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Abstract

Objective To differentiate brain pilocytic astrocytoma (PA) from glioblastoma (GBM) using contrast-enhanced mag-
netic resonance imaging (MRI) quantitative radiomic features by a decision tree model.

Methods Sixty-six patients from two centres (PA, n = 31; GBM, n = 35) were randomly divided into training and
validation data sets (about 2:1). Quantitative radiomic features of the tumours were extracted from contrast-enhanced
MR images. A subset of features was selected by feature stability and Boruta algorithm. The selected features were
used to build a decision tree model. Predictive accuracy, sensitivity and specificity were used to assess model
performance. The classification outcome of the model was combined with tumour location, age and gender features,
and multivariable logistic regression analysis and permutation test using the entire data set were performed to further
evaluate the decision tree model.

Results A total of 271 radiomic features were successfully extracted for each tumour. Twelve features were selected as
input variables to build the decision tree model. Two features S(1, -1) Entropy and S(2, -2) SumAverg were finally
included in the model. The model showed an accuracy, sensitivity and specificity of 0.87, 0.90 and 0.83 for the
training data set and 0.86, 0.80 and 0.91 for the validation data set. The classification outcome of the model related to
the actual tumour types and did not rely on the other three features (p < 0.001).

Conclusions A decision tree model with two features derived from the contrast-enhanced MR images performed well in differ-
entiating PA from GBM.

Key Points

* MRI findings of PA and GBM are sometimes very similar.

* Radiomics provides much more quantitative information about tumours.

* Radiomic features can help to distinguish PA from GBM.
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Introduction

Pilocytic astrocytoma (PA) is a World Health Organization
grade I glioma that accounts for 15.5% of brain and central
nervous system (CNS) histologies. PA usually occurs in chil-
dren and adolescents and has an excellent prognosis after op-
eration [1]. Glioblastoma (GBM) is a World Health
Organization grade IV glioma which accounts for 80% of all
primary malignant CNS tumours and approximately 54.4% of
all malignant gliomas. GBM typically occurs in elderly people
and has a very poor prognosis, even with comprehensive treat-
ment [2, 3].

Correct differential diagnosis between PA and GBM is
necessary for preoperative decision-making and prognos-
tic evaluation [1, 3-5], and conventional MRI (mainly
including T1-weighted imaging, T2-weighted imaging
and contrast-enhanced MRI) is widely used. Generally,
the typical presentation of tumours can be differentiated
by combining patient clinical and imaging information
such as age and tumour location. However, the MR imag-
ing findings of brain PA may display a wide spectrum of
neuroradiological presentations and resemble those of
much more aggressive brain tumours [1] (Fig. 1).

Some functional MR imaging techniques, such as
diffusion-weighted imaging and perfusion-weighted im-
aging, are very useful for differentiating PA from high-
grade brain tumours [1]. However, these imaging modal-
ities are not conventionally acquired in some centres ini-
tially in a work setting. A more preferable approach
would be to deeply analyse and interpret the convention-
al MR images with some post-processing techniques
when needed. Radiomics, which is defined as the con-
version of images to higher-dimensional data and the
subsequent mining of these data for improved decision
support [6], affords such a way to deeply interpret the
imaging information [7].

Fig. 1 Case of a 15-year-old girl
with pilocytic astrocytoma (a)
and a 56-year-old man with glio-
blastoma (b). Both cases show
cystic solid lesions

A decision tree is composed of decision rules based on
optimal feature cut-off values [8] and has been frequently used
for clinical decision-making [8—10].

The aim of this study was to differentiate PA from GBM
using radiomic features derived from contrast-enhanced MRI
and to build a decision tree model.

Materials and methods

In this study we used data from two centres: centre 1, the
Second Affiliated Hospital of Zhejiang University School of
Medicine; and centre 2, Fujian Provincial Hospital. The study
was approved by the local ethics committee of the two hospi-
tals; patient approval or informed consent for the review of
patient images was not required. The overall framework of
this study is shown in Fig. 2.

Patients

Sixty patients (30 PAs and 30 GBMs) were included at cen-
tre 1. Six cases (1 PA and 5 GBMs) were included at centre
2. Thus, the entire data set comprised 66 patients (35 men
and 31 women, 6/27/33 patients assessed using 1.0 T/1.5 T/
3.0 T MRI machine, 3/21/42 patients assessed using a
Philips/Siemens/GE system). Ages ranged between 8 and
75 years. The inclusion criteria were as follows: (1) avail-
ability of clinical information; (2) presurgical MRI scans,
including T1-weighted images and post-contrast T1-
weighted images; (3) pathologically confirmed PA or
GBM; (4) did not receive radiotherapy or chemotherapy
before operation. All cases underwent surgical treatment
between January 2011 and July 2016. The patients were
divided into a training and validation data set with a ratio
of about 2:1 with simple randomisation method by R 3.3.1
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Fig. 2 Overall framework of this study

(http://www.Rproject.org). Patient records and information
were de-identified prior to analysis.

MRI parameters

At centre 1, MRI was performed with a 1.0-T Magnetom
Expert scanner (Siemens Medical Solutions), 1.5-T Signa
Excite scanner (GE Healthcare), 1.5-T Sonata or Aera scanner
(Siemens Medical Solutions), 1.5-T Achieva scanner (Philips
Healthcare), 3.0-T Discovery 750 scanner (GE Healthcare)
and 3.0-T Signa HDxt scanner (GE Healthcare). At centre 2,
MRI was performed with a 1.5-T Aera scanner (Siemens
Medical Solutions), 1.5-T Achieva scanner (Philips
Healthcare) and 3.0-T Verio scanner (Siemens Medical
Solutions). All images were acquired using a 6-mm slice
thickness, with no slice overlapping. The imaging protocol
consisted of either contrast coronal, sagittal and axial T1-
weighted imaging. Pre-contrast axial T1-weighted and T2-
weighted images were also acquired to improve assessment
of the enhanced tumour section. The contrast agents used for
the contrast-enhanced MRI sequences were gadodiamide

@ Springer

(Omniscan, GE Healthcare) at centre 1 and gadopentetate
dimeglumine (Magnevist, Bayer Schering Pharma AG) at
centre 2. Both contrast agents were administered by injection
though a peripheral venous catheter at a dose that was
standardised on the basis of patient body weight (0.2 ml/kg
body weight, up to a maximum of 20 ml).

Feature extraction

Features were extracted from contrast-enhanced MR im-
ages using MaZda software [11-13]. Before feature ex-
traction, in order to correct the effect of different acquisi-
tion protocols and magnetic field strength, the image in-
tensities were normalised (normalisation = 3 sigma, set up
in MaZda software) [14]. Extracted features include his-
togram, gradient, run length matrix (dimension = 6), co-
occurrence matrix (dimensions = 6 x 6, distances = 1, 2,
3, 4, 5), autoregressive model and Haar wavelet features.
Regions of interest (ROI) were drawn according to the
following protocol: (1) in the slice with the maximum
tumour enhanced area determined by visual evaluation
(F.D., radiologist with 8 years’ experience); (2) the ROI
was drawn in the largest enhanced part in the selected
slice if the tumour had an discontinuous enhancement
pattern; (3) thin enhanced cystic wall was excluded in
the ROI; (4) the area of each ROI contained no less than
20 metrics and without artefacts (Fig. 3). The ROIs were
drawn by two image readers (F.D. and Q.L., radiologists
with 8 and 5 years’ experience, respectively) together.
The two image readers resolved ROI selection disagree-
ments by consensus.

Feature selection

A two-step method was used for feature selection in this study.

First, the stability of the extracted features was evaluated by
interobserver reproducibility. Intraclass correlation coefficient
(ICC) value was calculated in 10 cases (5 PAs and 5 GBMs,
randomly selected using computer-generated random num-
bers from the entire data set) by three radiologists (F.D.,
Q.L. and W.X.) for each feature. The features with ICC values
of at least 0.9 were selected and considered stable [15].

The Boruta algorithm was then implemented to select
the remaining features using the training data set. The
Boruta algorithm is a wrapper built around the random
forest classification algorithm. The algorithm is config-
ured to explore all possible subsets of the attributes and
finally selects the most important variables by comparing
the importance of the original attributes with importance
achievable at random, estimated using their permuted cop-
ies [14, 16]. This algorithm performed well in selecting
important features in the prior study [14].
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Fig.3 Anexample of a selected region of interest (ROI) for a PA case. a The raw image. b The red area represents the selected ROI. ¢ Some of the feature
maps generated during features extraction

Decision tree model

With the selected features and training data set, a decision
tree model was built using the classification and regression
trees (CART) algorithm, which uses a binary recursive
process. It is started by splitting subsets of the complete
data set (using all predictor variables) into two child nodes
repeatedly, and a variety of impurity or diversity measures
are used for choosing of the best predictor [17]. In this
study, Gini impurity was used for impurity measurement.
Complexity parameter (CP) was used to control the tree
size. The minimum “xerror” (average of tenfold cross-
validation error) was used to select the CP value for build-
ing the decision tree model. The model was tested with the
validation data set. Accuracy, sensitivity and specificity
were used to assess the performance of the model.

Further evaluation of the model

We were interested in finding the performance of the model
compared to other traditional features. Then the classification
outcome of the model combined with age, location and gender
in the entire data set was included in a multivariable logistic
regression analysis. Whether the classification outcome of the
model was independently correlated with the actual tumour
type was tested and the weights of the variables were comput-
ed. As the sample size was small, to further test the reliability
of'the result, a permutation test (with the samples permuted for
1000 times) were performed.

Statistical analysis

The Kolmogorov—Smirnov test was used to test the distribu-
tion of age for PA and GBM cases, and the data were present-
ed as mean =+ standard deviation (SD) and (or) median accord-
ing to normal distribution or not. The statistical significance

levels were two-sided, with the statistical significance level set
at 0.05. The statistical analyses were performed using R soft-
ware and ‘stats’ package.

Software package for radiomic data processing

The feature selection and the decision tree model building
were performed with the following R packages: ‘caret’, ‘lat-
tice’, ‘Boruta’, ‘ranger’, ‘psy’, ‘rpart’, ‘ggplot2’. The decision
tree model was plotted mainly based on ‘rpart.plot” package.

Results
Patients

In this study, 48.4% (15/31) of PAs occurred in patients 20 and
older (between 21 and 68 years of age), 25.8% (8/31) of cases
occurred in supratentorial compartment (cerebrum and mid-
brain) and 22.6% (7/31) of cases occurred both in patients 20
and older and supratentorial compartment. For GBMs, 2.9%

Table 1 Patient gender, age and tumour location characters
PA GBM
Sex Male (n) 12 23
Female (1) 19 12
Age Range (years) 8-68 28-75
Median (mean + SD) (years) 19 (26 +17) 57 (55+12)
<19 years (n) 16 0
> 19 years (n) 15 35
Location  Supratentorial (1) 8 34
Subtentorial (7) 23 1

PA pilocytic astrocytoma, GBM glioblastoma multiforme, SD standard
deviation
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Table 2 Extracted features and the description [12, 18]

Feature class Feature quantity

Feature description

Histogram feature 9

Co-occurrence matrix feature 220
Run length matrix feature 20
Gradient feature 5
Autoregressive model-based feature 5
Wavelet feature 12

Computed from the intensity of pixels, without taking into consideration spatial
relations between the pixels

Computed from intensities of pairs of pixels, the spatial relationship of the two
pixels in a pair is defined

Counts of pixel runs with the specified greyscale level and length
Derives features from the gradient magnitude map of the image
Predicted as a weighted sum of four neighbouring pixel intensities
Apply the density features on the four wavelet decompositions

(1/35) of cases were located in the subtentorial region (cere-
bellum). The detailed patient gender, age and tumour location
characteristics are listed in Table 1.

Feature extraction and selection

A total of 271 radiomic features were successfully extracted for
each tumour. These features include 9 histogram features, 220
co-occurrence matrix features, 20 run length matrix features, 5
gradient features, 5 autoregressive model features and 12 Haar
wavelet features (Table 2). Eighty features were considered as
stable features with ICC values of at least 0.9. Twelve features
were selected by the Boruta algorithm (Fig. 4). The selected
features including one histogram feature, the kurtosis, and the
following 11 co-occurrence matrix features: S(1,0) Entropy,
S(1, 0) SumAverg, S(0, 1) Entropy, S(1, 1) Entropy, S(1,-1)
Entropy, S(2, 0) Entropy, S(0, 2) SumAverg, S(0, 2) Entropy,
S(2, 2) SumAverg, S(2, -2) SumAverg and S(2, -2) Entropy.

Decision tree model

The decision tree model was fed with the 12 selected fea-
tures and trained with the training data set. The minimum
‘xerror’ was 0.429, and a CP value of 0.01 was selected for
building the model. Finally, the model was built with two
features (Fig. 5). The predictive accuracy of the model was
0.87 for training data set and 0.86 for the validation data set.

Further evaluation of the model

The multivariate logistic regression analysis showed that
the classification outcome of the model related to the actual
tumour types and did not rely on location, age and gender
features (p < 0.001). The model showed the largest weight
value when compared with other variables (location, age
and gender). The results of logistic regression analysis are
listed in Table 3

Importance

Features

Fig. 4 Feature selection with the Boruta algorithm. Each boxplot represents a feature. Blue boxplots correspond to minimal, average and maximum
importance of a shadow feature. Red and green boxplots represent importance of respectively rejected and confirmed features [16]
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Fig. 5 Decision tree model. For
each node, the frame shows the
larger proportion tumour (GBM
or PA) and the probability per
class of tumour in the node (left
for GBM, right for PA). Two
branches, which represent the
classification, derive from the
nodes according to the value of
features (left for yes, right for no).
G, glioblastoma; P, pilocytic
astrocytoma

G
0.53 0.47

Yes — S(1, -1)Entropy = 2.56 —1 No

Yes —

S(2, -2)SumAverg < 66.19 —— No

Discussion

Though PA and GBM have different histopathology and con-
trast enhancement mechanism [1, 19-22], the visual MRI
findings are sometimes insufficient to allow their differentia-
tion. In this study, we extracted and selected some enhanced
MRI-derived quantitative radiomic features and built a deci-
sion tree model to differentiate PA from GBM tumours. We
found that a model with two of the radiomic features per-
formed well in doing that.

Prior studies have found that age and tumour location are
important features to differentiate PA from GBM. PAs com-
monly occur in the cerebellum and optic pathway of children
and adolescents (0—19 years) [1] and primary GBMs usually
occur in the supratentorial compartment of elderly patients
[23, 24]. However, there is some overlap of age and location
for the two tumours. A large sample analysis showed that
71.8% of PAs occurred in patients 0—19 years old and
28.2% occurred in patients 20 years and older, and the most
common location for PAs is the cerebellum (34.3%), followed
by cerebrum/lobar (21.7%), brainstem (10.7%), ventricle
(6.4%), spinal cord (5.2%) and optic nerve (3%) without re-
gard to age [25]. Also, GBMs have an annual incidence of 1.5
per 1,000,000 in children and can also develop in the cerebel-
lum [24]. This may therefore bring cause difficulties in differ-
entiating the two tumours by only age and tumour location
information.

Furthermore, PA has a wide spectrum of neuroradio-
logical presentations [1]. The predominant four imaging
patterns of PA in contrast-enhanced MR images include
an obvious enhancing nodule with a non-enhancing cyst;
an obvious enhancing nodule with an enhancing cyst; a
cyst with an internal enhancing part or an enhanced mass
with a small cystic part [26, 27]. GBMs in contrast-
enhanced MR images usually appear as masses with

contrast enhancement at their margin [24]. There is also
some overlap in the presentation of the two tumours in
enhanced images which may make them difficult to dif-
ferentiate by visual interpretation.

Radiomics provides a good quantitative representation of
the underlying biological information and can be used for
diagnosis, prognosis and therapy response evaluation in on-
cology [28]. Selecting which images to use is usually the basis
for a radiomic study. In fact, the imaging sequences and mo-
dalities used for radiomics studies vary in current literature
[29, 30]. In spite of more sequences and modality images that
can afford more information, we think that it may be more
effective to select fewer but more specific images. In this
study, only contrast-enhanced MR images were used for two
main reasons. Firstly, contrast-enhanced MR images were
conveniently available and usually clinically used for brain
tumour diagnosis and evaluation. Secondly, the histopatholo-
gy and contrast-enhanced mechanism were different for the
two tumours [1, 19-22].

The decision model works well in this study despite the
acquisition parameters of images not being uniform and de-
spite us not using a very thin thickness. In fact, the uniform
acquisition parameters and a slice thickness about 5 mm are
common in current radiomic studies [31-35]. It is likely that

Table 3 Results of multivariate logistic regression analysis

Variables coefficient p value
Classification outcome of the model 0.401 < 0.001
Location 0.347 < 0.001
Age 0.006 0.011
Gender -0.068 0.170

The classification outcome of the model relates to the actual tumour types
and does not rely on the other three features
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the method would work better with uniform acquisition set-
tings and proper slice thickness [6].

Most of the selected features and both of the final model-
building features in this study were co-occurrence matrix fea-
tures. The co-occurrence matrix features are computed from pix-
el pair intensities, and the spatial relationship of the two pixels in
a pair is considered [13]. A recent study found that co-occurring
gradients in MR imaging were useful for distinguishing brain
tumour subtypes [36]. In this study, it may indicate that these
selected co-occurrence matrix features have some relationship
with the enhancement difference of PA and GBM.

We provided a decision tree model for differentiating PA
from GBM in this study. The model included only two radiomic
features but achieved a high accuracy. Some limitations should
also be considered. First, this study included a small number of
subjects, and the prospective confirmation of the model in our
study with a larger sample size is needed. Second, to get a more
stable model, we used data from two centres and with different
contrast agents, but the data were unbalanced.

Conclusions

Our study showed a decision tree model with two features
extracted from enhanced MR images performed well in dif-
ferentiating PA from GBM. This model provides an objective
diagnostic method to differentiate PA from GBM, and it may
be especially helpful for those cases that are difficult to distin-
guish by conventional interpretation approaches that mainly
depend on age and location features.
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