent tumor is of particular clinical interest and further studies are
needed to assess the possible use of machine learning and radiomics in
post-treatment imaging studies.

5. Conclusion

Supervised machine learning using radiomics features derived from
multi-parametric MRI is capable of high AUC scores with high sensi-
tivity and specificity in classifying meningiomas between low and
higher grades despite heterogeneous protocols across different centers.
Feature selection and reduction is an essential step that can be per-
formed effectively, even when extracting a large number of features for
radiomics fingerprinting.
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