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ARTICLE INFO ABSTRACT

Keywords: Purpose: Patients with skull base chordoma and chondrosarcoma have different prognoses and are not readily
Radiomics differentiated preoperatively on imaging. Multiparametric magnetic resonance imaging (MRI) is a routine di-
Chordoma agnostic tool that can noninvasively characterize the salient characteristics of tumors. In the present study, we
Chondrosarcoma developed and validated a preoperative multiparametric MRI-based radiomic signature for differentiating these
Multiparametric MRI
tumors.
Method: This retrospective study enrolled 210 patients and consecutively divided them into the primary and
validation cohorts. A total of 1941 radiomic features were acquired from preoperative T1-weighted imaging, T2-
weighted imaging and contrast-enhanced T1-weighted imaging for each patient. The most discriminative fea-
tures were selected by minimum-redundancy maximum-relevancy and recursive feature elimination algorithms
in the primary cohort. The multiparametric and single-sequence MRI signatures were constructed with the se-
lected features using a support vector machine model in the primary cohort. The ability of the novel radiomic
signatures to differentiate chordoma from chondrosarcoma were assessed using receiver operating characteristic
curve analysis in the validation cohort.
Results: The multiparametric radiomic signature, which consisted of 11 selected features, reached an area under
the receiver operating characteristic curve of 0.9745 and 0.8720 in the primary and validation cohorts, re-
spectively. Moreover, compared with each single-sequence MRI signature, the multiparametric radiomic sig-
nature exhibited better classification performance with significant improvement (p < 0.05, Delong’s test) in the
primary cohorts.
Conclusion: By combining features from three MRI sequences, the multiparametric radiomics signature can
accurately and robustly differentiate skull base chordoma from chondrosarcoma.

1. Introduction intracranial tumors [1,2]. Chordomas are central skull base tumors
derived from the remnants of the notochord, with an incidence of ap-

Chordoma and chondrosarcoma are both rare, malignant bone tu- proximately 8.4/ten million per year [3]. Chondrosarcomas originate
mors occurring at the skull base, and together account for 1% of from the synchondroses of the skull base, such as the spheno-occipital
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suture or petroclival suture, are often off-midline, and have an in-
cidence of less than 2/ten million per year [4]. Currently, the standard
treatment for both types of tumors is surgical resection combined with
or without adjuvant radiotherapy [5]. However, skull base surgery is
highly challenging owing to the inaccessibility of the tumors and their
close proximity to vital structures such as the brainstem, cranial nerves,
and major vessels. Therefore, some studies have suggested that max-
imal safe surgical resection followed by adjuvant radiotherapy may
result in a relatively good prognosis for chondrosarcoma of the skull
base [6,7]. For chordoma, owing to its high recurrence rate [8], gross
total resection followed by adjuvant radiotherapy is advocated to
achieve better long-term survival [9]. Therefore, preoperative dis-
crimination of these two tumors may assist treatment planning and
decision-making. Currently, the identification of these two tumors relies
mainly on postoperative pathological analysis of the tumor tissue,
which includes the use of hematoxylin-eosin staining and evaluation of
biomarkers such as gene expression analysis of brachyury, a tran-
scription factor that is highly expressed in chordomas [10,11]. Herein,
we describe a preoperative, noninvasive imaging method using radio-
mics to differentiate these two tumors and thus assist with optimal
treatment planning.

Owing to the similar magnetic resonance imaging (MRI) appearance
of the two types of tumors, differentiating them using preoperative
images remains challenging [12]. Chordomas and chondrosarcomas of
the skull base typically demonstrate a hypointense signal on T1-
weighted MRI (T1WI), a hyperintense signal on T2-weighted MRI
(T2WI), and no distinct visual differences on contrast-enhanced T1-
weighted MRI (CET1) [13,14]. Some studies have indicated that dif-
fusion-weighted MRI (DWI) may facilitate assessment of these tumors,
and that apparent diffusion coefficient (ADC) values could be used to
distinguish skull base chordoma and chondrosarcoma [12,15], though
their small sample size, lack of a specified ADC cutoff value, and lack of
independent validation make the implementation of this method diffi-
cult.

Radiomics is an emerging tool that uses artificial intelligence in the
evaluation of medical imaging to achieve improved diagnostic accu-
racy, and its growing use has received wide attention [16]. It employs
an approach that extracts a large number of quantitative features from
medical images to thoroughly characterize a region of interest, such as
a tumor [17-19]. These extracted features may reflect the character-
istics of the underlying pathophysiology, facilitating the evaluation of
tumor heterogeneity [20]. A key objective is to generate image-driven
signatures as a diagnostic tool that can provide insights into tumor
biology and thus better support clinical decision-making [20,21]. In
recent years, radiomics has been successfully applied to differentiate
different types of tumors involving the eyes, lymph nodes, and lungs
[22-24]. However, a reliable predictive radiomics method to differ-
entiate skull base chordoma from chondrosarcoma has not yet been
developed.

The aim of our study was to develop and validate a multiparametric
MRI radiomic signature that facilitates the differentiation of skull base
chordoma and chondrosarcoma. In our study, we used an emerging
quantitative analysis approach to differentiate tumors, and then eval-
uated the robustness of the signature with an independent validation
set. Furthermore, we compared the diagnostic performance of the
multiparametric signature with each single-sequence MRI signature.

2. Materials and methods
2.1. Patients

This retrospective study was conducted in accordance with the te-
nets of the Declaration of Helsinki and with ethical approval from our
institution’s review board. The requirement for informed consent was
waived because all patient data were anonymized prior to analysis. A
total of 210 consecutive patients (154 skull base chordomas and 56
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skull base chondrosarcomas) who underwent MRI between January
2005 and November 2016 were included. These patients were allocated
to primary and validation cohorts according to the time of MRI acqui-
sition in a ratio of 2:1; the first 140 patients (103 chordoma and 37
chondrosarcoma) were allocated to the primary cohort, and the last 70
patients (51 chordoma and 19 chondrosarcoma) were allocated to the
validation cohort.

The following patients were included: patients (1) with primary
skull base chordoma or chondrosarcoma (2) who successfully under-
went multiparametric MRI (including T1WI, T2WI and CET1) before
surgery and radiotherapy and (3) whose tumor type was confirmed by
pathology. Patients with poor image quality due to motion artifacts
were excluded.

2.2. Image data acquisition

The images of TIWI, T2WI, and CET1 sequences were acquired
using a Magnetom Trio 3 T scanner (Siemens, Erlangen, Germany) with
a 12-channel receive-only head coil. The parameters used to acquire
these three axial sequences are shown in Supplementary Table 1. The
CET1 scan was taken immediately after the rapid intravenous injection
of 0.2 mL/kg gadolinium-DTPA (BeiLu Pharmaceutical Co., Ltd, Beijing,
China).

2.3. Image segmentation and feature extraction

The radiomics workflow is shown in Fig. 1. A three-dimensional
region of interest (ROI) for each skull base tumor was delineated
manually by two experienced neurosurgeons (with 5 and 7 years of
experience, respectively). The ROIs were segmented slice-by-slice on
the axial plane using the three MRI sequences. If the divergence be-
tween the segmentations of the two neurosurgeons was less than 5%,
the final ROI was defined as the overlap of the two ROIs, and if the
divergence was greater than 5%, a third neurosurgeon (with 10 years of
experience) made the final decision [25]. All neurosurgeons were
blinded to the patient’s surgical and pathologic information when de-
lineating these ROIs. Segmentation was performed using ITK-SNAP
software (University of Pennsylvania, Philadelphia, PA, USA).

A total of 647 quantitative multiparametric radiomic features were
automatically calculated from respective TIWI, T2WI, and CET1 image
sequences. These features included four categories: first-order gray-
level intensity histograms statistics, tumor size and volume, second-
order gray-level texture features, and wavelet features. Detailed in-
formation on feature categories is included in Supplementary Table 2.
Processing of all features was performed using MATLAB 2015b
(MathWorks, Natick, MA, USA).

2.4. Feature selection and radiomic signature building

To ensure that the feature values remained in an appropriate range,
we normalized each radiomic feature based on minimum-maximum
normalization using the following formula:

Xn - Xmin

Normalized X,, =
Xmax - Xn

where X, and X, represented the respective minimum and max-
imum values of the feature X,,. Subsequent feature selection and model
training were performed based on these normalized features in the
primary cohort. Two separate feature selection algorithms were used to
select radiomic features to avoid over-fitting of the prediction model.
First, radiomic features were selected by the minimum-redundancy
maximum-relevancy (MRMR) algorithm, which ranked the features by
significance according to mutual information [26]. Next, a recursive
feature elimination (RFE) algorithm, was used to select features by
recursively considering increasingly smaller sets of features [27].

In the primary cohort, a support vector machine model with a radial
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Fig. 1. Radiomics workflow including three steps: A) data collection; B) data analysis, including tumor ROI segmentation, feature extraction, feature selection, and

model building; and C) result presentation.

Table 1
Age and sex distribution of chordoma and chondrosarcoma in intra- and inter-class.
Characteristics Primary cohort (n = 140) Validation cohort (n = 70) P
chordoma chondrosarcoma P chordoma chondrosarcoma P
(n =103) (n =37) (n = 51) (n=19)
Age 32.54 *+ 13.49 36.51 + 14.22 0.78 31.32 = 11.56 36.59 *+ 15.56 0.18 0.40
Sex 0.55 0.51 0.07
Male 68 22 25 11
Female 35 15 26

Note: Chi-Square or Fisher Exact tests, as appropriate, were used to compare the differences in categorical variables, while the independent sample ¢t-test was used to

compare the differences in age.
(Age, mean * standard deviation, years).

basis function kernel was trained according to the label and selected
features of the two types of tumors. For the model, the parameters of
misclassification penalty C and width G were selected from [273, 24, 2
3, ..., 2°] through Grid Search with ten-fold cross-validation loops. The
optimal parameters of C and G were determined by maximizing the
area under the receiver operating characteristic curve (AUC). The
radiomic signature was defined as the probability that the above-
mentioned model correctly predicts the type of tumor.

2.5. Validation and comparison of differentiation performance

To assess the differentiation performance of the different radiomic
signatures, the prediction AUC, accuracy, sensitivity, and specificity
were calculated in the separate primary and validation cohorts.
Additionally, the performance of the multiparametric radiomic sig-
nature was compared with those of the other three single-sequence
radiomic signatures using a Delong test with a Bonferroni correction
applied to adjust for multiple comparisons. Based on these results, the
predictive signature that yielded the optimal result was selected for
subsequent use.
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2.6. Statistical analysis

Statistical analyses of all clinical characteristics were conducted
with IBM SPSS software (version 19.0, SPSS, US). Continuous variables
(e.g., age) were analyzed using Student’s t-test, and categorical vari-
ables (e.g., sex) were analyzed using Pearson’s chi-squared test or
Fisher’s exact test; a two-sided p-value < 0.05 was considered statisti-
cally significant.

3. Results
3.1. Patient clinical characteristics

Patient baseline characteristics in the primary and validation co-
horts are shown in Table 1. The primary cohort included 90 male pa-
tients and 50 female patients, and the mean age and standard deviation
were 35.46 * 14.09 years (range, 2-67 years). The separate validation
subgroup included 36 male patients and 34 female patients, and the
mean age and standard deviation were 35.23 = 14.70 years (range,
9-66 years). The clinical characteristics and demographic data of these
patients showed no significant differences (p > 0.05) between the
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primary and validation cohorts.

3.2. Image segmentation and feature extraction

A total of 1941 three-dimensional radiomic features were obtained
from the three MRI sequences. The features of each MRI sequence in-
cluded 8 shape features, 17 first-order gray-level intensity histogram
statistics, 54 s-order gray-level texture features, and 568 wavelet fea-
tures. These radiomic features used are shown in Supplementary
Appendix S1.

3.3. Feature selection and radiomic signature building

After using the MRMR algorithm to eliminate redundant features,
the top ten percent of features were input into the RFE algorithm, fi-
nally resulting in 11 features used to construct the multiparametric
radiomic signature. The details of the selected features are shown in
Supplementary Table 3.

The optimal model parameters C and G were to set at 27! and 2°,
respectively, by ten-fold cross-validation in the primary cohort. Each
single-sequence MRI radiomic signature was developed in the same
manner as that used for construction of the multiparametric radiomic
signature.

Multiparametric
A

Receiver Operating Characteristic

1.0 4
3"
-,
.,
-,

0.8 7
2 4
© 0.6 1 PRe
2 -,
A~1 e
2 -,
o) -,
A4 0.4 Pig
2 7%
= i
= P

0.2 4 e

e === Primary cohort(ROC area=0.97)
’/’ = Validation cohort(ROC area=0.87)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Receiver Operating Characteristic
1.0 1

0.8
2
<
~
20.6
=
'z
<
© 041
=
=

0.2 4

.7 === Primary cohort(ROC area=0.87)
,,’ - Validation cohort(ROC area=0.73)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

European Journal of Radiology 118 (2019) 81-87

== chordoma
1.0 1 [  chondrosarcoma
0.8
“E’ (CE I |
<
=
20
2 0.4
0.2 1
0.0 1 P<0.001 P<0.001

Primary cohorts Validation cohorts

Fig. 3. Violin plot depicting the distribution of the multiparametric radiomic
signatures in skull base chordoma and chondrosarcomas. In each cohort, the
difference between the signatures of the two tumors were assessed using
Student’s t-test.

3.4. Validation and comparison of the diagnostic performance
The receiver operating characteristic (ROC) curves in Fig. 2(A-D)

show the performance of the different radiomic signatures used to
differentiate between skull base chordoma and chondrosarcoma in the
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Fig. 2. Receiver operating characteristic (ROC) curves for differentiating skull base chordoma and chondrosarcoma using different radiomic signatures in the primary
and validation cohorts. (A) ROC curves of the multiparametric radiomic signature. (B) ROC curves of the radiomic signature derived from T1WI. (C) ROC curves of
the radiomic signature derived from CET1. (D) ROC curves of the radiomic signature derived from T2WI.
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Patient 1
Chordoma
Age-45
Sex-male
Signature=0.091

Coif2_glem_cluster_shade=0.996
Coif4_fos_krutosis=0.388
Coif3_glem_cluster shade=0.866
Coif6_fos_krutosis=0.281

Patient 2
Chondrosarcoma
Age-27
Sex-male
Signature=0.875

Coif2_glem_cluster shade=0.303
Coif4 _fos_ krutosis=0.623
Coif3_glem_cluster_shade=0.476
Coif6_fos_krutosis=0.335
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Fig. 4. Illustration of two patients with chondrosarcoma/chordoma showing multiple MRI sequences, clinical characteristics, and multiparametric radiomic sig-

natures.

two cohorts. The multiparametric radiomic signature differentiated the
two tumors with an AUC of 0.9745 (95% confidence interval [CI],
0.9668-0.9823) and a classification accuracy of 92.14% (95% CI,
90.48%-93.78%) in the primary cohort. In the validation cohort, the
multiparametric radiomic signature yielded an AUC of 0.8720 (95% CI,
0.8440-0.9007) and a classification accuracy of 72.85% (95% CI,
70.24%-75.60%). Barplots depicting the differentiation performance of
the multiparametric radiomic signature in the primary and validation
cohorts are shown in Supplementary Fig. 1. The multiparametric
radiomic signature had a sensitivity of 91.89% (95% CI,
88.66%-95.20%) in the primary cohort and 89.47% (95% CI,
85.74%-93.11%) in the validation cohort, and the specificity was
92.23% (95% CI, 90.26%-94.14%) and 66.67% (95% CI,
63.41%-70.06%) in the primary and validation cohorts, respectively.
The distribution of multiparametric signatures of the patients is shown
in Fig. 3, which showed a significant difference between chordoma and
chondrosarcoma (p < 0.001 in both cohorts) (Fig. 4).

The AUC, accuracy, sensitivity, specificity, and detailed perfor-
mance comparison data for the radiomic signatures are shown in
Table 2. The results indicate that the discriminating performance of the
multiparametric radiomic signature was better than that of the three
single-sequence MRI radiomic signatures. The differences between the
ROC curves of the multiparametric and single-sequence signatures were
compared using a Delong test, and the resulting p-value was used as the
quantitative index [28]. There was a significant difference between the
multiparametric signature and each of the three single-sequence sig-
natures in the primary cohort (p < 0.002). Furthermore, in the vali-
dation cohort, a significant difference was seen between the multi-
parametric and CET1 signatures (p = 0.016), and between the
multiparametric and T1WI signatures (p < 0.001).
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4. Discussion

We demonstrated the value of a preoperative multiparametric MRI-
based radiomics method to differentiate skull base chordoma from
chondrosarcoma. The proposed multiparametric signature showed ex-
cellent performance in both the primary and separate validation cohorts
compared with signatures based on a single MRI sequence. We believe
that such a multiparametric radiomics technique can enable clinicians
to discriminate these two skull base tumors in the preoperative setting
and thus plan an appropriate surgical strategy.

In this study, the radiomic signatures from each single MRI se-
quence provided variable discriminative abilities. The overfitting T1WI
signature was not a credible predictor although the AUC was 0.75 in the
primary cohort, it was only 0.55 in the validation cohort. Even so, there
were still four features selected from the TIWI sequence to construct
the multiparametric signature, which suggests that TIWI does assist in
strengthening the multiparametric signature. Both the T2WI and CET1
signatures were good predictors, with a respective AUC of 0.73 and
0.82 in the validation cohort. We believe that T2WI and CET1 may
contain more useful information in differentiating skull base chordoma
from chondrosarcoma compared to TIWI. Similarly, previous studies
have also demonstrated that T2WI and CET1 were of outstanding value
in the prognosis and grading of chordoma [29,30]. We hypothesized
that a radiomics method could differentiate these two tumors, which on
standard imaging exhibit both a high T2-weighted signal and hetero-
geneous contrast enhancement on CET1, and our results show that such
a radiomics approach was feasible and successful.

Previous studies have stated that the ADC value of DWI could dif-
ferentiate skull base chordoma and chondrosarcoma [12,15]. However,
these studies excluded from analysis areas of tumor-related hemor-
rhage, necrosis, and cyst formation. Furthermore, owing to the limited
number of patients and the lack of a separate validation dataset, the two
studies could not provide a unified proposed cutoff for the ADC value.
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Table 2
Comparison of diagnosis performance between multi-parametric radiomic signature and single sequence radiomic signatures in primary and validation cohorts.
Comparisons Cohorts Multi-parametric CET1 T1WI T2WI
AUC PCS 0.9745 0.8675 0.7484 0.8470
(0.9668,0.9822) (0.8437,0.8913) (0.7155,0.7832) (0.8200,0.8739)
VCs 0.8720 0.7317 0.5470 0.8235
(0.8434,0.9007) (0.6945,0.7694) (0.5109,0.5829) (0.7953,0.8524)
Sensitivity PCS 91.89 86.49 54.05 81.08
(%) (88.66,95.20) (82.30,90.49) (48.15,60.25) (76.34,85.88)
VCs 89.47 52.63 0.00 89.47
(85.74,93.02) (46.79,58.57) (0.00,0.00) (86.05,93.14)
Specificity PCS 92.23 73.79 77.67 68.93
(%) (90.26,94.14) (70.60.77.03) (74.75,80.74) (65.57,72.29)
VCSs 66.67 70.59 98.04 47.06
(63.41,70.06) (67.42,73.84) (96.98,99.05) (43.25,50.71)
Accuracy PCS 92.14 77.14 71.42 72.14
(%) (90.48,93.78) (74.54,79.75) (68.80,74.25) (69.28,75.02)
VCS 72.85 65.71 71.42 58.57
(70.24,75.60) (62.82,68.70) (68.48,74.21) (55.46,61.67)
P PCS 0.002 0.001 0.001
VCSs 0.016 0.001 0.300

Abbreviations: PCS Primary Cohort Signature; VCS Validation Cohort Signature; AUC area under receiver-operating characteristic curve; TIWI T1-weighted MRI

sequence. T2WI T2-weighted MRI sequence. CET1 =

contrast enhancement T1WI sequence.

Note: P-value refers to the significance among the difference of the AUCs between the multi-parametric radiomic signature and the other single sequence signature by

Delong test.
(95% confidence interval).

In this study, we performed three-dimensional tumor segmentation in
each single MRI sequence throughout the entire tumor without any
form of pre-processing so as to exclude areas of hemorrhage, necrosis,
or cyst formation. Using radiomics, the ROI assessment encompasses
multiple areas of the tumor and thus provides more comprehensive
information about the tumor [31-33].

Our final results showed that all of the selected features belong to
different Coiflet wavelet filtered images, which are high-dimensional
image features that have a wide range of applications in radiomics
[34,35]. These radiomic features are difficult to decipher with the
human eye and show improved differentiation between tumor types.
Further details about Coiflet wavelets are shown in Supplementary
Appendix S2. Previous studies have shown that chordoma and chon-
drosarcoma are difficult to differentiate using conventional imaging
features on MRI [14,36]. In our study, we found that the high-dimen-
sional wavelet features exhibited a high value in differentiating these
tumors. The 11 selected features included five first-order gray-level
intensity histogram statistics and six gray-level texture features. These
two classes of features have been used in analysis of both computed
tomography and MRI images to differentiate a variety of different tu-
mors [23,37]. The most significant feature was “glem entropy” of the
Coif4 wavelet in the CET1 imaging sequence, which measured the
distribution of each pixel intensity inside the tumor. Skull base chon-
drosarcoma showed a higher value in this feature than did skull base
chordoma, indicating more uncertainty or complexity of pixel intensity
inside the chondrosarcoma ROI. These results indicate that CET1 after
Coif4 wavelet transformation showed more complicated tissue dis-
tribution of skull base chondrosarcoma compared to chordoma, and this
signal is useful in differentiating these two tumors.

Our results show that the discriminant performance of the predic-
tion models on primary cohort is better than that of the validation
cohort. This may be caused by the following reasons: 1) Data in the
primary cohort are seen by the model during the model training pro-
cess, however, data in the validation cohort are unknown to the model.
Consequently, performance of the model probably drops in the vali-
dation cohort. 2) To simulate the prediction process in practice, we
used patients diagnosed at earlier time to train the model and used
patients diagnosed at latter time to evaluate the model. However, due
to the relatively long study period (from 2005 to 2016), patients in the
primary cohort and the validation cohort may have some differences,
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which may cause the performance differences between the two cohorts.
This phenomenon is observed in similar studies [38,39]. In this study,
we used feature selection method to solve this problem. In the future
study, we will collect a larger cohort and improve the radiomics method
to train a more robust model.

Our study also has multiple limitations. First, we used a retro-
spective MRI dataset. The number of patients with chondrosarcoma was
small relative to the overall size of the cohort. Additionally, the entire
cohort in our study was from a single hospital. In our experimental
results, there are some differences in the discriminant performance of
the primary and validation cohorts. Patients with metastatic tumors
were not included in the current study, and only primary chordoma and
chondrosarcoma of the skull base were differentiated.

5. Conclusions

Our study demonstrates that a novel radiomic signature based on
preoperative multiparametric MRI can differentiate skull base chor-
doma and chondrosarcoma accurately and robustly. This multi-
parametric radiomic signature could be used as a valuable clinical tool
to assist clinicians in differentiating a patient’s tumor type before sur-
gery and thus develop an individualized treatment plan.
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