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Abstract

Objective We aimed to identify optimal machine-learning methods for preoperative differentiation of sacral chordoma

(SC) and sacral giant cell tumour (SGCT) based on 3D non-enhanced computed tomography (CT) and CT-enhanced

(CTE) features.

Methods A total of 95 patients were divided into a training set and a validation set. Three best feature selection methods (Relief,

least absolute shrinkage and selection operator (LASSO) and Random Forest (RF)) and three classification methods, including

generalised linear models (GLM), support vector machines (SVM) and RF, were compared for their performance in

distinguishing SC and SGCT. The performance of the radiomics model was investigated via area under the receiver-operating

characteristic curve (AUC) and accuracy (ACC) analysis.

Results The selection method LASSO + classifier GLM had the highest AUC of 0.984 and ACC of 0.897 in the validating set,

followed by Relief + GLM (AUC = 0.909, ACC = 0.862) and LASSO + SVM (AUC = 0.900, ACC = 0.862) based on CTE

features. For CT features, RF + GLM had the highest AUC of 0.889, while LASSO + GLM achieved a high ACC 0f 0.793 in the

validating set. Regardless of the methods, CTE features significantly outperformed those from CT for the differentiation of SC

and SGCT (Zauc = -3.029, Zacc = -4.553; p < 0.05).

Conclusions Our study demonstrated CTE features performed better than CT features. The selection method LASSO + classifier

GLM had the best performance in differentiation of SC and SGCT, which could enhance the application of radiomics methods in

sacral tumours.

Key Points

* Sacral chordoma and sacral giant cell tumour are the two most common primary tumours of the sacrum with many common
clinical and imaging characteristics.

* A radiomics model helps clinicians to identify the histology of a sacral tumour:

* CTE features should be preferred.
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MDCT  Multi-detector row CT

PACS Picture archiving and communication system
RF Random Forest

ROIs Regions of interest

SC Sacral chordoma

SGCT  Sacral giant cell tumour

SVM Support vector machines

Introduction

Sacral tumours are rare, but all components of the sacrum
(bone, cartilage, bone marrow, notochord remnants, etc.) can
give rise to benign or malignant tumours [1-3]. Sacral
chordoma (SC) and sacral giant cell tumour (SGCT) are the
two most common primary tumours of the sacrum, accounting
for about 40% and 13% of all primary sacral tumours, respec-
tively [4]. They share many common clinical and imaging
characteristics, however, the treatment approaches for SC
and SGCT are quite different. Due to the high recurrence rate
of SC, lumbar resection of tumour is the preferred method for
reducing the local recurrence rate. The SGCT is located in the
upper sacrum and represents a benign tumour; intralesional
curettage is commonly performed. The greatest challenge
and key point in the treatment of SGCT is intraoperative
haemorrhage, because the rich blood supply in this area often
causes more haemorrhage during the operation [3-5].
Therefore, accurate preoperative diagnosis is of great impor-
tance in guiding the clinical approach.

A computed tomography (CT) scan is the first choice of
imaging method to delineate sacral tumours. A CT scan and
CT-enhanced (CTE) scan, especially thin-slice helical acqui-
sition with two-dimensional (2D) and three-dimensional (3D)
reconstructions, are superior in showing bony details such as
special calcification, bone residues and invasion of the spinal
canal [4]. CTE can also improve the discrimination of cystic
or necrotic tissue shown as reduced attenuation areas, while
vascularised tumour areas appear as brighter enhanced hetero-
geneous areas than other areas [6]. In clinical practice, both
SC and SGCT are rarely diagnosed at the early stage due to
rare or nonspecific symptoms, but rather in a late stage [7].
The preoperative identification of SC and SGCT is difficult
for radiologists when they appear as heterogeneous masses
mixed with necrosis, haemorrhage, calcification or residual
bone on CT. Biopsy is the most common way of classifying
tumour histology before surgery, but it is invasive and only
evaluates a small sample, which may produce complications,
sampling error and poor efficiency [8].

Radiomics is a new emerging non-invasive method that
extracts high-dimensional sets of imaging features for building
appropriate models for assessing the ability of clinical diagno-
sis, prognosis and therapeutic effect, based on characterising
intratumoural heterogeneity [9—15]. CT radiomics analysis has
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shown promise in lesion characterisation, pretreatment tumour
assessment and response evaluation for many tumour types
[16]. 3D CT radiomics features were calculated and extracted
from the whole layers of tumour lesion in CT images, and have
been explored in many studies [17-19]. CTE features can re-
flect blood vessels and blood flow of the tumour that correlate
with the metabolic activity of the tumour [20]. Most published
studies have assessed the predictive abilities of radiomics fea-
tures; only a few recent studies have shown that the perfor-
mance of a radiomics model can be greatly influenced by dif-
ferent feature selections and classification approaches [21-23].
It was, however, still unknown whether the feature selection
and classification methods affect the performance of radiomics
features for distinguishing sacral tumour.

The objective of this study was to identify optimal
machine-learning methods for the preoperative differentiation
of SC and SGCT based on 3D CT and CTE features. We
investigated nine cross-combinations of three commonly used
feature selection methods and three classification methods in
terms of their performance in distinguishing SC and SGCT,
which may enhance the precision of preoperative diagnosis
and personalised treatment.

Material and methods
Patient cohort and image acquisition

Subsequent to approval from the local ethics committee of our
hospital, a database of 143 patients from January 2006 to
October 2017 with pathologically confirmed sacrum tumour
(87 SCs and 56 SGCTs) before therapy were retrospectively
analysed. All patients met the following inclusion criteria: had
a sacrum tumour mentioned in preoperative CT and CTE re-
ports; CT and CTE images were complete; pathology reports
confirmed SC or SGCT. Exclusion criteria: images with poor
quality including obvious artefacts; patients without enhanced
images. Finally, 95 patients, consisting of 53 SCs and 42
SGCTs, were analysed.

All CT and CTE images were collected from the picture
archiving and communication system (PACS) of our hospital.
For plain CT scans, images were acquired on each patient
using multidetector row CT (MDCT) systems (Philips iCT
256, Philips Medical System), with the following acquisition
parameters: 120 kV, 685 mAs, 256 x 0.625 collimator config-
uration, slice thickness = 5 mm, matrix = 320 x 224 mm, field
of view (FOV) = 350 x 350 mm. CTE was performed after a
70-s delay following intravenous administration of 1.5 ml/kg
of iodinated contrast medium (iopamidol injection, 370 mg
I/ml, Bracco Sine Pharma) and 20 ml of saline at a rate of
2.5 ml/s with an automatic pump injector (Ulrich CT Plus
150, Ulrich Medical). The CT images were reconstructed with
a standard kernel.
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Tumour segmentation

We exported all CT, CTE Digital Imaging and Communications
in Medicine images from PACS for tumour segmentation. The
itk-SNAP software (www.itk-snap.org) was used for manual
segmentation. All regions of interest (ROIs) were handcrafted
on both CT and CTE images on each slice by two musculoskel-
etal radiologists who had more than 10 years of experience.
Intra- and interclass correlation coefficients (ICCs) were used
to evaluate inter-observer and intra-observer reproducibility of
ROI delineation. We initially chose 30 random images for ROI
segmentation by two radiologists independently. To assess intra-
observer reproducibility, each reader repeated the same manual
procedure 1 week later. An ICC greater than 0.75 was consid-
ered good agreement [24] (Fig. 1).

Radiomics feature selection methods

A total of 770 radiomics features of each patient were extract-
ed from all CT and CTE images based on Artificial
Intelligence Kit version1.0.3 (GE Healthcare). The radiomics
features were divided into three groups: tumour intensity, mor-
phology and texture features [22]. Three selection methods
were validated in this study: Relief[21], least absolute shrink-
age and selection operator (LASSO) [25, 26], and Random
Forest (RF) [23]. We chose these methods mainly because of
their popularity and efficiency in the literature [21-26]. The
differentiation of performance of selection methods was eval-
uated in the all-patients sample.

Classifiers

For features classification, the following three classifiers with
high stability were investigated: support vector machines
(SVM), generalised linear models (GLM) and RF. Classifiers

were trained using the repeated tenfold cross-validation meth-
od in the training set and the differentiation performance was
evaluated with a validating set.

Validation of the radiomics model

The stability of feature selection and classification methods
was assessed using the area under the receiver-operating char-
acteristic curve (AUC) and accuracy (ACC). AUC > 0.894
(upper quartile of AUC value) and ACC > 0.854 (upper quar-
tile of ACC value) in the validating set were considered as
highly accurate classification performance.

Statistical analysis

The statistical analyses were performed with R software (R
Core Team) version 3.4.3. A Mann-Whitney U test was per-
formed using SPSS version 17 software (SPSS, Inc.) to com-
pare the difference in clinical and imaging data between the
groups. A comparison of the composition ratio was checked
by the Chi-square test. All statistical tests were two-sided, and
p-values of < 0.05 were considered statistically significant.

Results
Clinical characteristics of the patients

In total, 95 eligible sacrum tumour patients (54 males, 41
females; mean age of 47.9 + 17.1 years, range 17-79) were
retrospectively analysed. Sixty-six sacrum tumour patients
(37 SCs, 29 SGCTs) were assigned to a training set, and 29
patients to a validating set (16 SCs, 13 SGCTs) according to a
ratio of 7:3. No significant differences were found between the
training and validating sets in terms of age, sex, tumour

Fig. 1 Segmentation of tumours. a-d SC in a 48-year-old man. a Axial
CT scan (soft tissue window) showing the irregular margin of tumour, (b)
3D RO, (c¢) sagittal CTE images, (d) pathological image showing oval
vacuolated epithelial cells (black arrowhead), hyalinised extracellular ma-
trix with extensive myxoid regions and fibrous septa. e-h SGCT in a 23-

year-old woman. e Axial CT scan (soft tissue window) showing the ir-
regular margin of tumour and residual bone, (f) 3D ROI, (g) coronal CTE
images presented an oval morphology and bone destruction of the tumour
(green), (h) pathological image showing lots of polynuclear giant cells
(black arrowhead) and mononuclear stromal cells
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Table 1 Clinical characteristics

of patients in the training and Training set Validation set x?/ Z value p-value
validation sets
Sex
Male 38 16 X’ =0.013 0.909
Female 28 13 x2=0.019 0.891
Age (y)
Median (P25~P75) 50.0 (34.0~62.0) 44.0 (33.5~55.0) Z=-0.703 0.482
Location
Upper sacrum (S1-2) 29 12 X2 =0.022 0.883
Lower sacrum (S3-5) 20 11 X2 =0.265 0.607
Whole sacrum (S1-5) 17 6 X’ =0.175 0.676
Size (cm)
Median (P25~P75) 8.45 (6.83~11.78) 8.80 (6.65~9.95) Z =-0.044 0.965
Histology
Sc 37 16 x> =0.002 0.966
SGCT 29 13 x° = 0.002 0.960

SC sacral chordoma, SGCT sacral giant cell tumour

location, tumour size and histology (p > 0.05) (Table 1).
Tumour location in the sacrum was defined as upper (S1-2),
lower (S3-5) and whole sacral location (S1-5).

Performance of feature selection methods
and classifiers

Satisfactory inter-observer (ICC, range 0.812-0.934) and
intra-observer (ICC, 0.863—0.986) reproducibility of manual
delineation was achieved. A total of 770 radiomics features of
each patient were extracted from CT (385 features) and CTE
(385 features).

For CT features, the selection method RF + classifier GLM
had the highest AUC of 0.889, which declined to LASSO +
GLM and Relief + SVM, while LASSO + GLM also achieved
the highest ACC of 0.793 in the validating set. For CTE fea-
tures, the selection method LASSO + classifier GLM had the
highest AUC 0f 0.984 in the validating set, followed by Relief
+ GLM (AUC =0.909) and RF + RF (AUC = 0.904) (Table 2,
Fig. 2).

For both CT and CTE features, the selection method
LASSO + classifier GLM had the highest ACC, while the
selection method RF + classifier SVM also achieved a high
ACC of 0.897 based on CTE features (Table 3, Fig. 3).

No significant difference was found either among three
feature selection methods or three classification methods for
the performance of feature selection and classifiers (p > 0.05).

Stability and differentiation values of the radiomics
model

In the training set, the radiomics feature derived from CTE
images yielded the highest AUC of 1 and ACC of 0.955,
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which is higher than those of the CT images (AUC = 1;
ACC = 0.879).

In the validating set, a similar result was found: the
radiomics feature derived from CTE images yielded the
highest AUC of 0.984 and ACC of 0.897, while that from
CT images yielded an AUC of 0.889 and ACC of 0.793.

For the whole cross-combination methods in the validating
set, features extracted from CTE images had significantly
higher AUC and ACC values than those of CT images in
terms of differentiation of SC and SGCT (Zayc = -3.029,
Zacc = -4.553; p < 0.05).

Considering the AUC and ACC together, the best perfor-
mance of differential diagnosis based on the selection method

Table 2 The mean AUC of the cross-combination methods

AUC GLM SVM RF

CT features
ReliefF 0.834 (0.813) 0.905 (0.864) 1 (0.639)
LASSO 0.850 (0.865) 0.862 (0.841) 1 (0.786)
RF 0.867 (0.889) 0.957 (0.798) 1 (0.673)

CTE features
ReliefF 0.981 (0.909) 0.985 (0.894) 1 (0.889)
LASSO 0.984 (0.984) 0.979 (0.900) 1 (0.875)
RF 0.973 (0.889) 0.986 (0.894) 1 (0.904)

The AUC of the cross-combination methods based on CT and CTE fea-
tures are showed in the training set (no brackets) and the validating set (in
brackets)

AUC area under the receiver-operating characteristic curve, GLM gener-
alised linear models, SVM support vector machines, RF* Random Forest,
CT computed tomography, CTE CT-enhanced, LASSO least absolute
shrinkage and selection operator



Eur Radiol (2019) 29:1841-1847

1845

<

—

R ]

o

R

(=]

S
=
(=]
—®&—  (CT-Train
o _| - -®& - (CT-Validation
(=]
CTE-T

v --#-- CTE.Validation
(=4

I I I T

ReF+GLM LASSO+GLM RF+GLM ReF+SVM

LASSO+SVM

RF+SVM ReF+RF LASSO+RF RF+RF

Group of model

Fig.2 Scatterplots depicting the AUC of the cross-combination methods based on CT and CTE features. The selection method LASSO + classifier GLM
had the highest AUC in the validation set. CTE features had a higher AUC than CT

LASSO + classifier GLM from CTE features reached the
highest AUC of 0.984 and ACC of 0.897 in the validating
set, followed by Relief + GLM (AUC = 0.909, ACC =
0.862) and LASSO + SVM (AUC = 0.900, ACC = 0.862).

Discussion

In the current study, we developed and validated a 3D CT and
CTE-based radiomics model as a novel approach to differen-
tiate SC and SGCT, providing an optimal method to improve
decision-support in sacral tumour at low cost. The highest per-
formance was found in the combination of the selection meth-
od LASSO + classifier GLM. Furthermore, radiomics features

Table 3 The ACC of the cross-combination methods

ACC GLM SVM RF

CT features
ReliefF 0.803 (0.724) 0.789 (0.621) 0.773 (0.690)
LASSO 0.742 (0.793) 0.833 (0.759) 0.727 (0.759)
RF 0.758 (0.759) 0.879 (0.690) 0.788 (0.621)

CTE features
ReliefF 0.924 (0.862) 0.924 (0.862) 0.879 (0.793)
LASSO 0.955 (0.897) 0.924 (0.862) 0.833 (0.793)
RF 0.924 (0.793) 0.924 (0.897) 0.864 (0.828)

The AUC of the cross-combination methods based on CT and CTE fea-
tures are showed in the training set (no brackets) and the validating set (in
brackets)

AUC area under the receiver-operating characteristic curve, GLM gener-
alised linear models, SVM support vector machines, RF' Random Forest,
CT computed tomography, CTE CT-enhanced, LASSO least absolute
shrinkage and selection operator

extracted from CTE images significantly outperformed CT im-
ages in terms of differentiation of SC and SGCT.

To improve the stability and classification performance of
the radiomics model, Hawkins et al compared four different
feature selection and classification methods for CT-based sur-
vival prediction of lung cancer [27]. Parmar et al first evaluated
14 feature selection methods and 12 classification methods to
predict overall survival of lung cancer patients [22], then chose
13 feature selection methods and 11 classification methods to
predict overall survival of head and neck cancer patients [28].
However, these previous studies compared different feature
selection and classification methods, respectively; only Zhang
et al compared 54 cross-combinations of six feature selection
methods and nine classification methods for prediction of local
and distant failure in advanced nasopharyngeal carcinoma [23].
In addition, these studies were mainly focused on the prediction
of clinical outcomes, and only Wu et al compared 24 feature
selection and three classification methods for the prediction of
lung cancer histology (adenocarcinoma and squamous cell car-
cinoma) [21]. Unlike previous studies, we investigated nine
cross-combinations of three feature selection methods and three
classification methods because of they have commonly been
used and achieved higher performance in previous studies.
Furthermore, we compared their performance for differentiat-
ing SC and SGCT based on CT and CTE images, respectively.
As far as we know, this is the first study to investigate the
differentiation of SC and SGCT using 3D CT features.

Considering the AUC and ACC together, the selection meth-
od LASSO + classifier GLM, Relief + GLM and RF + SVM had
a comparatively higher performance in distinguishing SC and
SGCT. For the performance of three feature selection methods,
LASSO achieved relatively higher AUC and ACC than RF and
Relief. For the performance of three classification methods,
SVM performed better than GLM and RF. Nevertheless, no
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Fig.3 Scatterplots depicting the ACC of'the cross-combination methods based on CT and CTE features. The selection method LASSO + classifier GLM

had the highest ACC in both the training set and the validation set

significant difference was found either among three feature se-
lection methods or three classification methods. LASSO is an
outstanding method for feature selection by retaining the good
features of both subset selection and ridge regression [24]. It is
suitable for analysing large sets of radiomics features with a
relatively small sample size, and it is designed to avoid over-
fitting [29]. GLM is a classical linear classification method,;
Parmar et al found GLM had the highest prognostic performance
in predicting overall survival of head and neck cancer among 11
classification methods [28]. Relief can detect context informa-
tion among features and thus more accurately deals with situa-
tions where dependencies are present, but is unable to detect
redundant features [21, 30]. SVM is often reported to provide
better classification because it obtains optimal results using avail-
able information and shows better generalisation ability on the
unseen data [31]. The RF is quite an efficient model-free method
both in variable selection and in classification, and consists of a
collection of decision trees [21, 23, 32]. It is robust to noises and
outliers, and can handle high-dimension spaces rapidly, but has
an over-fitting problem [33, 34]. Our results demonstrated that
LASSO + classifier GLM had the best performance in both CT
and CTE features, indicating feature selection LASSO + classi-
fier GLM is a preferred and stable machine-learning method for
the differentiation of SC and SGCT.

In this study, we used the 3D CT and CTE features to build
the model and achieved a high performance in differentiating
SC and SGCT. Our results indicated that CTE features can
provide more useful information for the identification of SC
and SGCT than CT features.

There are some limitations of this study. First, images were
acquired over the course of several years and all of our imaging
data come from a single centre; a multicentre study with a large
sample size is needed for further study. Second, we only com-
pared three commonly used feature selection methods and
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three classification methods in terms of their performance of
distinguishing SC and SGCT; we did not know the results of
other machine-learning methods. Lastly, the model can be en-
hanced if we incorporate more clinical and genetic features in a
future study.

Conclusions

In summary, our radiomics study identified optimal machine-
learning methods for the preoperative differentiation of SC
and SGCT, which could enhance the application of radiomics
methods in the precision of diagnosis of sacral tumour.
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